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Spatial Modelling of Catchment Dynamics

Rodger Grayson and Günter Blöschl

3.1 INTRODUCTION

In the previous chapter, we addressed the issues associated with data and sam-

pling of physical phenomena as well as methods for the interpolation of spatial

patterns. We believe that these spatial observations are vital to improving our

understanding of catchment hydrological response. But measured patterns (or

patterns interpolated from measurements) are of limited use without a frame-

work within which they can be exploited. We need to use the patterns in a way

that lets us test hypotheses. Mathematical modelling provides a powerful tool for

this purpose. This modelling can take many forms, the most relevant to the topic

of this book being spatially explicit models of catchment surface and subsurface

response. These models are used for a range of purposes from tools for testing

hypotheses about the behaviour of natural systems and putting data from

research catchments into a consistent framework (the chapters in this book are

examples), to practical applications such as erosion and transport modelling and

simulation of the effect of land use change – in fact anything influenced by

hydrological response.

This chapter is about the basic structure of, and approaches to process repre-

sentation in, spatial models. We introduce the concepts of model calibration and

testing, focussing on the way in which spatial patterns can be used to inform

model development and reduce model uncertainty. Finally we look at approaches

to the evaluation of spatial predictions from spatially explicit models.

3.2 SPATIAL MODELLING CONCEPTS

As scientists and engineers, our interest in the hydrological response of catch-

ments ranges from basic understanding of processes to prediction under changed

conditions. We use models for each purpose – to see how well we can simulate

measured responses (i.e. to test how well our conceptual understanding and its

manifestation via the model reproduces ‘‘reality’’); and to predict what might
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happen in the future. These models combine our understanding of the natural

system with observations of the system.

The observations we make are, and will always be, just peep-holes into the

complexity of the natural system. Even if we were able to measure every aspect of

the water and energy cycles that occur in a catchment, we would still have a

picture only of what is happening now under present conditions and could not

determine what would occur under changed conditions without some sort of

extrapolation. In order to make sense of our ‘‘peep-hole’’ measurements, or to

extrapolate beyond what we have actually observed, we need to make use of our

basic understanding of physical systems and a convenient way to do that is with

models.

Every model is a simplified representation of some part of reality. The art of

the modeller is to determine, for the ‘‘part of reality’’ in which he or she is

interested, what are the key processes that dominate the response at the scale

of interest. These processes may be represented in detail, while others may either

be ignored or represented simply. This step is usually called ‘‘conceptualisation’’

and represents the modeller’s hypothesis about the way nature works in the

context of the modelling problem. The resulting model is a mathematical expres-

sion of this hypothesis and is in a form that can be tested.

Figure 3.1 shows a photograph of a soil cross-section in which lateral subsur-

face flow is occurring, and a typical conceptualisation of this process. This con-

ceptualisation can be turned into a mathematical model via the application of

equations for flow through porous media, such as are described later in the

chapter. The model does not show all the intricate detail of the real world.

Indeed, the reality and the model are very different. The art of the modeller is

to know just how these differences might affect the modelling results, and

whether a different sort of model might be more appropriate.

In principle, anything can be modelled. The question is ‘‘how well does the

model represent reality?’’, and we cannot answer that without knowing what is

the ‘‘reality’’. In this regard, model building shares the ‘‘chicken and egg’’ pro-

blem referred to in Chapter 2; i.e. in order to build (or choose) an appropriate

model, we need to understand a lot about the processes that are important, yet

often these cannot be identified until we have tried some modelling. This situa-

tion is shown schematically in Figure 3.2 where we have also linked in sampling.

In an ideal world, we begin with some process understanding, do some sampling

to improve that understanding, then, when we have enough understanding to be

able to attempt a conceptualisation, we build a model. Hopefully this model helps

us understand the processes a little more and, perhaps with the help of some more

sampling, we iteratively refine our modelling and understanding. In the ‘‘real

world’’, this loop cannot go on forever and when it is broken, all of the remaining

inconsistencies between reality and the model have to be accepted and somehow

dealt with by the modeller. As with the sampling and interpolation issues

described in Chapter 2, knowing when to ‘‘break the loop’’ and how to deal

with the remaining inconsistencies between reality and the model can only be

done effectively with a sound appreciation of the dominant physical processes. In
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modelling catchment hydrological response, this implies that we need a sound

understanding of all components of the hydrological cycle and have mathema-

tical descriptions for each – a daunting task indeed. Models are usually built to

focus on particular ranges of time and space scales and this helps us to make the

task somewhat more tractable. For example, models designed to simulate storm

runoff from particular rainfall events may safely ignore evaporation, or long-

term models of water yield may be able to ignore the detailed dynamics of surface

water flow.
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Figure 3.1. (a) Photograph of subsurface flow in the Löhnersbach catchment, Austria (courtesy of

Robert Kirnbauer and Peter Haas) showing exfiltration of saturated flow over an impermeable

layer; (b) a typical conceptualisation of the process shown in (a) used in distributed catchment

models.
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Basic approaches to modelling
The modelling literature is replete with different ways of classifying models.

Refsgaard (1996) presents an excellent description of model types and definitions

relevant to modelling. Singh (1995) discusses classifications in terms of how pro-

cesses are represented, the time and space scales that are used and what methods

of solution to equations are used. Here we focus on three basic features, useful for

distinguishing approaches to modelling in catchment hydrology – these are (i) the

nature of the basic algorithms (empirical, conceptual or process-based), (ii)

whether a stochastic or deterministic approach is taken to input or parameter

specification, and (iii) whether the spatial representation is lumped or distributed.

The first question is whether the model makes any attempt to conceptualise the

basic processes or simply operates as a calibrated relationship between inputs and

outputs. Empirical, regression or ‘‘black-box’’ models are based on input–output

relationships without any attempt to describe the behaviour caused by individual

processes. An example is runoff ¼ a � ðrainfallÞb, where we derive a and b via a

regression between measured rainfall and runoff. The next step up in complexity

would be conceptual–empirical models wherein the basic processes such as inter-

ception, infiltration, evaporation, surface and subsurface runoff etc. are separated

to some extent, but the algorithms that are used to describe the processes are

essentially calibrated input–output relationships, formulated to mimic the func-

tional behaviour of the process in question. The classical example is the

STANFORD watershed model (Crawford and Linsley, 1966), and derivatives

of this modelling genre are still in use all over the world. As the quest for deeper

understanding of hydrological processes has progressed, models based as much as

possible on the fundamental physics and governing equations of water flow over

and through soil and vegetation have been developed. These are often called

physically-based models and they are intended to minimise the need for calibra-

tion (i.e. model parameter optimisation) by using relationships in which the para-

meters are, in principle, measurable physical quantities. In practice, these

parameters can be difficult to determine so these models are best thought of as

complex conceptual models (Beven, 1989).

Another basic distinction between models is whether stochastic or determi-

nistic representations and inputs are to be used. Most models are deterministic

process understanding 

sampling 

modelling

Figure 3.2. Schematic diagram of the iterative

process of using understanding along with data

to develop models which improve our under-

standing and so on.
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– i.e. a single set of input values and parameters is used to generate a single

set of output. The term ‘stochastic’ in the hydrological literature tends to be

used synonymously with ‘statistical’, and implies some random component in

the model. In stochastic models, some or all of the inputs and parameters are

represented by statistical distributions, rather than single values. There is then

a range of output sets, each derived from different combinations of the inputs

and parameters and each of them associated with a certain probability of

occurrence. It is also possible to have stochastic representations for some

model components so that a given set of inputs can yield a range of output

responses. The stochastic approaches are often used in model sensitivity and

uncertainty analyses (see Section 3.4 and Chapter 11). Their advantage is that

they provide a conceptually simple framework for representing heterogeneity

when the explicit spatial or temporal detail is either not known (although at

least the relevant statistical properties need to be known) or is not important

(Jensen and Mantoglou, 1993).

Irrespective of these approaches to process conceptualisation, if we are con-

cerned with spatial patterns in landscapes, our models must represent these pro-

cesses in a spatially explicit manner. This is done by dividing the area to be

modelled into elements, within which the processes are represented. The nature

of these elements is discussed in the following section. The resulting models are

termed distributed models to distinguish them from lumped models that are not

spatially explicit – i.e. which treat catchments as a single unit and so average the

effects of variability of processes in space. These notions of lumped or distributed

do not indicate anything particular about the methods used for representing

individual processes, but simply indicate the approach to spatial representation.

In the next section we discuss details of spatial model structure and in reading

these details, it is useful to keep in mind the following ideas. Models of catchment

hydrology must represent complex systems made up of interactions between

many components, most of which vary in space and time. There is little point

in representing one component in great detail while greatly simplifying another

on which it depends. For example, soil erosion or water quality models may

contain great detail in the representation of soil detachment or chemical decay

of pollutants in transport, but if the basic runoff model that drives the hydrology

is simplistic and inaccurate, the benefits of the model detail cannot be realised.

Modellers need to balance the complexity of model components, recognising that

the model accuracy will be limited by the weakest important component – be it

process representation, spatial detail or difficulty in getting the data needed to

determine parameters or to test the model. There will also be practical limitations

imposed by things such as software availability and budgets. Although there is no

single answer to ‘‘what is the right model?’’ this chapter seeks to give guidance on

this issue. As shown in Figure 3.2, modelling is an iterative process and the point

at which we ‘‘break the loop’’ and actually use a model in a practical application

is dependent on factors that will be different for every modelling application. The

following section is a discussion of key aspects of spatial model structure that will

help a modeller decide when to ‘‘break the loop’’ and the consequences of

doing so.



3.3 SPATIAL MODEL STRUCTURE

This section presents some generic features of spatial hydrological models and

the pros and cons of the fundamental choices that a modeller makes when either

choosing (or building) a model for a particular application. It is not intended to

be a review of the myriad of models presented in the literature. Readers are

directed to books such as Singh (1995) or Abbott and Refsgaard (1996) for

collected summaries of models.

3.3.1 Spatial Discretisation

The fundamental building block of a spatial model is the model element. This

is the minimum unit within which we can explicitly represent spatial heterogene-

ity and so defines the scale to which we must interpolate input data and represent

the fundamental processes, as well as setting a minimum scale at which model

testing can occur.

In hydrology, the significance of topography (the fact that water generally

flows down hill!), and the relatively widespread availability of digital terrain data,

have meant that the choice of model element size and type is often dictated by the

way in which (and the scale at which) we represent topography. Topographic

representation does not have to define the way model elements are structured but

it commonly does so.

Terrain can be represented digitally in three basic ways (Moore et al., 1991) –

gridded elevation data, contour data giving x, y coordinates of points of equal

elevations, and irregularly spaced x, y, z data. These three forms of elevation

information translate to the four basic constructions for models of spatial hydro-

logical response (Figure 3.3).

By far the most common form of model construction is based on rectangular

(usually square) elements (e.g. Abbott et al., 1986; Wigmosta et al., 1994; also

Chapters 6, 7, 12 and 13). A small number of models use contour data to con-

struct a mesh of elements bounded by adjacent contours (equipotentials) and

orthogonal trajectories (streamlines). The best known examples are TOPOG

(Vertessy et al., 1993; Chapter 10) and Thales (Grayson et al., 1995; Chapter

9). Triangulated Irregular Network (TIN) based hydrological models develop a

flow mesh from the triangular facets derived by joining adjacent data points (e.g.

Palacios-Vélez et al., 1998). There are also some models that are not based

directly on digital elevation data but rather use a subjective discretisation of a

catchment. A well known example is the KINEROS model of Smith et al. (1995)

who define rectangular elements that preserve the key features of average sub-

catchment slope, flow path length and area (Chapter 6, Figure 3.3).

Each approach has its advantages and disadvantages as summarised in

Table 3.1. As noted in the Table, it is not a trivial exercise to route flow

through gridded elements. A multitude of approaches exist in the literature

from the simple D8 algorithm (O’Callaghan and Mark, 1984) which sends all

the water to the downslope neighbouring element that has the greatest elevation
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drop, to multiple flow direction algorithms (e.g. Quinn et al., 1991) and more

sophisticated approaches that approximate the flow tubes of contour based

models (Costa-Cabral and Burges, 1994; Tarboton, 1997). While the more

sophisticated approaches are more realistic than D8, the value of using them

depends on the quality of the original DEM (see Chapter 2, p. 39). Poor quality

DEMs are not magically improved by using more sophisticated terrain analysis

algorithms. Similarly, models that are rudimentary with respect to the way they
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Figure 3.3. Schematic diagram of the element geometry of the four process-oriented rainfall runoff

models. The contour based model (bottom right hand corner) shows the topography of the R5

catchment in Oklahoma (contour interval is 0.6m).



use terrain information may not benefit from better terrain analyses. These

more sophisticated methods, however, are more realistic and will not make

such problems worse, so are to be recommended. Contour/streamline

approaches have less ambiguity with the way in which terrain analyses are

applied. The flow direction is defined by the ‘‘flow mesh’’ and one-dimensional

flow is assumed in each flowtube. The problem is that some level of diffusion

across the streamline is likely in nature but cannot be easily represented.

Diffusion is due to surface roughness effects causing flow across the main
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Table 3.1. Approaches to explicit terrain representation

Approach Advantages Disadvantages

Gridded elements DEMs often available as

grids

Flow directions not

straightforward to define (see

Computationally simple to set text)

up dynamic models Uniform density of points

Many models available for means inefficiently large

use number of elements if detail

Simple to overlay other spatial

information

is to be maintained in key areas

of the terrain

Contours and

streamlines

More naturally suited to the

routing of surface flow

Setting up of flow mesh

requires specialised

Able to assume 1-D flow in

each element

software – software must

also be designed to avoid the

inefficiency of large elements in

gullies and small elements

in divergent areas

Does not allow flow to cross

streamlines (see text)

Few models are designed for

this structure

TIN facets Most efficient form of surface Flow routing is not trivial

definition – least number Data are not common (except

of elements for most terrain direct from field survey)

detail Few models are designed for

this structure

Conceptual elements Based on the assumption that Discretisation generally done

of hillslopes and it is only those features manually

stream segments preserved in the conceptual Uncertainty about the validity

elements (e.g. average slope, of the main assumption in

flow path length, area) that some applications

are really important to Few models are designed for

model response this structure

Able to assume 1-D flow in

each element

Lead to a small number of

elements - faster model

running times



slope and because the discrete nature of the elements causes significant differ-

ences in flow depths between adjacent elements, particularly in convergent

areas. This is illustrated in Figure 3.4 which shows a contour based discretisa-

tion of a micro-catchment (Figure 3.4a) used by Moore and Grayson (1991),

along with simulated and observed patterns of saturation (Figure 3.4b), and the

depth of saturated flow simulated in a number of elements across the valley

(Figure 3.4c). In reality, the differences in flow depth of the elements across the

valley were smoothed out due to lateral gradients in flow depths. While this

problem is well recognised in contour/streamline approaches, it has not been

overcome in the existing models. TINs are very efficient methods for represent-

ing terrain because the density of points can be varied to suit the complexity of

the surface, being dense where elevation is changing rapidly and sparse in

flatter areas. The problem with TINs for distributed modelling is that flow

paths are difficult to represent. Usually flow is represented as a network of

channels defined by the edges of the facets being ‘‘fed’’ by the area of each

facet. The subjective discretisation of a catchment into conceptual rectangular

elements used in KINEROS is a simple approach that results in many fewer

elements than is common in the previous methods. Goodrich (1990) showed

that the simple representations are a sound basis for hydrological modelling

and it is perhaps surprising that this method has not been more widely used.

The four methods of terrain discretisation described above are spatially expli-

cit methods as they directly define the terrain as it appears in reality. Distribution

modelling is a fundamentally different way of defining model elements.

TOPMODEL (e.g. Beven and Kirkby, 1979; Chapter 11) is the best known

distribution model but others exist such as RHESSys (Band et al., 1993) and

Macaque (Watson et al., 1998). In this conceptual approach, it is assumed that

particular parts of a hillslope will behave identically, from a hydrological point of

view, if they have the same value of a carefully defined parameter – in the case of

TOPMODEL, the wetness index of Beven and Kirkby (1979), lnða= tan�) where
a is the upslope area and � is the slope. The index is computed across the hillslope
(via analysis of a DEM for example) and the distribution of the index is then

discretised into intervals. The hydrological response of each interval is simulated

and then combined to give the response of the hillslope. Here the ‘‘model ele-

ments’’ are not contiguous parts of the landscape, but conceptual locations on a

hillslope. In their original forms, these models were not intended to be spatially

explicit. Indeed the whole idea of distribution models was to overcome the com-

putational burden of spatial representation. Nevertheless, it is possible for the

simulated response to be ‘‘mapped’’ back onto the landscape via the pattern of,

say, wetness index values (Quinn and Beven, 1993; Quinn et al., 1995). This gives

the impression of a spatially explicit model output, although the patterns are a

direct function of the underlying index. While TOPMODEL is the best known

model of this type, the distribution function approach can be used with any index

and is, for example, widely applied in snow modelling, where terrain elevation is

used as the index.
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Figure 3.4. (a) Topography and element network of a sandbed micro-catchment simulated using

Thales; (b) observed (lines) and simulated (stippled) saturated areas; (c) predicted flow depths and

surface elevation of elements in section B�B 0 marked in (b). (From Moore and Grayson, 1991;

reproduced with permission.)

(a)

(b)

(c)



Another suite of models base their representation of spatial response on the

concept of a ‘‘hydrological response unit’’ (HRU) (e.g. Leavesley and Stannard,

1995). It is assumed that a catchment can be subdivided into elements (HRUs)

which are a particular combination of elevation, land cover, slope, aspect, soils

and precipitation distribution. Each HRU is treated as a model element. These

approaches arise from the use of lumped conceptual models and provide a

mechanism for improving the representation of spatial heterogeneity in such

models. The extent of spatial linking between HRUs depends on the time steps

used in the models. For example, PRMS (Leavesley and Stannard, 1995) can be

run in a daily mode (where outputs from each HRU are simply summed to give

overall response) or a ‘‘storm mode’’ where HRUs are conceptualised as flow

planes emptying into a channel network down which flow is routed. Models using

the HRU structure provide spatial patterns of catchment response but the result-

ing patterns are heavily influenced by the original choice of HRUs and it is

common to have relatively few HRUs compared to the number of elements in

a terrain-based element discretisation.

In general, models based on elements defined by the terrain are more flexible

in their representation of spatial patterns because they tend to have many more

elements than HRU-style representations and are not constrained by the form of

a distribution function.

3.3.2 Element Size

The element size (or model discretisation) in grid-based catchment models is

often set to the resolution of the DEM that is available. As discussed in Chapter

2, DEMs are almost always interpolated from topographic maps or spot surveys

and are therefore associated with a range of potential interpolation problems.

These will carry through to the catchment model. It is common for ‘‘interpola-

tion artefacts’’ such as flats and pits to occur and it is necessary to carefully assess

the credibility of a derived DEM (Quinn and Anthony, in review) and remove

these artefacts based on a subjective interpretation of the landscape and addi-

tional information (e.g. Rieger, 1998). Also, the choice of element size sets a limit

to the level of terrain (and other) detail that can be explicitly represented in the

model.

If terrain detail at a scale finer than the element size is important to the

hydrological response of the system, this needs to be accounted for by the

approaches discussed in Section 3.3.4. A common example of this problem is

the presence of an incised stream or terrace on a flood plain. The details of the

feature and the terrain immediately around it are likely to be very important, yet

are unlikely to be properly represented. Furthermore, many of the characteristics

derived from DEMs such as slope and wetness index vary with the scale of the

DEM, and so parameters in the models that utilise these characteristics become

scale dependent (e.g. Wolock and Price, 1994; Zhang and Montgomery, 1994;

Band and Moore, 1995; Quinn et al., 1995; Gyasi-Agyei et al., 1995; Bruneau et
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al., 1995; Saulnier et al., 1997c). If we could define a particular length scale that

represented the natural small-scale variability of various catchment properties,

we could define an ideal scale for DEMs, but this is not possible so we must

accept the fact of model dependence on DEM resolution. This has important

implications for model calibration and validation, as model parameter values are

likely to change with the size of the elements.

In 1988, Wood et al. introduced the notion of the Representative Elementary

Area (REA), at least in part as a framework for thinking about what are appro-

priate element sizes for distributed models. They considered the REA to be an

area beyond which explicit representation of spatial variability was needed but

within which relatively simple, and spatially non-explicit approaches could be

used. In other words, the idea was to select model elements that are sufficiently

large to average out all the small-scale variability and the element size where this

occurs was the REA. Wood et al. (1988) have been interpreted as implying that

the REA may have a universal value. While the concept of a universal REA is

enticing, it is clear that the ideal size for a model element will be entirely depen-

dent on the processes being represented and the nature of the climate, terrain and

vegetation where the model is being applied (Blöschl et al., 1995; Woods et al.,

1995; Fan and Bras, 1995). Blöschl et al. (1995) illustrate the lack of a universal

size for the REA, via simulations with different dominant sources and scales of

variability in precipitation, soil and surface properties. The concept of the REA

is, however, important and highlights a critical issue – that variability can be

explicitly represented only at scales larger than the element size, while variability

at the sub-element scale must be represented in a lumped way – the total varia-

bility being the sum of the explicit and the sub-element variability.

The choice of resolution in spatial models therefore determines what varia-

bility can be explicitly represented (i.e. representing differences from element to

element) and what must be represented implicitly (i.e. within an element – see

Section 3.3.4). This will depend on:

(i) the scale and nature of variability of the dominant processes,

(ii) the structure of the model itself (in terms of how explicit and implicit

variability are represented),

(iii) what information is available to characterise the processes and variabil-

ity,

(iv) the purpose for which the model is being developed, and

(v) in addition there may be computational considerations.

To satisfy (i) we need to match the model element size to the scale of variability of

the dominant processes. Recall from Chapter 2 that scale incompatibilities can

occur when the model spacing, extent or support does not match that of the

process scale variability. Ideally we would choose an element size that captures

the variability of the main processes we are wanting to model, but this is not

always straightforward. In the time domain there are obvious considerations for

the choice of model resolution. For example, a resolution of less than six hours is

needed to properly resolve the diurnal energy cycle, but in the space domain often
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the choice is not so obvious as the ‘‘best’’ scale is likely to be either unknown, or

will be quite different for equally important processes. In some cases, a process is

so dominant that this choice is made easier. In Chapter 7, wind drift was such a

dominant process controlling snow depth that so long as this was represented

well, other processes could be ignored – the model discretisation only had to

match the needs of the snow drift representation. In most practical applications,

however, the choice of model element size will be a compromise and will depend

on the considerations discussed below.

The way in which we conceptualise the processes in a model also affects what

might be the ‘‘ideal’’ element size, and it is important to recognise that ‘‘finer’’ is

not necessarily ‘‘better’’. Watson et al. (1998), for example, showed that, despite

the obviously more realistic terrain representation of high-resolution DEM data,

simulations of runoff using a distribution function model were no better than

with a coarser scale DEM. This was because the basic structure of the model

could not make use of the additional terrain information in the detailed data.

This highlights the general point in (ii) that there will be interaction between the

structure of a model and the ideal size for a model element. The choice of element

size also depends on how much information is available on the variability that is

known (or assumed) to be present. We may have a model that can have very

small elements and, in principle, can represent great spatial detail, but if we do

not have the data to define the spatial variability of the model parameters, there

is unlikely to be value in using very small elements. Just as with the earlier

discussion related to Figure 3.2 and the broader modelling endeavour, we

could keep iterating for ever trying to define the ‘‘perfect’’ element size but

ultimately it is a pragmatic decision, specific to a particular problem. In parti-

cular, when distributed catchment models are used for predictions in practical

applications there may be a need for an output at a particular resolution. The

challenge then is to deal with the inconsistencies between the model and reality

imposed by that pragmatic choice. This is discussed further in Section 3.3.5.

It is likely that in the near future, GIS and computer technology will substan-

tially relax constraints imposed by computer run times, although it is clear, as

mentioned above, that improved computational resources will not make models

any more accurate representations of reality. But interesting new possibilities are

likely to arise, such as the use of nested models that have large elements in some

areas and small elements where detail is needed (something already done in fluid

dynamics). This may help overcome some of the problems identified here by

enabling areas requiring detailed simulations to be separated from those less

hydrologically active. The problem then will be to reconcile the way in which

processes are represented and parameters are determined at the different scales.

3.3.3 Linking Elements – Explicit Representation of Spatial Variability

The approaches to spatial discretisation provide a way of representing surface

topography in a computationally manageable form, but once we want to start
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routing flow, we must consider not only the (static) surface but also the dynamics

of water flow on the surface and in the subsurface. While full 3-D hydrological

models have been developed (e.g. Binley et al., 1989), their computational bur-

den, numerical instability and the fact that the level of information needed to run

them is rarely available, mean that they are not suitable for most modelling

applications. The vast majority of spatial hydrological models can be conceptua-

lised to have two primary flux directions, vertical and lateral, each of which can

be represented with varying degrees of complexity. The vertical fluxes are pre-

cipitation, evapotranspiration and infiltration into the soil, while the lateral fluxes

are the residual of the vertical fluxes and are generally separated into surface and

subsurface flow. A fundamental choice for the modeller is the extent to which

these fluxes are explicitly routed. The modeller must balance the complexity of

representation of each of these fluxes with the purpose to which the model will be

put. At one extreme is the case of land surface schemes in General Circulation

Models (GCMs) that generally contain a great deal of detail in the controls on

vertical fluxes, yet provide little or no lateral linking. This is because their pri-

mary purpose is to ‘‘feed’’ the atmosphere with the appropriate amounts of

energy and water with little interest in lateral components. In contrast, catchment

hydrological response is all about the lateral components.

Laterally, both surface and subsurface flow must be routed in some way, but

the timescale of these processes is very different. Surface flow velocities will be of

the order of 0.1 to 1 m s�1 while subsurface flow velocities (unless soil pipes or

large macro pores are present) are likely to be 1� 10�5 to 1� 10�8 m s�1 (or even

slower). Obviously the choice of routing method will depend on the timestep and

overall timescale of the modelling.

For models designed to simulate storm event response, the timestep is small

(of the order of minutes) and it is necessary to dynamically route surface flow

(e.g. Chapter 10 and Chapter 6). Both overland flow and channel flow are often

represented by the continuity equation (3.1); the kinematic approximation to the

momentum equation (3.2); and Manning’s equation (3.3) for the roughness term:

@QðAÞ

@s
þ
@A

@t
¼ qðtÞ ð3:1Þ

S0 ¼ Sf ð3:2Þ

Q ¼ S1=2f � n�1 � R2=3 � A ð3:3Þ

where Q is the discharge, A is the cross-sectional area of flow, s is the distance in

downslope direction, t is time, q is the lateral inflow (or outflow) rate per unit

length, S0 is the surface slope, Sf is the friction slope, n is Manning’s roughness

and R is the hydraulic radius. These are standard equations for which many

solution schemes have been presented (e.g. Moore and Foster, 1990). The

approach to spatial discretisation becomes important to the question of surface

flow routing because modelled flow path lengths vary depending on the different

types of terrain representation. The distributions of surface flow path lengths

from a contour based, and grid based (using the D8 algorithm) terrain represen-
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tation are shown schematically in Figure 3.5. The contour based representation

results in shorter path lengths than the grid-based approach where, particularly

with the D8 algorithm, zig-zag flow paths are defined. The differences in flow

path lengths will directly translate into differences in the hydrograph shape. In

practice, the flow resistance parameter n can be used to compensate for these

differences in model structure – i.e. to get the same runoff response from each

model, one would need lower n values in the grid-based terrain representation.

This is a clear example of how the choice of model structure interacts with the

parameter values.

In distributed models where the interest is on the seasonal water balance

rather than on the shape of the runoff hydrograph and the detailed within-

event processes, significantly larger time steps are used. If the model timestep

is large relative to the expected flow times for surface runoff, simple mass

accounting can be used without regard for dynamic routing. Daily models of

small catchment runoff are an example where this approach may be perfectly

adequate. This approach is used in Chapters 6, 9 and 11.

For subsurface flow, however, the response can be so slow that some sort of

explicit routing is needed. It is usual to assume that lateral flow occurs only under

saturated conditions – i.e. virtually all spatial hydrological models used at the

catchment scale ignore unsaturated lateral flow. Saturated flow is commonly

modelled by combining the continuity equation (3.1) with Darcy’s law:

Qs ¼ As � S0 � Ksat ð3:4Þ

Where Qs is the subsurface discharge, As is the cross-sectional area of subsurface

flow, S0 is the slope of the impermeable layer which is often set to the surface

slope, and Ksat is the saturated hydraulic conductivity. Note that (3.4) also makes

the kinematic assumption as the gradient of the head potential has been replaced

by S0. Some models (e.g. Thales, Chapter 9 and TOPOG, Chapter 10) route sub-

surface flow along with surface flow using the same flow mesh. They therefore

assume an impermeable layer that is parallel to the surface topography and over

which lateral flow occurs. Where there is interaction with local groundwater

systems, a more appropriate modelling approach is to use the downward ‘‘out-

flow’’ from the vertical flux balance to feed a saturated groundwater model. This

approach is used in MIKE SHE (Chapter 13) which also uses the same element
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grid for the surface and subsurface components, although other combinations are

possible (Chapter 12).

Spatial linking in distribution models is a different proposition again. In

TOPMODEL and its variants (Chapter 11), it is usual to use large timesteps

that allow for simple mass accumulation of surface flow, but the lateral linking

of subsurface flow is more difficult to conceptualise. As discussed earlier, these

models treat the ‘‘elements’’ as parts of the hillslope that have equivalent values

of, for example, a wetness index. These ‘‘elements’’ are not contiguous in space so

there can be no explicit routing of flow down a hillslope, as would be used in fully

distributed models. Subsurface flow is instead simulated in two different ways –

one for determining baseflow from a hillslope and the other for determining the

change in soil moisture storage for any hillslope interval. For each timestep, the

downward residual flux for each interval is added together to give a total input to

a conceptual store. In TOPMODEL, baseflow is then simulated as a function of

the store and the remaining water is redistributed across the hillslope according

to the wetness index distribution. This redistribution can be conceptualised as an

‘‘infinite lateral conductivity’’ whereby any differential recharge (in different

intervals or ‘‘elements’’) is immediately redistributed across the whole hillslope

every timestep. This imposes a large amount of spatial structure on results from

models such as TOPMODEL and may constrain their ability to represent spatial

patterns of water tables and soil moisture because the shape of the spatial pattern

is always directly linked to the wetness index pattern. Woods et al. (1997) and

Barling et al. (1994) introduce a dynamic nature to the standard wetness index

pattern but these ideas have yet to be incorporated into a distribution function

based hydrological model. A step towards this idea has been made by Watson et

al. (1998) who addressed the problem of representing lateral subsurface flow in

distribution function models in a different way. They consider that, at the other

extreme to the ‘‘infinite lateral conductivity’’ concept, there is a ‘‘zero lateral

conductivity’’ analogy, whereby any differential recharge is maintained within

the particular interval (‘‘element’’) and not redistributed at all. Under this con-

dition, the intervals can be thought of as a series of disconnected ‘‘buckets’’.

Watson et al. (1998) introduced a ‘‘redistribution factor’’ which adjusted the

level of redistribution between these two extremes. In testing on a catchment

in south east Australia, it was found that the model worked best when the factor

was very low, indicating that the model was behaving close to the ‘‘zero con-

ductivity’’ extreme with very limited lateral redistribution.

The same general considerations that were discussed for the choice of model

element size (p. 61) apply to issues of linking elements in distributed models.

Firstly it is necessary to consider the processes in relation to the time and space

scales of the modelling, e.g. surface runoff routing is important in storm models

but not in long-term yield (water balance) models. This gives an indication of the

appropriate model structure to use. In distributed models, spatial linking is con-

ceptually straightforward while this is not so in distribution models, although

some form of spatial linking can still be represented. The problem is generally

with obtaining the information to characterise the variability and set the para-
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meters, such as the flow resistance factor n in Manning’s equation (3.3) or Ksat in

Darcy’s equation (3.4). Here the way the processes are represented within a grid

element becomes important.

3.3.4 ‘‘Sub-Grid’’ Variability – Lumped Representation of Spatial
Variability

In Section 3.3.2 we concluded that the choice of element size is ultimately a

pragmatic decision and there will always be some processes and variability that

are important within an element. How then can this ‘‘sub-grid’’ or sub-element

variability be represented? Clearly, any representation will not be spatially expli-

cit, or else we would just be defining a smaller element size. Rather, these

approaches need to represent the effects of variability that the model cannot

resolve.

Consider Figure 3.6, which illustrates some of the issues in conceptualising

sub-element variability related to overland flow. In reality, flow patterns at the

micro-topographic scale (much smaller than elements in a distributed model)

will be highly complex (e.g. Emmett, 1970; Abrahams et al., 1989) which will

cause a highly variable depth distribution across the hillslopes (Figure 3.6a).

However, the way surface runoff is commonly conceptualised in an element is

as a uniform depth of flow defined by solving equations (3.1–3.3) (Figure

3.6b). This means that the flow resistance factor in (3.3) must somehow be

related to the sub-element scale microtopographic roughness. If the element

contains a channel, a stream or a rill (which can be considered as a very

small-scale channel), a further consideration is how to represent the ‘‘non-
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stream’’ parts of the element. These can be thought of as small catchments

which ‘‘feed’’ the channel (Figure 3.7b) or they could be thought of as sepa-

rate overland flow planes that produce shallow surface flow to be routed into

the next element (Figure 3.7a). The most common approach is the former, but

this is another example of the need to conceptualise the processes within an

element.

Clearly there is a strong interaction between the way we conceptualise the

process, the model structure we need to use, and therefore the parameters that we

need. In practice there are a number of general approaches to representing sub-

grid (or sub-element) variability of model parameters in distributed models of

catchment hydrological response.

Assuming that a point value is valid for a whole element is the simplest

approach – i.e. assuming the variance of the parameter within an element is

zero. This assumption is commonly made for parameters such as saturated

hydraulic conductivity (Ks) where a measurement from a field or laboratory

test (with a small support) is used to represent an entire element. The assumption

of zero variance is highly unlikely to be valid for parameters such as Ks because

blocks of soil the size of a typical model element (10s–100sm2) behave very

differently to soil blocks of the size that are used in laboratories. This leads to

the likelihood that the point-value approach will result in a poor model. When

one attempts to improve the model through, for example, calibration, the cali-

brated parameter no longer represents the point value but rather some sort of

average for the element – i.e. an ‘‘effective’’ parameter.

The effective parameter approach attempts to overcome the conceptual pro-

blems with point values. Effective parameters are single values that reproduce the

bulk behaviour of a finite area or a finite volume. They therefore cannot be

measured at a point and do not necessarily relate to point measurements at all.

Figure 3.8 illustrates the notion of effective parameters for saturated flow

through a porous medium where �eff is a value of saturated hydraulic conduc-

tivity that, when used in equation (3.4), simulates a discharge that is equal to

what would be expected from the heterogeneous (more realistic) block. In the

overland flow example of Figure 3.6, an effective Manning n would be a single

value that is able to reproduce, say, the overall hydrograph from the element

(although clearly it would not be able to also reproduce the flow depth and

velocity distributions). A great deal of work has been done on effective para-

meters, particularly for hydraulic conductivity in subsurface flow systems (e.g.
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Gelhar, 1993; Wen and Gómez-Hernández, 1996), infiltration and surface flow

parameters (Farajalla and Vieux, 1995; Willgoose and Kuczera, 1995) and soil

hydraulic characteristics for setting parameters in land surface schemes (e.g.

Kabat et al., 1997) – see review in Blöschl (1996). For some well-defined types

of heterogeneity, equations can be derived to calculate effective values from

statistics or descriptions of the heterogeneous field, but more generally, effective

parameters are defined empirically via calibration. An example from surface flow

is the work of Engman (1986) who derived effective values of Manning’s n for a

range of surface roughness types by analysing the outflow hydrographs from

many runoff plots with different surface treatments. While the simplicity of

effective parameters is attractive, there are problems with their use. For example,

it is possible to reproduce the effects on lateral flow of macropores by using

Darcy’s equation (3.4) and a very high value of hydraulic conductivity. While

the lateral flux values may then be correct, the distribution of flow velocities is

not (because macropores will flow quickly compared to flow through the soil

matrix) so simulations of, say, solute breakthrough curves will be incorrect. In a

more extreme example, Grayson et al. (1992a) obtained acceptable runoff simu-

lations using an effective value of infiltration to simulate infiltration excess sur-

face runoff from a catchment where saturated source area runoff occurred (i.e.

the physical process representation was wrong). It is also not guaranteed that

effective parameter values can be found, i.e. it may be that no single effective

parameter exists that produces the same response (discharge output in the exam-

ple of Figure 3.8) as the heterogeneous (more realistic) block for the process and

conditions considered. Binley et al. (1989), for example, were unable to define

effective parameter values for soil hydraulic properties in a coupled surface–

subsurface flow model. As modellers, we are often left with little choice but to

use the effective parameter approach, but we must recognise that effective para-
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meters may have a narrow range of application and an effective parameter value

that ‘‘works’’ for one process may not be valid for another process.

Sub-element variability can also be represented by distribution functions. In

this approach, the variability within an element is represented by a distribu-

tion of values and this distribution is used in the equations rather than a

single value. It is common to represent the distribution as a number of classes

(i.e. discretise the distribution) and apply the model equations to each class.

The element response is then the sum of the responses of the classes. In some

very simple models, it is possible to use continuous functions, e.g. Entekhabi

and Eagleson’s runoff model (1989) uses a distribution function for rainfall

intensity and one for infiltration rate which are then convoluted to give runoff

(those parts where rainfall intensity is greater than infiltration rate). Goodrich

(1990, Chapter 6) uses the more common discrete approach and represents the

sub-element variability of infiltration rates by conceptualising the planar ele-

ments of KINEROS as a series of parallel strips to which he applied saturated

hydraulic conductivity values according to a log-normal distribution.

Famiglietti and Wood (1994) used the distribution of Beven and Kirkby’s

wetness index to break up elements into intervals to which was applied a

local model simulating evaporation. One can even think of models such as

TOPMODEL being sub-element representations where the ‘‘element’’ is a

whole hillslope and the distribution function of wetness index represents the

sub-grid variability.

A third approach is to parameterise sub-grid variability directly. While this

approach has a long history in other geosciences such as meteorology, it has so

far rarely been used in hydrology. One example is the representation of rill over-

land flow within model elements by Moore and Burch (1986). The effect of rills in

an element is represented by a lumped equation:

R ¼ F � Am
ð3:5Þ

where R is the hydraulic radius, A is the cross-sectional area of flow and F and m

are parameters. These two parameters represent the detailed geometry of the rills

in a lumped manner. It can be shown that m equals 0.5 for trapezoidal or para-

bolic geometries compared to 1 for sheet flow (Moore and Burch, 1986), and other

studies have shown that in practice, m varies between these values (e.g. Parsons et

al., 1990; Willgoose and Kuczera, 1995). The parameters F and m can be calcu-

lated from a graph of R versus A which can be obtained from a microtopographic

survey of a small plot. These parameters can then be applied to the whole area

where that type of surface occurs. This type of parameterisation does represent

sub-grid processes in a realistic manner and it appears that there is opportunity for

further use of parameterisation in subgrid representations of catchment models.

3.3.5 What Complexity Is Warranted?

As we have argued throughout this book so far, process understanding, data

and modelling are linked in a potentially ‘‘infinite loop’’ where we get more
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complete representations and understanding in each iteration (Figure 3.2). At

some point we have to ‘‘break out’’ of the loop so we can actually use a model for

practical applications. When we do so, we have to accept the remaining incon-

sistencies between reality and the model. So when do we ‘‘break out’’? What level

of complexity do we need?

There are two fundamental approaches to these questions. The first is to begin

with the simplest model that is able to reproduce the measured system behaviour

and introduce added complexity only when it consistently improves the fit to

observations and satisfies our understanding of the system response (i.e. implies

hydrological behaviour that we know to occur). This approach (the ‘‘downward’’

approach) places a high priority on field data, parameter identifiability (the

notion that a set of optimum parameters can be well established) and testability.

It implies that we might ignore processes that we know to occur if their repre-

sentation does not improve measured model performance. This is the only

approach that strictly follows Popper’s (1977) notion of the scientific method

and the need for falsifiability, but in a practical application, it may result in a

model that is too simple to address the problem of interest.

The second approach is to model all the processes thought to be important,

and assume that because the conceptualisations of individual processes are

‘‘right’’, the overall model is ‘‘right’’. This is the ‘‘upward’’ approach.

Something closer to the second approach has been common practice in distrib-

uted catchment modelling, but leads to a model that is probably too complex and

cannot be properly tested. The large number of model parameters that result

from this approach leads to numerous combinations of parameter values giving

predictions of similar quality, i.e. the parameters are not identifiable (see Beven,

1989; Grayson et al., 1992a, b). In other words, when simulations based on

different parameter sets are compared to observations, it is not clear which set

of the parameters gives a better fit to the data.

This difficulty arises because the complex model is an ‘‘ill posed system’’ (in

a mathematical sense). Groundwater modellers have been aware of this for

decades and term it ‘‘non-uniqueness’’, while other terms are also used, e.g.

‘‘equifinality’’ (Beven, 1996). Many combinations of parameter values can lead

to similar simulations of observed behaviour such as runoff at the catchment

outlet or water level in groundwater bores. This implies that the observations

are insufficient to properly test the model structure or parameters, i.e. it is not

possible to identify the model structure or parameters. It also means that even if

a model is able to simulate a particular type of observation, it does not indicate

that other predictions made by the model are correct. For example, a model

may give good fits to streamflow at a catchment outlet, but this does not

indicate accurate simulation of streamflow at internal gauging stations or cor-

rect spatial patterns of saturation deficit. This has been clearly shown by many

researchers, yet is commonly ignored by model users who confidently display

spatial predictions based on an implicit assumption that because the outflow

hydrograph was correct, the internal predictions are also accurate (see Chapter

13 for further discussion). This problem of ‘‘extrapolation into the unknown’’
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(Bergström, 1991), becomes acute when, for example, untested spatial runoff

predictions are used as input to sediment or contaminant transport equations

that require accurate flow depth and velocity estimates. It is also a problem

for using these models to predict the effects of changing land use or climate,

because, although some model parameters can be altered to simulate the

expected effects of such changes, the uncertainty in the predictions is

unknown.

The fundamental problem is that many of the equations we use to represent

processes require calibration – their parameters cannot be directly measured.

This is true even of ‘‘physically based’’ equations because they are invariably

applied at a scale different to that at which they were derived. They then become

conceptual representations with scale dependent parameters (see Philip, 1975;

Klemeš, 1983; Hillel, 1986; Anderson and Rogers, 1987; Beven, 1989, 1996;

Grayson et al., 1992b; Refsgaard et al., 1996). There is also a strong argument

that some of these equations are wrong at different scales (e.g. Beven, 1996

argues that Darcian assumptions are simply wrong at the field scale). In any

case, every time a new (or more complex) process description is included in a

model, more parameters are added, each of which must either be calibrated or

have a value assigned. The complexity and scale-dependent behaviour of nature

is such that it is generally difficult to do this with any precision. The nonlinearity

of processes such as surface and unsaturated flow, or evaporation, exacerbates

the problem. Therefore, each new process introduces more ‘‘degrees of freedom’’,

making testing even more difficult.

Ultimately the simple ‘‘downward’’ and complex ‘‘upward’’ approaches

should converge since we want models that represent important spatial processes

but that can be tested for both their internal and lumped predictions. They need

to be tested well enough to know they are producing the ‘‘right’’ results for the

‘‘right’’ reasons. This will be possible only when there are sufficient observations

to enable each process representation and the interaction between them to be

tested. The use of new and different data is a vital step towards this convergence.

Examples of new data types include geochemical tracers that provide information

about flow pathways (Kendall and McDonnell, 1998), using multiple outputs

such as simulated streamflow and salinity simultaneously (e.g. Mroczkowski et

al., 1997) and of course, the motivator for this book, spatial patterns of hydro-

logical behaviour.

Each of the case study chapters is an illustration of where pragmatic

choices have been made regarding the appropriate level of model complexity

and the consequences of those choices. The choices can be viewed within the

context of Figure 3.2, i.e. deciding on the dominant processes, perhaps with

the help of some initial measurements, and then building (or modifying) a

model structure to represent those processes and collecting more data (and

especially spatial patterns) both to develop understanding of the processes and

to better represent them in the model. The general philosophy illustrated in

the chapters varies but is generally more akin to the ‘‘upward approach’’

although the approach used in Chapter 9 would be considered ‘‘downward’’
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with complexity being added where needed to better explain the spatial data.

An ‘‘upward’’ example is Chapter 6 where Houser et al. used a relatively

complex model (TOPLATS) but found that many of the components could

be ignored (in fact needed to be for good simulations), so long as the spatial

variability of precipitation was properly represented. Again this was made

possible by the extensive spatial data available.

Several of the case study authors conclude that their models probably need to

be more complex to deal with remaining inconsistencies between data and simu-

lations. For example: in Chapter 7, Tarboton et al. discuss the need for better

treatment of radiation and mass movement of snow in steep terrain; in Chapter 9,

Western and Grayson indicate that modelling of soil crack dynamics during

seasonal wetting and drying is likely to result in better simulations; in Chapter

10, Vertessy et al. indicate that further improvement may need pipeflow to be

explicitly represented; in Chapter 11, Lamb et al. discuss the possibilities of

changes that relax some of the constraints imposed by the TOPMODEL struc-

ture. In most cases, further data would be needed to test whether these added

complexities actually helped reconcile simulation and reality.

These case studies illustrate the ‘‘infinite loop’’ of Figure 3.2. At some

point we break out and leave some ‘‘loose ends’’ that can be resolved only

by re-entering the loop. When we face a modelling problem in practice, we

need a starting point in terms of model complexity. Figure 3.9 illustrates the

conceptual relationship between model complexity, the availability of data for

model testing, and predictive performance of the model. We use the term

‘‘data availability’’ to imply both the amount and quality of the data in

terms of its use for model testing. Having pattern data is equivalent to

‘‘large’’ availability while just runoff data would imply ‘‘small’’ availability.

We use the term ‘‘model complexity’’ to mean detail of process representation.

Complex models include more processes and so are likely to have more

parameters.
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If we have a certain availability of data (e.g. solid line in Figure 3.9), there

is an ‘‘optimum model complexity’’ beyond which the problems of non-

uniqueness described previously become important and reduce the predictive

performance. There are too many model parameters and not enough data to

test whether the model is working, or is working for the right reasons, which

means that both the model structure and the model parameters cannot be

identified properly. We can use a simpler model than the optimum, but

then we will not fully exploit the information in the data (e.g. intersection

of solid and dashed lines). For given model complexities (e.g. dashed and

dotted lines), increasing data availability leads to better predictive performance

up to a point, after which the data contains no more ‘‘information’’ to

improve predictions; i.e. we have reached the best a particular model can

do and more data does not help improve performance (the dashed and dotted

lines flatten out as data availability increases). In this case, we could consider

a more complex model to better exploit the information in the data, and this

is something considered in some of the case studies in this book. The more

common situation for practical applications of distributed modelling is repre-

sented by the intersection of the dotted and solid lines, where we are using too

complex a model with limited data and so have identifiability problems.

Increased data availability is needed to significantly improve the predictive

performance (Chapter 13).

Ultimately the answer to ‘‘what complexity is warranted’’ depends on the

objectives of the modelling exercise and knowledge of the system. The key

point is that it is not useful to add complexity when we have no way of

testing whether this improves a model or makes it worse. The topic of

model complexity has been a source of stimulating discussion in the literature

and interested readers may wish to consult some of the following (Bair, 1994;

Bathurst and O’Connell, 1992; Beck, 1987; Beven, 1987, 1989, 1996; Refsgaard

et al., 1996; Bergström, 1991; Grayson et al., 1992b; Jakeman and

Hornberger, 1993; Hillel, 1986; Konikow and Bredehoeft, 1992; Klemeš,

1983, 1986a; James and Burges, 1982; Morton, 1993; Oreskes et al., 1994;

Philip, 1975; Smith et al., 1994).

In order to know if a model is ‘‘improved’’, criteria need to be set that reflect

how the model will be used, i.e. that test the components of a model that are

critical to the output of interest. For example, if we want to simulate patterns of

soil erosion on hillslopes, we would need to test model predictions against flow

depth, velocity and sediment concentration from various places on hillslopes,

rather than just against catchment runoff and sediment load. Hence there is a

direct link between the purpose of the model, the level of complexity we can

justify, the details of the data we have for calibration and testing, and the criteria

we use to quantify performance.

The following sections summarise the conceptual underpinnings of model

calibration and testing, approaches to the representation of predictive uncer-

tainty, and how the value of added complexity, particularly in spatial models,

might be assessed.
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3.4 MODEL CALIBRATION AND TESTING

Model calibration is the process of choosing the ‘‘best’’ set of parameter values

while model testing is the process we go through in an attempt to define the

uncertainties in predictions, or at least get a feeling for their magnitude.

Calibration is a process of optimising a model’s parameter values to improve

the ‘‘fit’’ between simulated and observed catchment responses. The ‘‘fit’’ can

simply be a qualitative assessment of how close two time series appear (e.g. plots

of observed and predicted hydrographs, or observed and predicted spatial soil

moisture) but will generally be more quantitative.

An ‘‘objective function’’ provides a quantitative measure of the error between

simulations and observations. We seek to optimise parameter values so the

objective function is minimised. The choice of objective function determines

what part of a model’s performance is being tested. For example, when compar-

ing observed and predicted streamflow, a range of objective functions are com-

monly used, e.g.:

1. Sum of the squares of the difference between simulated and observed flows

(this emphasises large flows since larger absolute errors are likely to occur

compared to low flows, i.e. mainly tests whether the peaks match).

2. Sum of the absolute values of the differences between observed and simu-

lated flows (as for 1 but less sensitive because errors are not squared, i.e.

tests whether the water balance matches).

3. Sum of the ratio between observed and predicted flows (places more equal

emphasis on high and low flows since ratios are used but could result in

large absolute errors in extreme flows).

Note the different emphasis of each function on different flow components. In a

spatial context, we could use similar types of functions; e.g. we could apply 1 to a

point-to-point comparison of observed versus predicted patterns. It is likely,

however, that such simple functions would not exploit all the information in

the patterns and that more sophisticated approaches would be better tests of

model performance. Some more sophisticated approaches are presented in

Section 3.5.

Once an objective function is chosen (noting that this is a subjective task), it

can be minimised by either trial and error or an automated optimisation proce-

dure. Sorooshian and Gupta (1995) and McLaughlin and Townley (1996) present

reviews of approaches to calibration and automated optimisation in surface and

groundwater models respectively. They highlight a range of problems such as the

presence of multiple optima and strong correlations between parameters, which

can lead to the identification of a non-optimum set of parameters. These pro-

blems are the result of the large number of parameters in distributed models. It is

therefore common to try to reduce the number of parameters to be optimised, i.e.

reduce the ‘‘degrees of freedom’’. This is done by choosing a pattern for a spa-

tially distributed parameter and then calibrating usually a single parameter that

sets the values for the whole pattern. A common example relates to soil hydraulic
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properties. Because of their spatial variability, they are sometimes calibrated, but

in a distributed model, this may mean many thousands of ‘‘free’’ parameters (one

or more for every model element). Clearly this is not tractable, so a pattern may

be imposed, for example by the soil type, which sets the relative hydraulic proper-

ties for every element. A single parameter is then optimised that defines the

absolute values from the pattern of relative values. This reduction in degrees

of freedom makes the optimisation procedure tractable and significantly reduces

the identifiability problems discussed above. But of course it imposes a pattern on

the distribution of soil properties that may or may not be realistic (see examples

in Chapters 6, 9 and 10). Wetness indices can be used in the same way to define,

for example, the pattern of initial saturation deficit for a runoff model, leaving a

single parameter to be calibrated that sets the absolute value of the pattern (e.g.

Grayson et al., 1992a). Clearly this step of reducing degrees of freedom comes at

a cost and will undermine model performance if the choice of pattern is poor.

Once a model is calibrated and optimised, it needs to be tested. There is some

confusion in the literature about terminology related to testing (see Oreskes et al.,

1994; Konikow and Bredehoeft, 1992; de Marsily et al., 1992). These are dis-

cussed in detail in Chapter 13 in the context of using distributed models for

prediction in practical applications. Suffice to say here that the term verification

should be reserved for strict tests such as of model code where analytical and

numerical simulations are compared and should not be used in relation to model

testing against real data. On the other hand, validation is where observations and

simulations are compared using data that were not part of the calibration. As

discussed in Chapter 13, a model is validated for a particular application and a

successful validation in one example does not imply that the model is validated

for universal use. Again, objective functions can be used to provide a quantitative

assessment of the validation step.

The extent to which the validation step really tests the model structure and

parameters is obviously dependent on the type of data available for testing.

Klemeš (1986b) presented some standard approaches for lumped rainfall runoff

modelling, based on variations of ‘‘split sample’’ tests where the observed period

of record is split with some data used for calibration and the other for validation

and these two sets should be independent. These approaches and their applica-

tion to spatial modelling are described by Refsgaard in Chapter 13. The impor-

tant question to consider when assessing both the calibration and validation steps

is ‘‘just what is being tested?’’ i.e., how well do the comparisons test the model

structure, what can be inferred about the identifiability of parameters or the

confidence (predictive uncertainty) in simulations?

These questions can be answered qualitatively, but the complexity of distrib-

uted models has led to the development of more formal approaches. Uncertainty

in prediction of hydrological response can arise from four sources: uncertainty in

the input data due to sampling or interpolation error; uncertainty in simulated

responses due to model parameter errors; and uncertainty related to the hypoth-

eses that underlie the model itself and the model structure. Note also that there

may be uncertainty in the data against which the model output is calibrated and
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tested. This will affect the certainty we can have in model structure or para-

meters.

Quantifying these various sources of uncertainty and their effect on overall

predictive capability is an active area of research (e.g. Sorooshian and Dracup,

1980; van Straten and Keesman, 1991; Beven and Binley, 1992; Mroczkowski et

al., 1997; Kuczera and Parent, 1998; Gupta et al., 1998; Franks et al., 1998). The

more recent approaches make use of Monte Carlo simulation (i.e. running a

model many times using parameters or inputs drawn randomly from a particular

distribution (Tanner, 1992; Gelman et al., 1997). In principle, these methods

enable quantification of the different errors, have the ability to assess the value

of additional information in constraining model uncertainty and can compare

different model structures in terms of their ability to reproduce observed beha-

viour (see Chapter 11). But they are still being developed and are presently

limited by large computational demands, differing amounts of subjectivity and,

in some cases, methods that lump all errors into parameter uncertainty. Once

these limitations are overcome, these methods should gain wide use and will have

a major impact on modelling.

The stage of development and computational requirements of these sophisti-

cated methods means that most studies undertake only simple assessments of

errors and uncertainty such as ‘‘sensitivity analyses’’. In sensitivity analyses,

parameters are varied over particular ranges and an assessment is made of the

extent to which the output varies. This approach can give the modeller an idea of

which parameters dominate the model response – i.e. which are the crucial ones

to ‘‘get right’’, but allows for only limited consideration of the complex inter-

relationships between model parameters that generally exist, particularly in dis-

tributed models.

Another simple approach to assessing model quality is to carefully analyse the

residuals between observed and simulated responses. Unbiased and randomly

distributed residuals imply that the model does not contain structural problems

that lead to systematic errors, and that it exploits all of the information present in

the data. Small residuals indicate good model accuracy, and similarity between

the size of the residuals from the calibration and validation steps is another sign

that the model structure is good. Analysis of residuals was illustrated in Western

et al. (1999a), who used spatial plots of differences between measured and simu-

lated soil moisture (using a terrain index model) to illustrate that all of the terrain

‘‘signal’’ in the soil moisture measurements was represented in their model. The

remaining errors were not related to terrain and could have been either sampling

noise or due to randomly distributed soil or vegetation effects. Mroczkowski et

al. (1997) apply this approach in a more rigorous manner using multiple response

time series data to explore different structures for a streamflow and salinity

model and illustrate the value of different types of information for improving

the rigour of model testing.

The hydrological community still has a long way to go in model testing to

achieve comprehensive assessments of predictive uncertainty. Even the most

basic of testing approaches such as those discussed by Klemeš (1983) are often
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not applied, and application of the more complex approaches is rare. But it is

important to recognise that even the most sophisticated assessment of uncer-

tainty is useful only if we have detailed data available of a type that really

tests the basic hypotheses of the model. This is where the importance of patterns

becomes clear, yet ‘‘goodness of fit’’ measures for patterns are not well developed.

Indeed comparisons of observed versus simulated patterns rarely go beyond

simple visual comparison of the basic patterns, or at best, residual patterns.

The following section looks in more detail at approaches to pattern comparison.

It is likely that one day these may become part of comprehensive assessments of

predictive uncertainty based on spatial patterns, with the error analyses between

observations and simulations being used to inform model development.

3.5 SOME PATTERN COMPARISON METHODS

One of the basic motivations for this book is the belief that more refined and

insightful use of spatial patterns is vital for progressing the science of hydrology

and for better constraining the uncertainty in our predictions of the future. Each

of the case studies presented in this book makes comparisons between observed

and simulated patterns of various types to assist modelling and process under-

standing. In this section we introduce a number of possible methods for compar-

ing spatial patterns that have the potential for assessing the quality of

hydrological predictions. These methods have been selected because the results

from them can be interpreted hydrologically, thus enabling identification of

model components that are performing poorly and perhaps producing improve-

ments in hydrological understanding. Some of the methods have been used in the

case studies presented later, while others are logical extensions, which may be

used in the future. This is a very new area for hydrology and techniques are still

being trialed and developed.

3.5.1 Methods Used in This Book

Visual comparison of simulated and observed spatial patterns provides qua-

litative information about the predictive ability of a model and is used through-

out this book. Albeit simple and subjective, it is an extremely useful method as

areas of consistent error can be identified and it may be possible to make

qualitative associations with the model components causing the errors. The

disadvantage of this method is that it does not provide a quantitative measure

of model performance. Thus, it is not possible to extend this method to auto-

mated optimisation techniques which makes inter-model comparisons rather

subjective. Nevertheless, it is easy to implement, and, as will be illustrated in

the chapters that follow, enables a lot of insight into the model performance

and limitations.

Point-by-point comparison methods include both direct comparison of simu-

lated and observed ‘‘pixel’’ values as well as the mapping of residuals between
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observed and simulated patterns (see Chapter 9). These techniques can provide

information about bias (mean error), random simulation errors (error variance)

and any organisation that may be present. The mean error and the error

variance are similar to statistics used in traditional model evaluation using

time-series; however, they can be applied in a spatial context to test internal

model predictions. This method can also provide the spatial correlation struc-

ture (variogram) of the residuals, which gives information about the spatial

scale or correlation length of the errors (e.g. Western et al., 1999a). If the

correlation length of the errors is smaller than the model element scale, it

can be concluded that the errors are due to either measurement error or to

small-scale variability not resolved by the model. Since the model does not aim

to represent these features, it can be concluded that the model is performing as

well as can be expected (assuming there is no bias and a sufficiently small error

variance). If the correlation length of the errors is significantly longer than the

model grid scale, it can be concluded that there are patches where the errors are

similar; i.e. there is some problem with the structure of the model that causes

certain parts of the landscape to be better represented than others. A careful

analysis of the simulated response and an understanding of the model structure

gives guidance on potential model improvements. The point-by-point approach

is used in Chapters 7 and 9, 11 and 12.

An extension of the point-by-point approach, which accounts for measure-

ment error and sub-element variability that is not represented by the model, is to

smooth the observed pattern and then compare it with simulations on a point-by-

point basis. For the smoothing, geostatistical techniques such as kriging and

other interpolation/estimation methods can be used as illustrated in Chapter 2,

Figure 2.7. In a geostatistical approach, the nugget can be set to the sum of

measurement error and sub-element variability that is not represented by the

model. Point-by-point comparison between the ‘‘smooth’’ observed and simu-

lated patterns then allows the separation of the effects of apparent small-scale

variability (see Chapter 2, p. 32) and large-scale variability which should be

represented in the distributed catchment model. Chapter 9 makes use of this

approach (p. 230).

To gain further insight into which hydrologic process representations may or

should be improved in the model, errors can be analysed to ascertain whether

there is any relationship with topographic variables. Such relationships may pro-

vide hydrological insight into the cause of the errors. Relationships of this type

have been examined in Chapters 7, 8, 9, 11 and 12. For example, a relationship

between aspect and the error in simulated soil moisture probably indicates a

problem in simulating the spatial pattern of evapotranspiration. Likewise, a

relationship between a wetness index representing the control of topography

on soil moisture and the error may indicate problems with the simulation of

one of the lateral redistribution processes; e.g. if the gullies are simulated as

being too dry, it may indicate that subsurface flow is too small, perhaps because

macropore flow is occurring or because the conceptualisation of saturated/unsa-

turated fluxes is not correct.
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3.5.2 Opportunities for Future Pattern Comparison

A limitation of the methods above (except visual comparison) is that they do

not provide any information on lateral shifts – i.e. where the basic shape of

patterns is correct but their location is shifted. Optimal local alignment (e.g.

Bow, 1992) is a method used in pattern recognition and provides information

on space shifts between two patterns. A field of shift vectors is calculated in the

following way. Initially the whole domain is divided into subareas. Then correla-

tion coefficients between point-by-point comparisons of the observed vs. simu-

lated patterns are calculated for corresponding subareas. The relative position of

the two corresponding subareas is then changed (i.e. shifted) and correlations are

again calculated (i.e. a cross-correlation analysis). The optimum shift (i.e. opti-

mum alignment) is where the correlation is best. This approach has the potential

to identify model mismatches in the direction of the hillslopes as well as other

shifts such as those associated with biases due to aspect or the way soil para-

meters were imposed, or georeferencing problems. To use this method success-

fully, it would be necessary to have small subareas but there is a tradeoff between

having sufficient points in each subarea for accurate computation of correlations

and obtaining detailed spatial information (high resolution) in the resulting vec-

tor field. While appearing to be a sound approach, this method has yet to be

illustrated in the hydrological literature and a large number of points in space are

needed.

Because water flows through the landscape along pathways that are domi-

nated by the topography, pattern shifts may be associated with particular terrain

features. This could be explicitly taken into account when comparing simulated

and observed patterns. Transects of simulated and observed variables such as soil

moisture along and across topographically defined flow pathways could be exam-

ined to search for shifts between the simulated and observed patterns. Cross-

correlations between the simulated and observed patterns could also be calcu-

lated, but using a coordinate system consisting of topographic streamlines and

contour lines. This approach may be useful in identifying problems with the

lateral flow redistribution component of the models and may need fewer points

in space than the optimal local alignment method, but has yet to be illustrated in

the literature.

The preceding methods are applicable to patterns at specific points in time.

However, as illustrated in the case study chapters, changes in the patterns over

time provide additional information about the dynamics of the hydrological

system. By calculating differences between two observed patterns and comparing

the resulting spatial pattern of temporal differences with the equivalent informa-

tion from a model, insight into the dynamics of a landscape and the ability of a

model to capture those dynamics may be obtained. These dynamics will be

spatially variable. All the above methods can be applied to spatial patterns of

temporal differences. In Chapter 8, Troch et al. use temporal comparisons of

patterns from remotely sensed data using the point-by-point method and princi-

pal component analysis. In Chapters 7 and 9, the differences between patterns of
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snow cover and soil moisture respectively are compared to simulated changes in

model ‘storages’. There is clearly plenty of scope for development and application

of pattern comparison methods. We believe that pattern comparisons will ulti-

mately become a routine part of distributed model calibration and testing. They

will enable much more definitive tests of model performance to be made and

significantly improve the confidence with which we can claim our models do

indeed represent the right processes and get the right answers for the right rea-

sons.

3.6 FINAL REMARKS

In these introductory chapters, we have illustrated that natural spatial variability

is omnipresent and must be better understood if we are to advance our knowl-

edge of hydrological processes and improve hydrological prediction. We have

introduced some basic concepts to deal with spatial variability and the patterns it

manifests. Some specific tools that can quantify variability and allow it to be

represented in models were described in Chapter 2. We have proposed that better

utilisation of spatial patterns is necessary to properly test and develop the numer-

ous spatially explicit hydrological models that are presently available, and to

further our understanding of hydrological processes. The next two chapters are

reviews of spatial patterns in precipitation and evaporation. These are followed

by the case study chapters which are examples that will test whether our asser-

tions are sound.
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