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Shallow Groundwater Response at Minifelt

Robert Lamb, Keith Beven and Steinar Myrabø

11.1 INTRODUCTION

The spatial distribution of perched or shallow groundwater is widely recognised

to be significant for physically realistic modelling of catchment runoff produc-

tion, especially within humid regions and areas of shallow soils. The distribution

of water stored as a dynamic, near-surface saturated zone has an important role

in theories of runoff production embodying the concept of a variable source or

response area, such as those of Hursh and Brater (1941) and Hewlett and Hibbert

(1967). Changing spatial distributions of shallow saturated storage may also

affect the dynamics of land–atmosphere fluxes (via supply of moisture to vegeta-

tion and the unsaturated zone) and water quality (by controlling the pathways

and residence times of flows within the catchment).

In Scandinavia, water table fluctuations have been shown to control the run-

off response of catchments where the saturated zone exists at a shallow depth in

the soil, and is therefore able to respond quickly to precipitation. For example,

Rodhe (1981) used isotope analysis in two catchments in Sweden to show that

discharge from shallow groundwater storage could constitute a large proportion

of the runoff during spring melt events. In two Norwegian catchments, Myrabø

(1986, 1997) has used observations of patterns of surface saturation or subsurface

groundwater levels to show that it is the dynamics of a shallow saturated zone

that control runoff production from a variable response area.

Measured data from the Seternbekken Minifelt catchment study of Myrabø

(1988) will be used in this chapter to test simulated spatial and temporal patterns

of shallow groundwater, using the distributed model TOPMODEL (Beven and

Kirkby, 1979; Beven et al., 1995), extending the work of Lamb et al. (1997,

1998a). TOPMODEL is based on an assumption that there is a unique relation-

ship between local saturated zone storage (or storage deficit) and position. Here,

position is expressed in terms of topography via the topographic index lnða= tan
�Þ of Kirkby (1975) or topography and soils via the soils–topographic index
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lnða=T0 tan�Þ of Beven (1986). Formally, a is the upslope specific area contribut-

ing to flow through a point (dimension L), tan� is the plan slope angle, used

to approximate the downslope hydraulic gradient in the saturated zone, and

T0 ½L2T�1
� is the transmissivity of the soil profile when just saturated.

Distributed approaches to modelling saturated storage vary in complexity

between the explicit physics of grid-based models such as variants of the

Système Hydrologique Européen (SHE) (Bathurst et al., 1995; Refsgaard and

Storm, 1995; Abbott et al., 1986), flow-strip representations such as Thales

(Grayson et al., 1995) or the Institute of Hydrology Distributed Model

(IHDM) (Calver and Wood, 1995), and the conceptual, ‘quasi-physical’

approach of TOPMODEL. As with the discussion in Chapter 3, no rigid system

of model classification will be attempted here, not least because some models are

capable of interpretation at several different levels.

Hydrological processes may be represented using different degrees of approx-

imation and different model structures. The models mentioned above (amongst

others) allow a ‘‘link to physical theory’’ (Beven et al., 1995) at the hillslope or

catchment scale by simulating the changing spatial patterns of water storage, or

storage deficit, over time. However, as argued throughout this book, compared

to the total number of catchment hydrology studies using distributed models,

there has been a general lack of attempts to test distributed simulations against

observed data. As discussed in Chapter 1, in large part this has been because of a

scarcity of suitable observations, in contrast to the much greater availability of

rainfall and streamflow records.

Whereas the use of data from large numbers of boreholes is routine in regio-

nal groundwater modelling, fewer measurement sites have generally been avail-

able for spatially distributed modelling of shallower systems and hydrological

response at the hillslope or small catchment scale. Probably the smallest catch-

ment used in this context was a 2 m2, artificial micro-catchment simulated using

the model Thales (Moore and Grayson, 1991; Grayson et al., 1995). More typical

field measurement densities were available for a 440 km2 catchment where

Refsgaard (1997, Chapter 13) compared observed water levels from eleven

wells with levels simulated using the model MIKE-SHE. On the hillslope scale,

observed piezometer data were compared to simulations made using the IHDM

by Calver and Cammeraat (1993). Studies reporting tests of TOPMODEL con-

cepts against observed shallow groundwater patterns will be described below.

The studies referred to have generally reported mixed results in reproducing

observed water table patterns. Predictions are often reasonably good for some

locations or on some occasions, but poor at other places or times. This can be

attributed to the limitations imposed by model assumptions in representing spa-

tially complex processes (Refsgaard, 1997) and the difficulty of estimating distrib-

uted model parameters, even when these have a clear physical interpretation in

theory (Beven, 1989; Grayson et al., 1992b). Although TOPMODEL has physi-

cally meaningful parameters, in the work presented here, we have not attempted

to fit these a priori using field measurements, but have instead used the exception-

ally dense and extensive distribution of shallow groundwater measurements avail-
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able for the Minifelt to estimate local parameter values by model inversion. In

effect, TOPMODELwill be used as a distributed-parameter model, but one that is

simple enough to be calibrated in the spatial domain using observed shallow

groundwater levels, i.e. simple enough for inversion to be tractable.

Bedrock underlying the Minifelt is thought to be relatively impermeable, at

least when considering the timescales of storm runoff responses, where it is the

dynamics of the shallow saturated zone within the overlying soils that are impor-

tant. This saturated zone is very shallow, generally only about one metre thick,

with the water table less than one metre below the ground. The situation is

therefore one of hillslope hydrology, rather than regional groundwater processes.

Hence, we will consider groundwater levels measured with reference to the local

ground surface, rather than as elevations relative to a fixed datum. The shallow

nature of the system promotes a direct topographic influence on the saturated

zone storage, which forms a convenient starting point for a simple distributed

model. Unlike many regional groundwater problems, the topographic catchment

boundary can be used as a very good approximation for the saturated zone flow

divide. However, the local heterogeneity of soils in the Minifelt weakens the local

influence of topography on the water table, and leads to a requirement for dis-

tributed soil parameters.

11.2 MEASUREMENTS AT THE SETERNBEKKEN MINIFELT

The Minifelt is a small (0.75 ha) natural catchment located in an area of pine

woods about 10 km west of Oslo, Norway, at an altitude of approximately 250

metres above sea level. An intensive measurement campaign was established in

1986 to investigate runoff processes, as reported in detail by Myrabø (1988,

1997). Soil conditions in the Minifelt are dominated by Quaternary till deposits,

with some bedrock outcrops, some areas of bog, and high organic content in

places, especially in the top few centimetres. The maximum soil depth is about

one metre. Saturated hydraulic conductivity was estimated by Myrabø (1997) to

have a mean value of the order of 0.01mh�1, and to vary between 0.0072 and

0.29mh�1. Sampled soil grain sizes vary from 0.02 to 20.0 mm, and there are also

many small boulders and macropores in the soil. Sampled total porosity varied

between 40% and 80%.

Flows at the outlet of the Minifelt catchment were gauged at a V-notch weir

where water levels were logged automatically. Precipitation, snowmelt and tem-

perature were also gauged nearby. Average annual rainfall and potential eva-

poration are about 1000 mm and 600 mm, respectively. A recent view of the site

is shown in Figure 11.1; vegetation is now somewhat denser than during the

period of field measurements used in this work.

A dense network of instruments measuring water table depths was established

in the catchment, as shown in Figure 11.2. Four observation wells of about 6 cm

diameter were installed in different topographic settings, located in Figure 11.2 at

the centres of the numbered circles. Water levels in these boreholes were mea-
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sured using pressure transducers, and recorded by data loggers every hour. There

are also 108 piezometers of about 2 to 3 cm diameter, in which manual observa-

tions of water levels were made on five occasions, spanning a wide range of

conditions. On each occasion, a reading was made in every piezometer, all piezo-

meters being read within a one-hour period, during which time the changes in

level were not observed to exceed 5 cm. The locations of the piezometers are

indicated in Figure 11.2 by triangle symbols. Surface elevations were surveyed at

each piezometer location, with reference to a datum at the catchment outlet, and

also at some points around the catchment boundary. Soil depths were also

recorded at the piezometer locations.

Although snowmelt is an important part of the overall annual hydrological

regime, it was not modelled in the present study, which concentrates on the

subsurface responses to rainfall. Periods influenced by snowmelt have therefore

been avoided.

The dynamics of the shallow groundwater control runoff production mainly

through a dynamic, saturated source area. However, other runoff processes can

also occur, including rapid lateral subsurface flux in macropores and coarse

organic material close to the surface, pipeflow and saturated zone discharge

into the stream.

11.3 MAPPING THE OBSERVATIONS

11.3.1 Terrain Data

Catchment-wide topographic data are needed to calculate the spatial distribu-

tion of lnða= tan�Þ. In the case of irregularly distributed spot height data, inter-
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Figure 11.1. View of part of the Seternbekken Minifelt catchment. (Photograph taken in 1999.)
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Figure 11.2. Location map and plan of the Seternbekken Minifelt catchment. Triangle symbols

indicate piezometers, centres of numbered circles indicate location of continuously-logged bore-

holes, P denotes the precipitation gauge. Dotted lines are topographic contours at 1 m intervals.

The outlet is at the far left of the catchment. (After Lamb et al., 1998b.)



polation is therefore required to estimate elevations throughout the catchment

(see discussion in Chapter 2, pp. 34–5). For this work, as in most TOPMODEL

studies, topography was represented in the form of a grid-based digital terrain

model (DTM). Interpolation of spot heights onto a regular grid raises the issue of

the choice of grid element size, or grid resolution. This problem has been inves-

tigated in the TOPMODEL context (see, for example, Quinn et al., 1995;

Wolock and Price, 1994; Saulnier et al., 1997b), but attention has generally

centred on the effects of changing grid resolution on spatially-averaged model

parameters and areally-integrated predictions. A number of studies have sug-

gested that changes in grid resolution can be compensated for by adjustment

of parameter values. Where explicit spatial predictions are to be made (and

tested), grid resolution is also important because predictions at a given location

will be a function of the local grid cell values of the topographic index

lnða= tan �Þ, which can change for different grid element sizes.

The link between TOPMODEL concepts and physical processes becomes

difficult to sustain for grid cells that are large compared to hillslope lengths

(Beven, 1997). For prediction of spatial patterns of the water table in the

Minifelt, a fine grid resolution is therefore desirable, and can be supported by

the available topographic data. However, there is a risk that a very high resolu-

tion DTM might contain significant false topographic features created during

interpolation. Hence a 2m� 2m regular grid was chosen, following the earlier

analysis of Erichsen and Myrabø (1990), as a compromise to capture real topo-

graphic detail without creating artefactual features.

Similar arguments apply to the choice of interpolation algorithm. Although

factors such as regularity of the original measurement sites, measurement density

and coverage may influence this choice, it is also likely that availability of con-

venient software and preferences established through previous experience will

play a part. In this case, a smoothed bilinear interpolation algorithm, also

used by Erichsen and Myrabø (1990), was chosen after qualitative comparisons

with other available algorithms and visual inspection of the catchment.

Contours derived from the DTM are shown in Figure 11.2. It will be seen that

the piezometer and topographic survey locations were chosen to coincide with a

number of hydrologically significant topographic features in the catchment, espe-

cially the main ‘‘valley’’ extending behind the outlet roughly along the horizontal

axis. Also present are a number of slight spurs and hollows, areas in which

piezometers were located.

Soil depth data from each piezometer location were also interpolated onto a

2m� 2m grid using the bilinear algorithm, and are mapped in Figure 11.3. The

pattern of soil depth, particularly along the main valley axis, shows a number of

depressions in the bedrock elevation which produce small areas of deeper soils,

separated by shallower sills. These features are verified from field observation,

and are not merely artefacts of interpolation, as can often be the case with such

‘‘sink’’ features. However, a lack of many soil depth measurement points between

the piezometers and the boundary does mean that the interpolated map is per-

haps less reliable in these areas.
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Choices of grid resolution and interpolation method are subjective, based on

experimentation with different options and assessment of the results given qua-

litative knowledge of the field situation (Chapter 2, pp. 45–9). In fact, it is recog-

nised that the chosen grid resolution does not capture the detailed

microtopography of the catchment, a factor that has to be considered when

interpreting measured data and assessing model predictions. However, the inter-

polated DTM does capture hydrologically significant landscape features of the

catchment that exist above the grid scale.

11.3.2 Mapping Groundwater Patterns

For each piezometer water level survey, �QQ was calculated as the average of the

discharge at the outlet at the start and end of the measurement period. Surveys

were carried out for �QQ equal to 0.1, 0.54, 0.61, 4.89 and 6.8mmh�1. All measure-

ments were taken during recessions, but rain occurred while the observations

corresponding to �QQ ¼ 4:89 and �QQ ¼ 6:8mmh�1 were being recorded. The piezo-

meter data were interpolated using the same bilinear algorithm and grid resolu-

tion applied to topography and soil depth. The observed spatial patterns are

shown in Figure 11.4.

As discussed in Chapter 2, it should not be overlooked that interpolation is

itself a form of modelling, and that interpolated maps can therefore only repre-

sent estimates of the pattern of water table depths. But despite the uncertainty

introduced by interpolation, it is useful to represent these data as spatial patterns

for comparison with the topographic and soil depth maps. In particular, com-

parison of the mapped water table data with the topographic contours shows

areas on side slopes that saturate under wet conditions despite there being no
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Figure 11.4. Measured water table depths, interpolated onto a 2m� 2m grid, for five discharges,

time-averaged over each piezometer survey period. Depths are in cm (positive downwards).



apparent slope convergence. In such locations, the water level observations reflect

spatial variations in soil properties or small topographic features not captured by

the DTM.

There is some correspondence between the pattern of soil depth and water

table depths close to the outlet, best seen for �QQ ¼ 0:1mmh�1. It would appear

from the mapped data that the reductions in soil depth approximately along the

valley axis affect the water table, which rises towards the surface just upslope of

the small areas where soil depth decreases. One hypothesis put forward to explain

this is that the reduction of soil depth, and likely consequent reduction in soil

profile transmissivity, combined with a very low topographic slope angle, creates

local conditions that favour exfiltration (or ‘‘run-on’’) from the saturated zone,

even under fairly dry conditions.

11.4 TOPMODEL

TOPMODEL was introduced by Beven and Kirkby (1979) as a quasi-physical

rainfall-runoff model, able to simulate the distribution of a dynamic storm runoff

source area on the basis of a topographic control on saturated zone storage.

Recent reviews of TOPMODEL concepts and applications have been provided

by Beven et al. (1995), Beven (1997) and Kirkby (1997). A complete derivation of

TOPMODEL theory will be omitted here, but may be found in the references

cited above. Here, we will concentrate on assumptions invoked in making dis-

tributed water table depth predictions using TOPMODEL concepts.

TOPMODEL provides a simple, yet physically meaningful model of basic

hillslope and catchment scale runoff processes, at least in relatively humid con-

ditions and where soils are shallow relative to slope lengths (allowing the assump-

tion that the local saturated zone gradient is approximated by the surface slope).

It can be shown (e.g. Kirkby, 1997) that TOPMODEL derives directly from

physical principles under an assumption that the rate of flux produced in the

saturated zone quickly becomes spatially uniform for any change in a uniform

input (or recharge) rate. This assumption has also been referred to as the ‘‘quasi-

steady state assumption’’ because it implies a spatially uniform transition

between steady state saturated zone profiles for a given discrete change in the

uniform recharge rate between successive time steps. The dynamics of the satu-

rated zone are thus represented as a succession of steady states (Beven, 1997).

The difference, at any point in the catchment, between the local storage deficit

due to gravity drainage D ½L� and the areal average deficit �DD is described in

TOPMODEL by the equation

�DD�D

m
¼ ln

a

tan�
� �

� �
� lnðT0Þ � lnðT0Þ
� �

ð11:1Þ

where � is the areal average of lnða= tan�Þ, lnðT0Þ is the areal average of lnðT0Þ

and m[L] is a parameter controlling a vertical change in soil profile transmissivity

with depth (see equation (11.2) below). The logarithmic terms in equation (11.1)

enter because of an assumption that the transmissivity T ½L2T�1
� of the soil
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profile decreases exponentially as a function of storage deficit and T0 , the trans-

missivity when the soil is just saturated, such that the local subsurface lateral flux

q ½L2T�1
� is given by the equation

q ¼ T � tan� ¼ T0 � exp
�D

m

� �� �
� tan� ð11:2Þ

When combined with a continuity equation, (11.2) has been found by Kirkby

(1988, 1997) to satisfy, to a good approximation, the assumption of spatial uni-

formity of flux production in the saturated zone.

Beven et al. (1995) show how a numerical integration of (11.2) at the base of

slopes along the channel network results in the following exponential lumped

storage equation for the total saturated zone specific discharge:

Q ¼ Q0 � exp
� �DD

m

� �
ð11:3Þ

where the intercept parameter Q0 ¼ expðlnðT0Þ � �Þ and Q has dimensions

[LT�1
�.

In equation (11.1), it may be noted that the position-dependent parameters

lnða= tan �Þ and lnðT0Þ are separated. If, as is often the case, the soil transmissivity

is assumed to be uniform, then lnðT0Þ ¼ lnðT0Þ everywhere and the right-hand

term vanishes. However, it is easily seen that equation (11.1) can be written in

terms of the soils–topographic index lnða=T0 tan �Þ if knowledge of the variation
of T0 in space is available. To date, TOPMODEL applications have not used

distributed soil transmissivities estimated directly by field measurements. Such

measurements are difficult to interpret, as the natural variation of soil properties

may be considerable, and it is difficult to match the scale of measurements with

the model grid scale. Also, inference of the saturated soil profile transmissivity T0

requires either depth sampling of (lateral rather than vertical) hydraulic conduc-

tivities, or reliance on the assumption of a known and fixed relationship between

conductivity and depth (to allow integration of the conductivity from a measured

surface value to the base of the soil).

Alternatively, local values of T0 and hence lnða=T0 tan�Þ can be estimated by

model inversion, given knowledge of D. Although deficits are difficult to measure

per se, observations of the depth z[L] to the water table can be used, provided

that a relationship is assumed between z and D. To keep the number of para-

meters as small as possible, most studies have assumed a simple linear scaling

between the depth to the water table and storage deficit, such that

z ¼
D

��
ð11:4Þ

where the dimensionless effective porosity, or storage coefficient, �� represents

the ‘‘readily drainable’’ fraction of the pore space between ‘field capacity’ and

saturation, and is assumed constant with depth.

Both soil transmissivity and effective porosity are likely to vary spatially in a

catchment and can, in principle, be represented in a spatially distributed manner
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in TOPMODEL. Furthermore, Saulnier et al. (1997a) have shown that m can

also be distributed in space. However, allowing three saturated zone parameters

to be distributed in space would increase the number of degrees of freedom in

fitting to distributed water table data. The m parameter, if spatially constant, can

be related directly to an integrated variable, streamflow, using (11.3) and is

therefore conveniently treated as a lumped parameter in catchment runoff stu-

dies, even though a physically more complete description of the catchment might

allow m to vary. Variations in soil properties may be more readily associated with

variations in transmissivity (which may in any case implicitly account for differ-

ences in soil depth) and effective porosity. Although a number of studies have

allowed T0 to vary in space, but assumed a constant value for effective porosity

(Lamb et al., 1997, 1998a; Seibert et al., 1997), the effective porosity can be

calibrated where, as in this case, data are available to describe the dynamics of

the water table. An implication of (11.1) is that points in a catchment having the

same values of lnða= tan�Þ and lnðT0Þ are predicted to respond identically, in

terms of storage deficit, to changing recharge. Successive simulated water table

profiles will therefore be drawn at different depths, but in parallel with each

other.

The moisture status of the unsaturated zone can be simulated in a distributed

manner using the saturated zone storage deficit for any value of topographic

index (and soil parameters) as the lower boundary condition on some model

for the unsaturated zone. To represent the unsaturated zone in a simple manner,

consistent with the overall level of simplification in TOPMODEL, unsaturated

zone storage was calculated here based on a simple combination of root zone

storage and a vertical time delay, as described by Beven et al. (1995).

The saturated zone in TOPMODEL can be derived (Kirkby, 1997) as a sim-

plification of an ensemble of parallel, variable width flow strips, represented by

the equation of continuity and a Darcian flow law (with fixed hydraulic gradi-

ents, assumed to equal local topographic slope). This formulation is not a fully

2D model in that there are no exchanges between adjacent flow strips, but can be

thought of as a simply-distributed kinematic model. The assumptions made in

TOPMODEL, especially the assumption of spatially uniform recharge, permit

straightforward analytical solution, although at the expense of somewhat simpli-

fied dynamics. For a comparison of TOPMODEL with an explicit, grid-based

model for topographically driven subsurface flow, see Wigmosta and Lettenmaier

(1999).

Surface water storage and overland flow occur in the Minifelt and present a

problem in formulating a minimally-parameterised distributed model. A key

difficulty is that the surface water can arise through a combination of processes,

namely extension of the saturated zone above the surface (as exfiltration), pond-

ing in sub-grid scale topographic depressions and lateral extension of the ‘‘chan-

nel’’ as stream levels rise. Calibration of TOPMODEL against observed

streamflows has produced very good simulations without any explicit model

for overland flow (Lamb et al., 1997), by treating surface water essentially in

the same way as the saturated zone. Physically, this approach represents a great
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simplification of processes, but has the advantage of parsimony in that no rough-

ness coefficients, wave velocities or time delay parameters need to be calibrated.

However, the simplifying assumptions do have to be carried through to the

analysis of distributed water table depths. This is the example of trade-offs dis-

cussed in Chapter 3.

Despite the ability to simulate distributed responses, the focus of most

TOPMODEL studies has been on areally-integrated simulation of runoff.

However, a number of studies have tested distributed aspects of the

TOPMODEL concepts (Ambroise et al., 1996; Moore and Thompson, 1996;

Jordan, 1994; Burt and Butcher, 1985) or used a distributed parameter approach

without testing (Coles et al., 1997). Two recent studies, in the Minifelt (Lamb et

al., 1997) and another small Scandinavian catchment (Seibert et al., 1997), have

reported tests of TOPMODEL in simulating extensive shallow water table depth

observations. In both studies, predictions obtained by the simple TOPMODEL

concepts were often in error locally, but could be improved by estimation of local

parameters; Seibert at al. (1997) used the water level observations to fit local

values of a ‘‘groundwater index’’, equivalent to lnða=T0 tan�) whilst Lamb et al.

(1997) explicitly estimated local values of log-transmissivity, but with spatially

constant ��. The following sections describe extensions to this work to investi-

gate the estimation of local values for both �� and lnðT0Þ, and to test the pre-

dictive performance of the resulting ‘‘spatially calibrated’’ model.

11.5 ESTIMATION OF �h AND lnðT0) USING TIME SERIES OBSERVATIONS

Calibration of TOPMODEL was approached in several stages. Firstly, ‘global’

(i.e. spatially-constant) parameters were estimated by fitting against observed

flow series from a period of six weeks in 1987, as described by Lamb et al.

(1997). Then, local values of the soil parameters �� and lnðT0Þ were calibrated

against measured water table depth data, initially using logged borehole water

levels from the 1987 period, then using two of the five piezometer surveys. The

calibration against logged borehole data was used to look at temporal dynamics

of the boreholes, while the separate calibration against piezometer surveys was

used to look at spatial patterns. Effective porosity, ��, affects the dynamics of

water level changes, and was calibrated using differences in water levels with

respect to simulated storage deficits. Transmissivity, lnðT0Þ, was then treated,

in effect, as a ‘‘correction factor’’ to adjust simulated water levels up or down

to match observations.

A random search procedure was used by Lamb et al. (1997) to estimate values

for the TOPMODEL saturated zone parametersm andQ0 by maximisation of the

Nash and Sutcliffe (1970) efficiency statistic (NSE) calculated on the difference

between observed and simulated streamflow. Because lnðT0Þ is the only unknown

factor inQ0, calibration ofQ0 effectively provides a first estimate of the mean log-

transmissivity, arrived at independently of any local values. The calibrated para-

meter values ofm and lnðT0) are 3.5 mm and 0.27 (T0 in m/h). The fit of simulated
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and observed flows over the calibration period, which contained several rainfall

events, including one large storm, was visually very good, with NSE ¼ 0:9 (see

Lamb et al., 1997, Figure 6), even without an explicit model for overland flow.

The parameters calibrated using flow data were applied in (11.1) to simulate

time series of the local storage deficit D at each of the four logged borehole

locations. To transform the simulated deficits to water table depths for compar-

ison with the observations, (11.4) was applied, requiring estimation of the effec-

tive porosity parameter �� for each borehole.

However, both lnðT0Þ and �� affect the simulated water table depth. To

estimate �� and lnðT0Þ independently, it is necessary to resolve this dependency.

By rearranging (11.1), it is possible to write expressions for the catchment mean

storage deficit in terms of both uniform soil parameters and distributed soil

parameters, such that

D̂Dþm �� ¼ �DD ¼ �� � zð Þ þm ���m � lnðT0Þ � lnðT0Þ
� �

ð11:5Þ

where

� ¼ ln
a

tan�
� � ð11:6Þ

The left-hand side of (11.5) states that the mean storage deficit in the catchment

can be expressed as a function of topography and a local deficit D̂D, where D̂D is

simulated using the parameters calibrated by fitting against observed flow data

(the ‘‘hat’’ notation is used here to emphasise that this term is a simulated storage

deficit). The same mean deficit is also expressed on the right-hand side of (11.5) as

a function of topography, the difference between mean and local log-transmis-

sivities, and a local deficit, DðzÞ ¼ ð�� � zÞ, estimated as a function of the

observed water table depth z.

If it is assumed that D̂D ¼ DðzÞ, then (11.5) will be true only if lnðT0Þ ¼ lnðT0Þ:
Any difference between the simulated storage deficit D̂D and the estimated deficit

ð�� � zÞ can thus be attributed to differences between the local transmissivity and

the global transmissivity, scaled by m, provided there are no significant timing

errors in the simulated storage deficit series.

Equation (11.5) can be rearranged to eliminate �DD and �, leading to an expres-

sion for the difference between the mean and local soil transmissivity parameters,

lnðT0Þ � lnðT0Þ ¼
D̂D� z ���ð Þ

m
ð11:7Þ

For the four boreholes in the Minifelt, small differences were found between the

timing of the responses of simulated deficits and observed water levels to rainfall

events, but the onset of recession periods was very nearly simultaneous (errors of

only one or two hours) for both time series. It was therefore concluded that (11.5)

and (11.7) could reasonably be applied during recession periods.

Assuming that the difference between local and mean log-transmissivities does

not change over time, and that the parameters m and �� are also constant in
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time, (11.7) can be used to express �� in terms of the simulated storage deficits

and observed water levels at times t and tþ�t, where

�� ¼
D̂Dtþ�t � D̂Dt

ztþ�t � zt
ð11:8Þ

and the subscripts denote time.

In applying (11.8), the time interval �t was set to be five hours and t was

chosen to coincide with a prolonged recession period such that values of z over

the interval tþ�t were centred about the mean water table depth in each bore-

hole. Values for �� were estimated in this way for boreholes 4 ð�� ¼ 0:06Þ, 5

(�� ¼ 0:04Þ, and 6 (�� ¼ 0:04), but not for borehole 7 because the observed data

at this location were of poorer quality, owing to instrument malfunction.

Simulated water levels are plotted along with the observed levels for boreholes

4, 5 and 6 in Figure 11.5.

Variations in simulated water table depths shown in Figure 11.5 appear to be

similar in amplitude to the variations in the observations, with the exception that

the simulated water table does not extend as far above the surface as the observed

water level at borehole 4, although the timing of simulated surface saturation is

approximately correct. This difference arises because, when applying (11.4) to
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Figure 11.5. Simulated and observed water levels in boreholes (BH): 4 (a); 5 (b); and 6 (c) using local

estimates of �� based on analysis of logged borehole data.



transform from simulated storage deficits to water table depths, the parameter

�� was set to be equal to one for negative simulated deficits (i.e. when the

simulated water table would be above the surface) to reflect the theoretical tran-

sition of porosity from a value less than one in the soil to exactly one in air.

However, it can be seen from Figure 11.5a that this theoretical condition,

when applied within the current model structure, is not consistent with the

data observed at borehole 4, where �� < 1 would give rise to an improved fit

between simulation and observations. There are two physical reasons for this

finding. One is that an abrupt transition to �� ¼ 1 above the surface oversim-

plifies the complex and continuous transition in the uppermost layers of the soil,

or in dense mossy vegetation and organic litter just above the soil surface.

Perhaps a greater influence on the observed water levels is the accumulation of

water in topographic features that are not properly represented in the catchment

DTM. Allowing �� to be less than one above the surface leads to improved

simulated water levels, but it must be recognised that the parameter then becomes

less physically meaningful, and would be functionally compensating for errors

and simplifications in the model.

The model results shown in Figure 11.5 are clearly biased, this being particu-

larly notable for borehole 5, where the simulated water table is approximately

0.2 m below the observed level for much of the series. This bias can be attributed

to a difference between local and mean log-transmissivities. Once �� is known,

the local log-transmissivity lnðT0) can be estimated by rearranging (11.7). For

each borehole, (11.7) was therefore applied with the same simulated deficits and

observed water table depths as used to estimate ��. The resulting estimated local

transmissivities for boreholes 4, 5 and 6 were T0 ¼ 0:81m2 h�1, T0 ¼ 0:14m2 h�1

and T0 ¼ 0:68m2 h�1 respectively. The simulated local water table depths were

then revised, using the local values of T0 and ��. These are shown in Figure 11.6,

plotted along with the observed water levels and the original predicted levels,

based on the global transmissivity formulation. It can be seen that the local

transmissivities effectively correct for much of the bias in the original simulated

levels.

11.6 ESTIMATION OF SPATIALLY DISTRIBUTED �h AND lnðT0) USING
SPATIAL OBSERVATIONS

11.6.1 Spatial Predictions for Uniform Soil Properties: The ‘‘Global
Parameter’’ Model

Simulations of storage deficits in the network of 108 piezometers were carried

out for each of the five sets of observed water table depths. This was done in the

space domain only by application of (11.1), under an assumption that the dis-

charge on each occasion represented drainage from the saturated zone alone,

allowing the observed discharges to be used to calculate the catchment mean

storage deficit in each case after rearranging (11.3). Although some of the piezo-

286 R Lamb, K Beven and S Myrabø



meters indicate surface saturation (i.e. z < 0), use of the measured flow rates to

approximate the saturated zone discharge has been justified (Lamb et al., 1997)

on the basis that there was no rainfall during the measurement periods for the

three data sets for which �QQ � 0:61mmh�1, and that even under wetter condi-

tions, the ponded areas represent in large part extensions of the saturated zone,

arising due to local reductions in transmissivity, leading to exfiltration (or

‘‘return flow’’) accumulating on the surface in local depressions. Further discus-

sion of this approximation will be found at the end of this section.

Water levels at each piezometer location were first simulated using the global

transmissivity lnðT0Þ and an average value for �� of 0.05, which is the mean (to

one significant figure) of the estimates for boreholes 4, 5 and 6. The simulated

water levels can be considered as ‘‘validation’’ results for the global parameter

case, where the lumped saturated zone parameters were calibrated solely on the

basis of time series data. Simulated water levels are plotted as crosses in Figure

11.7, for each of the five values of �QQ, as a function of the local lnða=tan�Þ index
value. Also plotted as circles are the observed water levels. It can be seen that the

simple ‘‘global parameter’’ model is not able to explain the local variations in

water levels, the implication being that topography alone is insufficient to

account for spatial variations in the depth to the water table.
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11.6.2 Spatial Predictions for Distributed Effective Porosity: the
‘‘Distributed �h’’ Model

Spatially distributed values of �� were then calibrated as follows, using the

piezometer surveys for �QQ ¼ 0:1 and �QQ ¼ 0:61mmh�1. Equation (11.8) was

applied to estimate �� at each of the 108 piezometers, where instead of specifying

a time interval between t and tþ�t, the values of D̂D and z corresponded to �QQ ¼

0:1 and �QQ ¼ 0:61mmh�1 . These conditions were chosen to avoid using water

table measurements made at the two higher averaged flow rates, thus reducing as
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Figure 11.7. Piezometer water table depths, plotted against lnða=tan�) for the ‘‘global parameter’’

model (�� and lnðT0) both constant in space). Discharges for the five data sets increase as indicated

from graph (a) to graph (e). Circles are observations, crosses are simulated depths.



far as possible any overestimation of the ‘‘true’’ saturated zone discharge and

effectively integrating the estimate of �� over a vertical soil depth of the order of

10 cm, a much greater interval than that used in the case of boreholes 4, 5 and 6.

It will be realised that the centre of this interval was also closer to the surface in

places where the water table tends to be close to the surface.

The spatial pattern of �� is shown in Figure 11.8. The range between 0.02 and

0.40 encompasses 90% of the values, with a mean of 0.16. This may be compared

to a range of 0:1 < �� < 0:2, estimated from measurements in the field of drain-

able water content and total porosity. The largest calibrated value was 0.96.

Calibrated values of �� vary most in areas where the water table tends to be

closest to the surface. In areas where the water table is generally deeper, no large

calibrated values were obtained.

The spatial pattern of estimated �� values mapped in Figure 11.8 shows some

similarities with the patterns of observed water levels and surface elevations.

Particularly notable is the appearance of high values of �� along the main axis

of the valley, both close to the outlet and at the catchment boundary. These are

also areas where the water table rises above the surface, even at relatively low

flows (see Figure 11.4). Large estimated values of �� are to be expected in these

areas because of the use of data recorded close to or at the surface. However,

small estimated values of�� also occur in wet areas close to the catchment outlet.

It would be tempting to use the spatial patterns of soil depth, topography and

water table depths to postulate some more general relationship between these

variables and ��. However, any similarities between the patterns of these ‘‘inde-

pendent’’ variables and the spatial distribution of �� seem only to be very
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localised. When examined across the whole catchment, �� was found to be very

poorly correlated (R2
¼ 0:2) with the topographic index lnða=tan�Þ, and soil

depth (R2 < 0:1).
By applying the local values of �� to each piezometer location, revised simu-

lated water table depths were calculated, retaining the assumption of spatially

constant transmissivity. These simulated levels are shown in Figure 11.9, where

the data are plotted as a function of lnða=tan�). The data plotted in Figure 11.9b,

d and e are effectively ‘‘validation’’ results for the distributed-�� model since

these data were not used in the calibration of the distributed �� values. Data

shown in Figure 11.9a and c were used for calibration; however, it is worth

290 R Lamb, K Beven and S Myrabø

Figure 11.9. Simulated and observed piezometer water table depths for the ‘‘distributed ��’’ model

(lnðT0) constant in space). Circles are observations, crosses are simulated depths.



noting again in this context that the local values of �� were calibrated on the

basis of differences between these two piezometer surveys.

Comparison with Figure 11.7 shows that estimation of local values for �� has
introduced a degree of spatial variation into the predicted water levels that is

similar to the variation in the observations. Qualitatively then, the ‘‘distributed

��’’ model appears more realistic than the original model, although there are still

many errors in the predicted water levels.

The root mean squared error (RMSE) for each set of simulated water levels

was computed for both the ‘‘distributed ��’’ and ‘‘global parameter’’ models (see

Table 11.1 below). Lower RMSE values for the distributed �� model confirm the

visual impression of an improvement in the simulated water levels.

11.6.3 Estimation of Distributed Transmissivities

Given knowledge of local values of ��, (11.7) was applied to calibrate the

local log-transmissivity at each piezometer. The simulated storage deficit D̂D was

calculated for �QQ ¼ 0:61mmh�1, representing the median of the range of flow

rates under which the piezometer data were collected. The resulting values of

lnðT0) are plotted as a contour map in Figure 11.10, and range from �10:3 to

24.4, with a mean of 2.5. However, 92% of the estimated values lie within the

range �5:0 < lnðT0Þ < þ5:0, for which the mean value of 0.77 is much closer to

the global log-transmissivity calculated from the calibrated value of Q0

ðlnðT0Þ ¼ 0:27).
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Physically, it might be expected that lnðT0) would be related to soil depth,

because, for any two locations having identical soil characteristics but different

soil profile depths, the lateral transmissivity when saturated would be greater for

a deeper profile. However, no clear relationship was found between local lnðT0)

and soil depth (correlation coefficient of �0:2). It can be seen from Figure 11.10

that the interpolated spatial pattern of lnðT0) is complex and not easy to inter-

pret, although there may be a weak correspondence between areas of low trans-

missivity and areas shown in Figure 11.4 to be wettest. An alternative

explanation could be that the local transmissivity parameter might act to com-

pensate for errors in estimating the ‘‘true’’ upslope contributing area from a

DTM. Such compensation could occur because of the interaction between lnðaÞ

and lnðT0) implied by the right-hand side of (11.1).

11.6.4 Spatial Predictions for Local Soil Properties: the ‘Distributed
Parameter’ Model

Water table depths were simulated using the ‘‘distributed parameter’’ model

(local estimates of �� and ln(T0) ) and are shown in Figure 11.11, plotted as a

function of lnða= tan�) along with the observed water levels. Because the data

sets for �QQ ¼ 0:1mmh�1 and �QQ ¼ 0:61mmh�1 were those used to calculate the

distributed parameters, it is not surprising that the simulated water table depths

for these two mean discharges fit very well to the observations (Figure 11.11a and

c). However, this outcome was, again, not inevitable, given that �� is computed

using differences between the two data sets, whereas lnðT0) is calculated solely on

the basis of the �QQ ¼ 0:61mmh�1 measurements (Figure 11.11c).

Also notable is the very close fit (RMSE ¼ 1:2 cm) between simulated and

observed water table depths for the �QQ ¼ 0:54mmh�1 data (Figure 11.11b), which

were not used in calibration. However, for wetter conditions ð �QQ ¼ 4:89 or

6:8mmh�1) it can be seen from Figure 11.11d and e that the distributed para-

meter model performs less well, leading to errors at a few locations that are as

large as those produced by the original, ‘‘global parameter’’ TOPMODEL.

Despite these errors, the RMSE results in Table 11.1 suggest that the distrib-

uted parameter formulation still performs better in predicting water table depths

for the wetter catchment conditions than either of the simpler models tested. The

model formulations are also compared in Table 11.2, which gives the frequency

(as a percentage of all piezometers) for which the local parameter models per-

formed better than the global case, irrespective of the magnitude of errors. These

results confirm the improvement in predictions made using distributed

parameters.

Spatial patterns of the simulated depth to water table were constructed by

interpolating TOPMODEL predictions, using distributed parameters, at each

piezometer site onto a 2m� 2m grid, using the same algorithm adopted for

the observed data. The simulated patterns are shown in Figure 11.12 and can

be compared to the observed water table depths in Figure 11.4. There is a very
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high level of agreement between the simulated and observed patterns. Recall that

the observed patterns for �QQ ¼ 0:1 and 0:61mmh�1 were used for calibration of

the spatially variable �� and lnðT0) so these patterns would be expected to be

almost identical (which they are). The observed patterns of depth to water table

are not appreciably different for the values of �QQ ¼ 0:54 and 0:61mmh�1, reflect-

ing the minor difference in magnitude of �QQ (i.e. the patterns are essentially for the

same runoff magnitude, albeit measured at a different time). The simulated

patterns are therefore also not appreciably different from each other or the

observed patterns. The simulated patterns for �QQ ¼ 4:9 and 6:8mmh�1 do differ
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Figure 11.11. Simulated and observed piezometer water table depths, using the ‘‘distributed para-

meter’’ model (�� and lnðT0) both spatially distributed). Circles are observations, crosses are simu-

lated depths.



from the observations with the width of the saturated area in the main drainage

line being over-predicted (i.e. too wet) and the depth to water table around the

boundary tending to be over-predicted (i.e. too dry). The general pattern is still

well simulated because this is dominated by the spatial pattern of the calibrated

�� and lnðT0). These parameters impose a basic pattern which is the same for

each wetness level; it just moves ‘‘up and down’’ depending on the overall wet-

ness. The key to such good agreement between Figures 11.12 and 11.4 is the

availability of enough detailed spatial observations to calibrate the spatial pat-

terns of �� and lnðT0).

As noted above, spatial parameter calibration and simulation were carried out

under an assumption that the recorded (averaged) flows during each piezometer

survey were discharged from the saturated zone alone. This assumption might

overestimate the true saturated zone discharge for the wetter conditions.

However, it is not at all certain what proportion of the flows recorded during

piezometer surveys should be assumed to have reached the outlet via a surface

‘‘storm runoff’’ route. Further complications arise because of macropore and

pipe flows, leading to rapid sub-surface responses, combined with relatively
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Table 11.1. Root mean squared errors (cm) for spatial water table simulations. Parentheses
indicate data sets used for calibration of local values of ln (T0)

Q (mmh�1)

RMSE

Global parameter1 Local �h 2 Distributed parameter3

0.10 22.5 10.4 5.5

0.54 15.0 9.4 1.2

0.61 14.7 9.1 (1:2� 10�5)

4.89 9.7 7.5 5.7

6.80 9.1 7.5 5.7

1 Spatially constant �� and lnðT0Þ
2 Local values of ��, spatially constant lnðT0Þ
3 Local values of �� and lnðT0Þ

Table 11.2. Frequency table for comparison of model formulations. Parentheses indicate data
sets used for calibration of local values of ln (T0)

Mean discharge (mmh�1) 0.10 0.54 0.61 4.89 6.80

% of points where distributed �� model is

better than global model

64 52 51 27 22

% of points where distributed parameter

model is better than global model

94 93 (100) 67 64

% of points where distributed parameter

model is better than distributed �� model

90 94 (100) 58 57
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Figure 11.12. Water table depths simulated using the distributed parameter model for the five time-averaged

flow rates corresponding to the observed water table patterns shown in Figure 11.4. Depths are in cm

(positive downwards).



low topographic gradients in the valley bottom, and the role of sub-grid scale

topography. The preceding results could therefore be altered by different

assumptions about the partitioning of the gauged runoff, although the principles

of the calibration approach are not affected.

To provide a simple test of implications of runoff partitioning, the satu-

rated zone discharge was adjusted for the two water table surveys

ð �QQ ¼ 4:89mmh�1, �QQ ¼ 6:8mmh�1) during which rainfall was observed.

Flows were reduced by an amount equal to the product of the rainfall

during the survey and the proportion of the catchment that was saturated

(as estimated from the interpolated water table maps in Figure 11.4). This

straightforward partitioning caused the assumed flow rates to be reduced by

up to approximately one-third of the recorded value. The reduced flow rates

lead to reductions in saturated zone discharge, implying slightly increased

catchment average storage deficits. Local deficits therefore increased uni-

formly, and calibrated transmissivities decreased slightly to compensate.

However, the effects on parameter estimates were only very slight. Water

levels were then simulated using the distributed parameter formulation;

root mean squared errors increased by no more than 11%, compared to

the results obtained for the original saturated zone flow rates.

11.7 UNCERTAINTY ESTIMATION AND SPATIALLY DISTRIBUTED DATA

The formulations of TOPMODEL developed in this chapter represent a very

simple approach to distributed hydrological modelling although establishing

the spatially variable values of �� and lnðT0) required a substantial amount of

spatial data. One of the main motivations for adopting a simple approach is to

obtain a model that has as few unknown parameters as possible. This has the

advantage of reducing the number of degrees of freedom present if the model has

to be fitted to observations of ‘‘output’’ or ‘‘internal state’’ variables, which are

often more accessible than physical measurements of parameters.

However, even using a simple and parsimonious model structure, there may

still be considerable uncertainty about the values of some or all of the model

parameters. A number of studies (e.g. Freer et al., 1996; Franks et al., 1997;

Lamb et al., 1998b) have used Monte Carlo methods with variants of

TOPMODEL to reveal that there may be multiple sets of parameter values

that lead to similarly acceptable simulations, judged in terms of various objective

functions. This behaviour, which is well known as ‘‘non-uniqueness’’ or

‘‘equifinality’’, appears to be a generic problem, and has been noted in a number

of contexts, such as groundwater modelling (Neuman et al., 1980), catchment

modelling (Binley and Beven, 1991; Duan et al., 1992), hydraulic floodplain

inundation modelling (Romanowicz et al., 1994), and in predictions of water

quality (Beck, 1987; Zak et al., 1997).

Parameter uncertainty resulting from the presence of equifinality can be

expected to lead to uncertainty in predictions. Uncertainty can also be expected

296 R Lamb, K Beven and S Myrabø



as a result of the difference in hydrological models between the scale of model

solutions and the scale at which physical measurements can be made, as a result

of errors in measurements, and of errors in the translation of real processes to the

mathematical constructs used in all conceptual or physical models (also see dis-

cussion on pp. 19–22, 27 (Chapter 2) related to the matching of process, measure-

ment and model scales, and pp. 70–4 (Chapter 3) on model complexity).

Uncertainty about TOPMODEL predictions in the Seternbekken Minifelt

has been investigated by Lamb et al. (1998b). This work used the Generalised

Likelihood Uncertainty Estimation procedure (GLUE) of Beven and Binley

(1992), a Bayesian Monte Carlo method that can be applied to investigate

how different sets of observed data constrain parameter and simulation uncer-

tainty, i.e. to see how useful the detailed spatial measurements of piezometric

heads are as compared to other types of information such as runoff, or time

series of heads for a small number of piezometers. GLUE is a fairly generic

procedure and is easily implemented for nonlinear models of arbitrary complex-

ity, given sufficient computing resources. In the context of distributed subsur-

face hydrological modelling, GLUE can be related to Monte Carlo methods as

described by Peck et al. (1988). For comparison, a comprehensive treatment of

Bayesian parameter estimation in groundwater modelling has been given by

Neuman and Yakowitz (1979), whilst Cooley (1997) has compared various

methods for estimating confidence intervals for a nonlinear regression model

of a hypothetical groundwater system. The GLUE procedure will not be

described in detail here, but, briefly, involves random generation of a large

number, M, of independent sets of model parameter values (typically

M � 10,000). For each parameter set, a model simulation is performed, and

the value of a goodness-of-fit function or ‘‘likelihood measure’’ calculated. This

likelihood measure may be a function of one or more observed variables.

Parameter sets for which the likelihood measure falls below a specified thresh-

old are rejected as unacceptable simulators of the observed data.

For the Seternbekken catchment, Lamb et al. (1998b) used the following

function to define the likelihood measure L for the ith parameter set �i, given

observations Y, such that

L �i Yjð Þ ¼ exp �W �
�2
e

�2
o

 !
ð11:9Þ

where �2
e is the variance of the simulation errors, �2

o is the variance of the obser-

vations and Wi is a weight. Equation (11.9) has the property that when N dif-

ferent sets of observations Y1;Y2; . . . ;YN are combined using the principle of

Bayes’ theorem, the resulting ‘‘updated’’ value of L, is given by

L �i Y1;:::;N

��� �
¼

1

C
� exp � W1 �

�2
e;1

�2
o;1

þW2 �
�2
e;2

�2
o;2

þ � � � þWN �
�2
e;N

�2
o;N

 !" #

ð11:10Þ
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where the scaling factor

C ¼
XM
i¼1

L �ijY1;...;N

� �
ð11:11Þ

The exponential term in (11.9) implies additive combination of individual error

variance terms within the exponent of (11.10). This is an important feature if �i

successfully reproduces some sets of observations but is very poor at simulating

others; it may be considered undesirable in this case to reject �i, but this would

almost certainly happen if the individual variance ratios were multiplied together

directly. The weight given to the ith set of observations is controlled by choosing a

value for Wi.

Equation (11.10) was applied in the case of the Minifelt to examine the

changing statistical distributions of L conditioned on different combinations of

flow data, borehole water level time series and spatial patterns of piezometer

water table depths. Uncertainty bounds can be constructed for any simulated

variable using the array of values of L conditioned on any combination of

observed data sets as follows: First, the simulations at every ordinate (time

step or location) are sorted in terms of magnitude, and the corresponding dis-

tribution for L is found. Then, uncertainty bounds are drawn at values of the

simulated variable corresponding to selected quantiles of the distribution of L, in

this case the 10th and 90th percentiles.

The GLUE procedure was applied using the simple, ‘‘global parameter’’ for-

mulation of TOPMODEL to estimate the uncertainty about simulations of the

spatially distributed water table depths at every piezometer location and to assess

the utility of different sorts of data (catchment discharge, piezometric levels from

a few logged boreholes, levels from the 108 piezometers) in constraining uncer-

tainty. The main reasons for not using either of the distributed (local) parameter

formulations were the computational demands involved in generating sufficient

parameter sets to sample independently from a wide range of possible values for

local parameters at each of over 100 locations, and then storing the resulting

simulations.

Figure 11.13 shows, for three of the piezometer data sets, the uncertainty

bounds computed using spatially constant parameters, conditioned firstly on a

combination of time series observations (flows and logged borehole water levels),

secondly on the errors in simulating the 108 spatially distributed piezometer

water table depths and, thirdly, on a combination of the time series and spatially

distributed data. The flow and borehole data were given equal weighting with the

piezometer data in (11.10).

It can be seen from Figure 11.13 that, for the drier parts of the catchments

(small lnða=tan�Þ), uncertainty bounds conditioned on the patterns of piezometer

observations (dashed lines) are slightly narrower than the bounds conditioned on

time series data (dotted lines) while, for the wetter parts of the catchments (large

lnða=tan�Þ), they are wider. This indicates that in the drier parts of the catch-

ments that are closer to the ridges, patterns of depth to the water table are indeed
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valuable. However, in the gullies their value is significantly lower than that of the

dynamic information of streamflow and water table. This may be due to surface

water ponding in which case the piezometers do not contain much information

on the characteristics of catchment response. The combined case in Figure 11.13

(solid line) shows narrower bounds than either of the other two cases as the

simulations are constrained by both patterns and time series data. However,

this does not necessarily mean that constraining the parameters by both patterns

and time series data improves the accuracy of the distributed model. In fact, the

bounds of the combined case exclude a large proportion of the observations,

especially where the water table is high. In order to interpret this it is important

to realise that the total uncertainty of a model simulation is the sum of uncer-

tainty in the parameters, uncertainty in the inputs and uncertainty in the model

structure. The uncertainty bounds in Figure 11.13 only reflect uncertainty in the

parameters, assuming that the effects on the function L of data and model

structure errors are similar for all parameter sets. While we assume that uncer-

tainty in the inputs is relatively small, it is likely that if model structural uncer-

tainty were included in the GLUE procedure, the bounds would significantly

change to cover the larger scatter in the observed borehole data. Indeed, the

TOPMODEL concepts impose a relatively high degree of structure on the sys-

tem, as they are based on quasi one-dimensional (in the map view) flow redis-
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tribution. In order to obtain wider uncertainty bounds that may be more con-

sistent with the data in Fig. 11.13, one would therefore also have to vary the

model structure, in addition to the parameter values.

Some indication of the effects on local uncertainty of knowledge of water

levels at a number of points can be gained by examining simulation uncer-

tainty bounds for water levels in the four logged boreholes. These are shown

in Figure 11.14 for three of them, where two sets of bounds are drawn, the

first (denoted ‘‘conditioned on local data’’) being conditioned separately on

the observations in each individual borehole, the second being conditioned on

a combination of the errors in simulated water levels for the three boreholes

together.

Figure 11.14 shows that the uncertainty about simulated water levels is

comparable to that seen in Figure 11.13 for the piezometer water table depths.

The uncertainty bounds computed for the logged boreholes, conditioned sepa-

rately on the data from each location, do not vary greatly over time. This is in

contrast to the more dynamic observed levels. The apparent lack of response

may be a consequence of the simplification of subsurface dynamics inherent in

the TOPMODEL formulation. However, individual parameter sets can be
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found to simulate the water level data in each borehole quite well, as illustrated

in Figure 11.5. Other factors must therefore be considered to explain the rather

‘‘flat’’ uncertainty bounds. It was found by Lamb et al. (1998b) that the

immediate reason for the lack of realistic dynamics in the borehole uncertainty

bounds was uncertainty about the value of ��, brought about by the degree of

interaction in the model structure between parameters. This is consistent with

the interpretation of Figure 11.13. Inspection of Figure 11.14 shows that taking

account of observed water levels in all logged boreholes (dashed lines) generally

tends to increase the uncertainty about simulated water levels, with the excep-

tion of the first part of the record for borehole number 4. This suggests that the

addition of information from three points in the catchment does not constrain

the uncertainty about predictions made using the simple, global parameter

model at a given point but widens the range of possible parameter values

and therefore the range of possible simulation results. This finding is likely

to reflect the limitations of the model structure, suggesting that good simula-

tions cannot be obtained at different points using the same parameter values

everywhere.

11.8 SUMMARY

Observed spatial patterns of water table depth based on measurements at 108

locations have been used here to carry out spatial calibration of the distributed

rainfall-runoff model TOPMODEL. The model calibration was formulated in

three ways, as follows:

1. A ‘‘global parameter’’ case, where soil parameters have the same, areally

averaged value everywhere and the distribution of saturated zone storage

deficits is determined by topography alone.

2. A ‘‘distributed effective porosity (��)’’ case, where a catchment average

effective transmissivity is used such that topography alone controls the

distribution of saturated zone storage deficits, but the pattern of water

table depths also depends on locally-estimated values of ��.
3. A ‘‘distributed parameter’’ case, where the distribution of saturated zone

storage deficits is a function of topography and locally-estimated values of

the log-transmissivity, lnðT0). In this case, the final distribution of water

table depths also depends on locally-estimated values of ��.

The local parameters were ‘back-calculated’ using a subset of the available spatial

data. There is a risk that this method, like most model calibration procedures,

may introduce an element of circular reasoning; parameters estimated using a

given set of observations should be expected to lead to good simulations of the

same data. Testing of the model on data not used for calibration is a typical

response to this problem, and one that has been followed here (i.e. split sample

testing – see Chapter 3, p. 76 and Chapter 13, p. 340 for further discussion).

Spatial patterns of the calibrated local parameters were difficult to interpret.

Comparison with maps of topography, soil depth and observed water table
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depths suggested some weak correspondence between the variables in limited

areas. However, correlation analyses showed there to be no general relationships

between these observed variables and the calibrated local parameters.

Despite the difficulty in explaining physically the patterns of the calibrated

parameters, it has been shown that estimation of local values greatly improves

the simulation of spatial patterns of water table depths over a range of condi-

tions. The results for the root mean squared errors (Table 11.1) of simulations

using the three TOPMODEL formulations showed clearly that the distributed

parameter model gives rise to relatively accurate simulations of water table pat-

terns within what remains a simple model structure. This was made possible by

the large amount of information on spatial patterns of water table depth which

enabled the spatial calibration to be carried out.

Although the global parameter formulation of TOPMODEL is quite suc-

cessful in simulating streamflows from the Minifelt catchment, it has been

shown that a topographic control on the spatial distribution of storage is not

a complete description for this catchment; spatial predictions made using the

same soil parameter values everywhere were in fact wrong in most places,

leading to a high degree of predictive uncertainty. The patterns of water

table levels have allowed us to develop a spatially-calibrated model while

retaining the original, simple structure. Even so, it has to be recognised that

model assumptions still differ in some important respects from physical pro-

cesses in the Minifelt. A further challenge will be to reconcile such differences

but this will not be possible with the present model structure. TOPMODEL as

used here greatly simplifies the spatial dynamics of catchment responses. In

particular, overland flow is not treated explicitly, macropore flow is not repre-

sented and the downslope dynamics of the saturated zone are represented as a

succession of steady states.

Despite these simplifications, subsurface water level responses in specific loca-

tions can be simulated reasonably well, and the pattern of the water table can be

reproduced realistically when local soil parameters are used. An important ques-

tion is whether or not the improved local predictions represent a meaningful

improvement in modelling capability. Ideally, confidence in the distributed para-

meter model formulation would be enhanced by a physically convincing explana-

tion for the values (and patterns) of the inferred, local parameters.

Unfortunately, this was not possible. Likely reasons include that the conceptual

definition of model parameters is not the same as the physical definition of

measured properties, and that model parameters may be compensating for the

effects of processes not explicitly represented in the model structure, possibly at

sub-grid scales.

Results from the GLUE procedure suggest that whilst local or ‘‘point’’ data

can help to constrain predictive uncertainty for distributed water levels, the

interaction between parameters can still produce rather wide uncertainty bounds.

This is also a consequence of limitations in the model structure which made it

difficult to determine the value of different types of data in constraining uncer-

tainty.
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Assessment of confidence in distributed models should include testing against

spatial data, both within an uncertainty framework and, where parameters can be

calculated directly, in a manner similar to the ‘‘split-sample’’ approach. We have

been fortunate to have access to detailed spatial data, allowing both these

approaches to be explored. It is to be hoped that the collection of such distributed

data sets will continue, both for the development of conceptual understanding of

hydrological systems and for the refinement of distributed models.
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