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2. Introduction  

 

Scientific advice to an environmental policy maker or manager typically relies on one, or a 

combination of, data collection and modelling.  Environmental data are rarely certain or 

‘error-free’.  Rather, the combined effects of measurement error, sampling, interpolation 

and re-scaling, among others, can lead to uncertainties about the underlying variables, 

which may be significant for some applications (Zhang and Goodchild, 2002).  Similarly, 

environmental models are inherently imperfect because they abstract and simplify real 

patterns and processes.  Indeed, an important aim of modelling is to establish the simplest 

description possible for adequately addressing a particular problem.  Uncertainties in 

environmental data combine with uncertainties in models and lead to uncertainties in model 

predictions; that is, uncertainties propagate through models. 

 

In recent years, rescaling of data and models has received increasing attention as a source 

of uncertainty in environmental research (Blöschl and Sivapalan, 1995; Bierkens et al., 

2000). This partly reflects a consensus that environmental patterns and processes are 

strongly scale-dependent (Blöschl and Sivapalan, 1995) and that the implications of scale, 

and changes between scales, are frequently ignored when assessing uncertainty (Beven, 

1995). It also reflects an increasing demand for “policy-relevant” environmental research 

(Clifford, 2002), where there is a need to integrate social and physical perspectives on 

environmental problems that traverse a range of political and geographic scales (Dumanski 

et al., 1998).  The need to operate at a range of scales, or to change between scales, 

introduces uncertainty because the dominant patterns and process controls may not be 

known at all scales, or incorporated practically in models at the scales of interest 

(Heuvelink and Pebesma, 1999).    

 

This report examines the implications of scale for uncertainty analyses of environmental 

models.  It does not provide a detailed theoretical framework, or a practical guide, for 

assessing scale-related uncertainties, both of which can be found in Bierkens et al. (2000).  

Rather, it provides a brief overview of scale effects in relation to data uncertainties (Section 
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3), and model uncertainties (Section 4), followed by a case study, in each section, of how 

these uncertainties can be evaluated in practice.   

 

3. Scale effects in uncertainty analyses of environmental data 

 

3.1 Introduction  

When model inputs, or the observations used to test model predictions, are defined with a 

different control volume or “support” from that required by the model, these data must be 

aggregated or disaggregated, or the model must be redefined at an appropriate scale 

(Heuvelink and Pebesma, 1999; Bierkens et al., 2000).  The basic elements of “scale” 

include the domain chosen to represent a real entity, together with the size, resolution, 

shape, and orientation of the “building blocks” or space-time units (i.e. support) used to 

discretize that entity (Webster and Oliver, 1990).  Aggregation or disaggregation of data is 

commonly referred to as the ‘change of support problem’ (Journel and Huibregts, 1978), 

the ‘modifiable areal unit problem’ (Cressie, 1993) or the ‘scale problem’ (Burt and Barber, 

1996). In aggregating spatial data it is assumed that the geometry of the control volume can 

be rescaled without deforming the original data (i.e. perfect tessellation) otherwise a 

‘positional’ or geometric uncertainty is introduced.  If the input data are uncertain, these 

uncertainties will propagate through the rescaling model to the model output, i.e. the 

rescaled quantity.   

 

An important consequence of representing model inputs as stochastic quantities is that 

changes in support will affect the variance of a probability model more than its expected 

value.  For example, in a study of soil acidification with the SMART2 model, Kros et al. 

(2002) found that predicted concentrations of aluminium and nitrate in the soil solution 

were highly dependent upon the support size of model entities.  In practice, space-time 

aggregation should lead to a reduction in uncertainty and to an increase in spatial 

autocorrelation, because much of the variability at finer scales is lost and, thus, disappears 

as a source of uncertainty and spatial divergence (Cressie 1993).  Disaggregation of spatial 

data necessarily leads to uncertainty about the precise value of a given variable at a specific 

location, because its value is only partially constrained by available knowledge.  
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Specifically, it is constrained by the attribute value at an aggregated level (e.g. the block 

support).  Assessments of uncertainty in disaggregated data may be highly subjective, 

because the spatial variation of the attribute is rarely known at the disaggregated level.  In 

contrast to aggregation, space-time dissaggregation will lead to an increase in uncertainty 

and a reduction in spatial autocorrelation because the attribute variability is increased at 

finer scales. 

 

3.2 A case study of the Odense River Basin 

 

Odense River Basin 

The Island of Fyn covers approximately 3000 km2, of which the Odense river basin covers 

approximately 1190 km2 (figure 1).  The present landscape was formed during the last 

glacial period.  The topography is characterised by low rolling hills with three major 

topographic highs of about 100 meters divided by a central lowland.  Quaternary deposits 

up to 150 meters thick are exposed at the surface and consist primarily of clayey till with 

lenses and alternating layers of outwash sand, gravel and clay.  The most regionally 

extensive and most heavily exploited aquifer on Fyn consists of Quaternary outwash sands 

bounded by upper and lower fine-grained deposits.  Approximately 80% of the Island of 

Fyn is cultivated. 

 

The annual precipitation and reference evapotranspiration in the Odense basin are about 

900 mm and 600 mm, respectively.  There is a positive precipitation gradient from the 

northern coast toward the southern boundary of the catchment.  The phreatic groundwater 

table is close to the surface and the low lying areas are generally drained by tile drains.  All 

water supplies are obtained from groundwater abstraction.  The two main water resource 

problems in the area are: 1) groundwater pollution due to point and non-point sources; and 

2) eutrophication of the Odense Fjord due to agricultural, non-point source, pollution. 

 

The Odense Pilot River Basin (OPRB) project comprises Denmark’s contribution to the 

testing of a number of EU guidance documents for the Water Framework Directive (WFD).  

Further information about the basin, its environmental status and the key water 
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management issues can be found in Fyns Amt (2003).  Modelling of the surface- and 

groundwater hydrology, together with the water quality of the Odense Fjord, was conducted 

as part of the OPRB.  This included assessments of the uncertainties in model predictions, 

of which a significant component could be attributed to (changes in) the support of the field 

data available to build and test the models.  These scale-related uncertainties are considered 

below.  

 

Figure 1: The Odense River Basin in Denmark 

 

 

 

Sources of uncertainty 

The main sources of uncertainty in the field data collected for the OPRB were: 
 

• Field instruments (instrument errors, instrument calibration errors); 
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• Laboratory analysis (sample conservation and transport, instrument errors, instrument 

calibration errors, laboratory induced uncertainty); 

• Models relating a measured variable to the variable of interest.  This applies in cases 

where the measurements are indirect, e.g. when transforming water level measurements 

to discharge values via a rating curve; 

• Representativeness of the samples in space (spatial heterogeneity, sampling frequency 

and choice of interpolation/extrapolation/upscaling method); and 

• Representativeness of the samples in time (temporal variability, sampling frequency 

and period, choice of interpolation/extrapolation/upscaling method). 

 

The latter two sources include the effects of upscaling from the measurement support to a 

larger scale.  For example, in the case of river discharge, they relate to upscaling from the 

point support to the cross-sectional support and from instantaneous to monthly average 

values.  As noted by Rode and Suhr (in press), the sources of uncertainty related to 

upscaling are often dominant when compared to field instrument and laboratory 

uncertainty.  In the following sections, some of the data collected from the OPRB are 

described together with their associated uncertainties.  Further details can be found in Van 

der Keur (2005). 

 

Precipitation data 

Daily values of precipitation are available from seven stations in the OPRB for the period 

1990-2003 (Thomsen and Rosenørn, 2004).  Precipitation data are measured by manual 

reading of the water accumulated in a Hellman raingauge (positioned 150 cm above the 

ground) over a period of one day. 

 

The precipitation data are known to be biased, since wetting and wind effects cause the 

measured data to significantly underestimate the actual precipitation (Allerup and Madsen, 

1979).  If the bias is sufficiently well quantified, it may be corrected with a multiplication 

factor.  The correction factor will vary seasonally, with the highest corrections (largest 

underestimates) in winter months, when the average wind speeds are higher and some of 

the precipitation falls as snow (Allerup et al., 1998).  The mean correction factor is 1.21.  If 
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the bias cannot be quantified with sufficient certainty, it must be incorporated in an 

uncertainty analysis.  This is achieved by specifying a probability distribution for the 

expected value of the precipitation.  After accounting for bias, the residual (partially 

correlated or random) uncertainties must be quantified.  

 

For precipitation data, the measurement support is essentially a single point in space (the 

area of the gauge is 200 cm3) and a day in time.  For all the hydrological models of Fyn, the 

precipitation data is traditionally assumed representative of a model grid cell or sub-

catchment, ranging in size from a few hundred metres to a few hundred square kilometres.  

In this example, we have chosen to upscale the spatial support of the precipitation data to 

170 km2, which corresponds to the average area covered by one station if the seven stations 

are used to estimate precipitation over the entire basin. 

 

Rather than performing a detailed statistical analysis on precipitation data from the OPRB, 

we decided to use the results from a previous study in another Danish catchment, Suså, 

which has a similar climatic regime (Allerup et al., 1981; 1982). This study used a detailed 

statistical analysis on a large set of precipitation gauges.  However, in order to transfer the 

results to the OPRB, several assumptions must be introduced. The main assumptions and 

their implications are discussed below. 

 

In the studies by Allerup et al. (1981; 1982), areal precipitation was estimated for the 800 

km2 Suså basin using data from 14 monitoring stations.  They found that the areal 

precipitation followed a normal distribution with a standard deviation (σ) that was 

proportional to the mean precipitation (µ) and varied with the upscaled temporal support.  

Specifically, they found that σ for daily precipitation was about 60% of the mean daily 

precipitation, σ for monthly precipitation was about 10% of the mean monthly precipitation 

and σ for annual precipitation was about 6% of the mean annual precipitation.  If we 

assume that the 14 stations are equally spaced and weighted, and their uncertainties are 

statistically independent, the σ of the daily precipitation at one station, representing an area 

of 800/14 = 57km2 (σ57km), may be computed from the standard deviation of the overall 

areal precipitation (σ800km) as follows: 
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Nkmkm ⋅= 80057 σσ      (1) 

 

where, N is the number of observations (i.e. 14).  In the presence of spatial autocorrelation, 

N is an effective quantity 
∧

N , which is the equivalent number of stations required to 

estimate the areal precipitation for a given standard error.  The quantity  
∧

N  will always be 

larger than N, or in other words the effective sample size will decline with spatial 

autocorrelation, because there are fewer degrees of freedom.  Spatial autocorrelation 

functions for daily and monthly precipitation are given in Allerup et al. (1981, 1982).  For 

daily precipitation the spatial autocorrelation for a length corresponding to 57 km2 (7.6 km) 

is 0.4.  This equates to an effective sample size of 12.5 monitoring stations or a standard 

deviation for the areal precipitation, σ800km, that is 60 * √12.5  = 210% of the standard 

deviation for a single station.  This calculation may be repeated for different N, which leads 

to figure 2.   

 

Figure 2: σ (%) for daily precipitation as a function of the upscaled support 
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For the Odense river basin, we need to upscale the spatial support to 170 km2 (1190 km2 / 7 

stations), which is equivalent to a standard deviation of about 105% of the daily mean 

precipitation.  For monthly values the spatial autocorrelation is larger.  Using the 

correlation function for monthly values (Allerup et al., 1981), the relationship between 

spatial support and standard deviation follows that in figure 3.  Thus, the standard deviation 

of the monthly precipitation at the upscaled spatial support of 170 km2 is 19% of the 

monthly mean precipitation.  If the correlation structure for annual values is similar to the 

monthly correlation, the standard deviation for annual values upscaled to 170 km2 (13 km) 

is 11%.  If, as might be expected, the annual correlations are higher than the monthly 

values, the standard deviation for the annual values would be less than 11%.   

 

Figure 3: σ (%) of the monthly precipitation as a function of the upscaled support 
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and Allerup et al., 1981 also).  Given these assumptions, the standard deviation of the 

monthly and annual rainfall can be estimated from the standard deviation of the daily data.  

For example, the standard deviation on the monthly data is (30/2)-½ * 105% = 27%, which 

is larger than the 19% implied in figure 3.  The standard deviation of the annual values is 

(365/2)-½ 105% = 8%, which is smaller than the standard deviation given above (i.e. 11%).  

These differences should be expected as Allerup et al. (1981, 1982) use a more 

sophisticated model of the space-time correlations.  Nevertheless, the differences are 

relatively small, both in absolute terms and in the context of the other assumptions made, 

such as the stationarity of the variance and spatial/temporal correlations between stations. 

 

Discharge data 

The Odense basin contains 10 discharge monitoring stations where water levels are 

measured continuously.  Water velocities are measured periodically (approximately 

monthly) and discharges are computed from a rating curve, which varies in time due to 

changes in channel form and friction.  Specifically, the water levels are transformed to 

average daily water levels, from which average daily discharges are then computed from 

the time-varying rating curve.  Data are available for the period 1990 – 2000. 

 

According to the National Environment Research Institute (the authority responsible for 

discharge measurements in Denmark), the uncertainty on discharge data increases with the 

measured flow and typically amounts to 10% of the gauged flow for daily data or 5% for 

annual average data (Refsgaard et al., 2003).  The spatial support of the discharge data is 

the river cross-section, while the temporal support is one day. For simplicity, the 

uncertainties on the daily data are assumed to be normally distributed and unbiased (i.e. 

zero-mean), with a standard deviation of 10% of the measured discharge.  In practice, 

consistent under- or overestimation of ‘true’ discharge values (i.e. bias) is common.  For 

example, the discharge will be heavily underestimated when bankfull water levels are 

reached.  If the bias is known adequately, it may be removed from the expected value, 

E(X); otherwise, a pdf must be defined for E(X).  

 



HarmoniRiB                                      May 2006   Deliverable D2.3  

 13 

An exponential function was chosen to model the temporal autocorrelations with a range of 

90 days.  Although somewhat arbitrary, exponential correlations are common in time-series 

analysis (e.g. Sivapalan and Blöschl, 1998).  The 90-day range was deduced from the 

standard deviation of the daily (10%) versus annual flows (5%) using the error propagation 

equations (i.e. as above).  Thus, given a standard deviation of 10% on the average daily 

flow and an exponential correlation function with a 90-day range, an effective sample size 

of 4 (or 360/4 = 90 days) leads to a standard deviation of 5% on the annual average data. 

 

Total Nitrogen in streams 

The concentration of total nitrogen (TN) in streamwater is recorded at some of the water 

level monitoring stations in the OPRB.  Daily data have been collected from 4 stations for 

the period 1990-2000.  The samples for TN analyses have a temporal support of one day 

and a spatial support of one sample volume; that is 100ml.  In this example, the spatial 

support must be increased from the 100 ml ‘point support’ to the dimensions of the river 

cross-section for use in a 1D water quality model.  Thus, the key sources of uncertainty are: 

1) the measurement uncertainty; and 2) the uncertainties associated with upscaling the TN 

to the average cross-sectional concentration.   

 

The cross-sectional concentration of TN is assumed to follow a normal distribution, as 

recommended by Rode and Suhr (2005).  The measurement errors are also assumed 

normally-distributed with a standard deviation equal to 5% of the measured TN (Rode and 

Suhr, 2005).  The key difficulty here is to upscale the spatial support of the TN 

measurements.  If more samples were available, the pdf for the cross-sectional 

concentration could be estimated through block-Kriging (Goovaerts, 1997).  However, with 

only one measurement available, expert judgement was required.  According to Rode and 

Suhr (2005) the standard deviation of the point sample should be increased by a factor of 2 

to account for the effects of upscaling, leading to a standard deviation of 10%.   
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Figure 4: daily and monthly total Nitrogen in streamwater  
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Figure 5:  autocorrelation of TN for the period 1990-2003 after removing seasonal effects 
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to re-scaling the model predictions, namely: 1) rescaling the inputs and running the model 

at the required scale; or 2) running the model at the support of the available inputs, and 

rescaling the model outputs.  The choice of route will depend on a combination of 

theoretical and practical issues, such as the validity of the model at a particular support, the 

execution times and the need to recalibrate the model for a new support.  For linear models, 

the route chosen will have no impact on the model predictions and hence predictive 

uncertainties (other factors being equal).  In contrast, for non-linear models, there may be 

substantial differences between these routes, due to the sensitivity of a non-linear model to 

input specification (Heuvelink and Pebesma, 1999).         

 

Uncertainties in model structure (dominant process controls) and parameter values are also 

sensitive to changes in scale.  However, unlike aggregation or disaggregation of data, 

model parameters cannot be transformed using the original quantities alone because they do 

not, in general, refer to real, measurable things.  Rather, upscaling or downscaling of model 

parameters can only be achieved by (re)-calibrating the model at another scale, and may 

require adaptation of the original model because functional relationships are typically 

nonlinear and process controls usually change with scale (Addiscott and Tuck, 2001).  

More fundamentally, upscaling or downscaling of model parameters may hide underlying 

problems with the model structure if process controls are not simultaneously evaluated for 

their relevance and sufficiency at other scales. 

 

In order to illustrate the effects of support on the predictions of an environmental model, a 

case study involving coastal flooding in the Thames Estuary (UK) is taken below. 

 

4.2 A case study showing the impacts of scale on model predictions of coastal flooding 

 

Introduction 

Canvey Island lies at the mouth of the Thames Estuary in south east England (figure 6).  It 

is formed on an extremely flat and low-lying alluvial fan, which has an average height of 

~1m below Mean High Water.  The underlying materials comprise soft lacustrine clays, 

silts and peats, which reach their peak depth of 35m locally (Marsland, 1986).  Inter-tidal 
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mudflats surround Canvey Island to the east, with extensive areas of saltmarsh along the 

northern and eastern banks and around Two Tree Island (IECS, 1996).  The Island itself is 

characterized by a complex network of tidal creeks and open drains, passing through 

residential areas to the north and east and into a central lake.   

 

Figure 6: The location of Canvey Island, UK, along with the flood model boundaries 
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Canvey Island has a long history of devastating coastal floods, including one on 18th 

January 1881, which destroyed 3 miles of sea wall on the River Thames frontage, 

prompting a special Act of Parliament, the Canvey (Sea Defences) Act, to cover the costs 

of the damage (EA, 2001).  More recently, Canvey Island sustained some of the worst 

damages and the most casualties of any location on the east coast of England during the 

storm surge of 31st January - 1st February 1953, when 58 people died there (Grieve, 1959; 

Pollard, 1978; Summers, 1978).   

 

Storm surges in the Thames Estuary originate from wind action over the Continental Shelf 

to the north-west of Scotland, and from pressure gradients acting on the deep waters of the 

North Atlantic (Pugh, 1987).  These ‘external surges’ may combine with ‘internal surges’, 

produced by winds acting directly on the North Sea, and then travel southwards with the 

semidiurnal tide along the coasts of Scotland and England into the southern North Sea, 

where peak surge levels may exceed 2.5m in the Thames Estuary (Rossiter, 1954). 

 

Canvey Island is protected against flooding by a network of hard-engineered sea defences, 

comprising reinforced concrete walls and supporting structures along the waterfront, and a 

secondary line of earthen embankments positioned ca. 500m inland in the north and east.  

The heights of the sea defenses were based on a statistical analysis of 140 years of tidal 

data by Suthons (1963), which incorporated a, now untenable, stationary increase in mean 

sea level to the year 2030.  This analysis is problematic for many reasons, including, most 

importantly, the lack of any observational data for a 1:1000 year surge-tide.   

 

The storm surge and flood models 

Spatially distributed (2D) models are essential for predicting overland flow across rough 

terrain (Bates et al., 1998a, 1998b), as 1D models cannot adequately capture an irregular 

flood boundary.  The Delft Flooding System (Delft-FLS) was used to simulate overland 

flow in this study (Stelling et al., 1998).   

 

Raster layers of terrain height and bottom friction were generated for input to Delft-FLS.  

The terrain data comprised sixteen 2km2 tiles of Light Detection and Ranging (LiDAR) 
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data, provided by the UK Environment Agency (EA).  The original LiDAR data were 

collected at irregularly spaced intervals of 1.5-5m and interpolated to a regular grid or 

Digital Elevation Model (DEM) of 2x2m cells.   

 

In order to assess the different sources of variability and uncertainty in model predictions, 

while minimizing the computational overheads of each simulation, a hierarchy of flood 

models was developed.  Thus, a ‘full-scale’ model, covering the entire case study site, was 

used to simulate flooding, by overtopping and breaching, at a fixed spatial resolution of 6m 

(‘Canvey-Overall’), while a series of ‘small-scale’ models was used to explore the initial 

propagation of the floodwave at a variable spatial resolution of up to 2m (figure 6).   

 

Figure 7: configuration of the storm surge models 
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A storm surge model of the North West European Continental Shelf, the Southern North 

Sea and Thames Estuary was used to predict water levels at Canvey Island for different 

scenarios of meteorological and tidal forcing (Brown 2004).  The model comprised four 

nested grids, with a spatial resolution that increased towards Canvey Island (figure 7).  The 

outer grid was based on the Dutch Continental Shelf Model (Gerritsen et al., 1995).  This 

was coupled to the ZUNO southern North Sea model (Van Dijk and Plieger, 2001) into 

which two models of the Thames Estuary were nested, namely the Thames Outer Model 

(TOM) and the Thames Inner Model (TIM).   

 

In order to illustrate the effects of scale on the model predictions, two examples are taken 

below; one involving sensitivities of the storm surge model to atmospheric data resolution 

and one involving sensitivities of the flood model to grid resolution (which affects both 

input data and flow length scales).  Further examples and details of the modelling strategy 

are given in Brown (2004).   

 

The effects of atmospheric data resolution on coastal water levels 

The combination of model sensitivities to wind stress and the problems of quantifying wind 

speeds and surface drag relations in practice makes wind stress the greatest source of 

uncertainty in storm surge modelling (Bode and Hardy, 1997; Van Den Brink et al., 2003).  

Storm surge models require temporally and spatially exhaustive inputs of atmospheric 

pressure and wind stress.  This implies statistical or process-based meteorological 

modelling because field observations are neither spatially exhaustive nor sufficiently 

resolved in time or space for storm surge models. 

   

The Danish Meteorological Institute (DMI) provided data from the HIRHAM4 climate 

model for two extreme storms affecting the NW European Continental Shelf (Christensen 

et al., 1996).  In order to explore model sensitivities to the space-time resolution of the 

atmospheric data, the HIRHAM scenarios were aggregated to increasingly coarse space-

time resolutions.  The HIRHAM data were provided at a constant metric resolution of 

~30km over the study area.  A block mean was used to aggregate the 10m wind speeds and 

Mean Sea Level Pressure (MSLP).  Sea level pressure was aggregated alongside the 10m 
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U- and V-winds for consistency, but the magnitude of a storm surge will depend more upon 

the wind speed and direction than MSLP.  The spatial resolution of the data (∆s) was 

aggregated jointly with the temporal resolution (∆t).  Specifically, ∆s was evaluated at 

33km, 50km, 75km, 150km and 200km and ∆t was evaluated 1, 2, 3, 4, 5 and 6 hours, 

leading to 30 scenarios (6 hours and 200km being roughly equivalent to the ECMWF and 

NCAR/NCEP operational and re-analysis archives, as well as the minimum useful 

resolution for storm surge modelling).  Temporal ‘aggregation’ involved sampling of ∆t 

rather than ‘averaging’ across intermediate timesteps, with linear interpolation between 

intermediate times.   

 

Table 1: Impacts of atmospheric data resolution on Zmax (climate scenario) 

Station 
A 
Max-Min (m) 

(% 1hr/33km)
 

A 
1hr, 33km -

3hr, 100km 

Variance by 

time (%) 

Variance by 

space (%) 

Wick 0.126 (30.05) -0.005 (-1.13) 2.92 96.73 

Ekofisk (offshore) 0.051 (37.81) 0.011 (8.24) 1.92 97.18 

Hirtshals 0.139 (42.80) 0.001 (10.23) 7.93 88.91 

Immingham 0.457 (26.33) 0.150 (8.65) 10.77 88.02 

Delfzijl 1.286 (49.94) 0.228 (8.84) 22.18 75.41 

Lowestoft 0.589 (25.78) 0.181 (7.95) 10.50 88.79 

Hoek-van-Holland 0.701 (30.38) 0.225 (9.74) 2.76 96.54 

Sheerness 0.629 (25.94) 0.191 (7.89) 19.64 79.31 

Zeebrugge 0.712 (30.04) 0.204 (8.63) 19.74 79.44 

Southend 0.639 (26.66) 0.196 (8.20) 14.15 84.64 

Boulogne 0.305 (24.37) 0.101 (8.07) 12.55 85.94 

A Max-Min refers to maximum - minimum prediction.  Bracketed figure refers to differences as 
a percentage of the 1hr/33km (highest resolution) scenario. 

 

The results were analysed for 121 stations in the DCSM and for selected stations in TOM 

and TIM using the maximum surge height, Zmax, and the mean surge height above 0m, 

Ordnance Datum Newlyn, which is indicative of the surge volume.  Statistics were derived 

for the magnitude of change in Z associated with data aggregation, as well as the individual 

contributions of ∆s and ∆t to the changes observed.  Table 1 shows the impacts of ∆s∆t on 
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Zmax at selected individual stations in the southern North Sea, with summary statistics for 

the overall impacts of ∆s∆t and for the specific contributions of ∆s and ∆t, determined from 

an Analysis of Variance (i.e. the % variance contributed by changes in spatial vs. temporal 

resolution). 

 

Figure 8: Max – Min Zmax for different ∆s∆t (in metres) 

 

 

 

 

 

 

 

 

 

 

 

 

The predicted water levels declined systematically with a reduction in the temporal and 

spatial resolution of the atmospheric data.  The impacts of varying ∆s∆t were greatest 

beyond 3hr/100km for all stations and both storms considered, with ~90% of the total 

reduction in water levels occurring at resolutions below 3hr/100km.  The relative impacts 

of ∆s∆t are also consistent between stations and storms, with an average reduction of ~20-

40% in Z.  However, the absolute impacts (relative to ODN) vary markedly between 

stations and storms, with differences in Zmax increasing from 0.216m at Wick in north east 

Scotland, to 0.639m at Southend in southern England, in the HIRHAM climate scenario.  

These differences are significant in terms of coastal flooding, and would increase the 
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frequency of overtopping waves along the coastline.  Figure 8 plots the differences in Zmax 

for the maximum vs. minimum space-time resolution.  It is clear from figure 8 that the 

greatest differences in water levels occurred in the southern North Sea, where the residual 

impact of data resolution was amplified by shallow water effects (i.e. non-linear 

feedbacks).  Most of the reduction in Z could be attributed to the spatial resolution of the 

atmospheric data, which is explained by the focussed nature of the storm centre and the 

non-linear sensitivity of water levels to wind-speed.  

 

The effects of grid resolution on flood predictions 

The sensitivity of a flood model to grid resolution (∆s) originates from the combined 

effects of ‘filtering’ of the boundary data by ∆s and a reduction in the smallest flow length 

scales captured by the model as ∆s increases (Bates et al., 1996).  In particular, flooding 

will be sensitive to the spatial resolution of topographic data, which is the main control on 

flow routing (Horritt and Bates, 2001) and, potentially, to that of land-cover data where 

distributed roughness is estimated.     

 

In exploring model sensitivities to ∆s, the topographic data and land-use information 

(bottom friction) were applied with a consistent ∆s because they contained many common 

features, such as roads, drains and embankments.  The terrain and landuse data were 

aggregated with a mean average and modal average of the input values, respectively.  The 

data were aggregated to spatial resolutions of 2m, 4m, 6m, 8m and 10m and applied in the 

flood model at a fixed resolution of 2m.  This allowed buildings to be represented 

consistently between models, and their effects on flood prediction to be explored separately 

from the wider effects of ∆s on the topographic data (not presented here).  The flood model 

was applied with an instantaneous breach of ~4m in depth and 150m in width.  The breach 

occurred at peak high water on a ~6.2m surge-tide (see Brown, 2004 for details).   

 

Table 2 shows the flood inundation extent, flood volume and mean current velocity (C m/s-

1) at the time of maximum inundation extent, just before ‘significant’ boundary contact, in 

each model; that is, at t0 + 0.45 hours in Canvey-North and Canvey-South and t0 + 0.6 

hours in Canvey-East.  The impacts of ∆s in the model terrain and land-use data (bottom 
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friction) were both highly variable between locations and with declining ∆s.  For example, 

the resolution of the terrain model had no significant impact on flood extent (IE) or volume 

(V) in Canvey-East, but led to ~6% reduction in IE and V between 6m and 8m in Canvey-

North.  This is readily explained by the topography of Canvey-North where several earthen 

embankments, together with a gradual increase in slope between these pre-1953 sea 

defences and the current hard-engineered defences, trap floodwater and lead to a reduction 

in V entering the model, as well as increased sensitivity to ∆s.   

 

Table 2: IE, V and C for aggregated terrain and land-use at maximum IE 

Terrain only Terrain and friction Model and 

∆s (m) IE km2 V x 103 m3 µ C m s-1 IE km2 V x 103 m3 µ C m s-1 

2 1.79 249.31 0.63 1.79 249.31 0.63 

4 1.74 241.45 0.63 1.86 243.32 0.67 

6 1.84 253.43 0.63 1.93 247.86 0.67 

8 1.73 237.75 0.63 1.96 243.15 0.69 

N
o
rt
h
 

10 1.82 248.32 0.63 1.92 235.60 0.69 

2 1.19 303.46 0.42 1.19 303.46 0.42 

4 1.19 304.08 0.42 1.39 337.56 0.50 

6 1.19 303.63 0.42 1.47 348.79 0.52 

8 1.19 302.84 0.43 1.68 364.79 0.59 

E
a
st

 

10 1.20 303.81 0.43 1.69 365.64 0.59 

2 2.36 309.45 0.65 2.36 309.45 0.65 

4 2.38 309.96 0.65 2.55 312.83 0.70 

6 2.40 313.05 0.65 2.57 309.35 0.73 

8 2.37 305.82 0.65 2.94 349.99 0.70 

S
o
u
th

 

10 2.40 308.48 0.65 2.94 346.58 0.71 

 

The large changes in IE and V with declining ∆s in the land-use data originate from the 

effects of ∆s on ‘linear features’, such as hedgerows, walls and fences, around the breach 

sites in Canvey-South and Canvey-East, which are more heavily urbanised than Canvey-

North (a golf course runs alongside the sea defences).  By definition, these features are not 
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well posed, particularly as grid-scale objects at high ∆s, but serve to illustrate the 

importance of local scaling effects when the forcing originates locally. 

 

5. Conclusions 

 

A mismatch between the scales at which data and models are initially built and the scales at 

which they are required for decision making is a key source of uncertainty in environmental 

research.  Uncertainties resulting from the aggregation or disaggregation of model inputs 

propagate through models, leading to uncertainties in model predictions.  Typically, 

aggregation will lead to a reduction in variability and uncertainty, whereas disaggregation 

will lead to an increase in both.  When models are reformulated to make predictions at 

different scales, re-calibration is often necessary.  This may compensate for problems with 

the model structure at the new scales (such as missing processes or changes in the dominant 

process controls), and hence biased predictions beyond the calibration data.  While the 

effects of re-scaling or simplifying models are frequently masked from the average 

predictions (i.e. the expected value of a probability distribution), they are often apparent in 

the variance or extreme values, for which an uncertainty propagation analysis is revealing.    

 

When comparing model predictions with observations (‘validation’), further uncertainties 

will be introduced by differences in the scales at which the predictions and observations are 

available.  Often, data and/or models may be reformulated in different ways to ensure their 

scales are mutually compatible or useable in decision making.  For example, if model 

predictions are required at a coarser resolution than the input data, either the model inputs 

or the model outputs may be aggregated.  For non-linear models, these approaches will lead 

to different results, yet a comparison is often impossible, either for practical reasons (e.g. 

because the execution times are too high at a fine resolution) or theoretical reasons (e.g. 

important processes are not known at the finer scales).     

     

This report provides only a brief account of the effects of scale, and changes between scale, 

on the uncertainties associated with environmental data and models.  For a detailed 
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discussion, together with guidelines on assessing scale-related uncertainties, the reader is 

referred to Bierkens et al. (2000).   
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