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Abstract
Climate change will potentially influence surface water quality in river basins. Regional
scale estimates of these impacts are required to assess the possible extent of future
ecological pressures. These can be derived from spatio-temporal models of the
propagation of water and its chemical constituents through the river network. The
PEARLS model was developed to estimate regional-scale surface water acidification with
uncertainty estimation and has the potential for being extended for use in simulating the
effects of climate change. It describes the partial process of flow and transport through
the surface water network, excluding within-soil processes. The model, originally
conceived as steady state, is extended to allow flow routing. This accounts for long
residence times, particularly in river basins with large lakes. The model is also extended,
through the use of non-linear weighted regression, to allow the statistical estimation of
concentrations constrained to be positive. The extended model is applied to the Bjerkreim
catchment, Norway, using time series of stream water concentration measurements from
1993 to 1995 at a frequency of once every two weeks. Monthly simulations showing the
spatial and temporal variability in acid neutralising capacity and nitrate concentrations
are presented. The usefulness of the model is assessed in relation to other modelling
system applications in the same catchment.

Introduction
Climate change affects surface water quality by altering both atmospheric deposition and
the rates of biogeochemical processes, in soils, surface waters and the plant and
microbiological communities. Atmospheric deposition and temperature change scenarios
based on modelled emission and energy budget changes may be used as boundary
conditions for soil and surface water chemistry models. When used with regional spatial
land surface data, these models can then give predicted surface water quality responses to
the climate change scenarios. Catchment or regional-scale water quality models include
process detail at a range of scales. Some models were developed for other purposes, but
are readily adapted to simulate the influence of climate change. These include models
designed to estimate the effect of agricultural management on water quality, notably the
application of fertilisers and agrochemicals, such as SWAT (Arnold et al., 1998), HSPF
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(Donigian et al., 1995) and INCA (Whitehead et al., 1998). Acidification models such as
MAGIC (Cosby et al., 1985) are defined at a similar conceptual scale. All of these
models account for in-soil processes and some include separate treatment of in-stream
processes.
Other models have a limited description of processes, but use direct calibration of simpler
components which are empirically defined. Because of their simplicity, these models are
often suitable for including a statistical component which quantifies prediction
uncertainty. In principle, if such models are driven by climate variables they may be used
to simulate the effect of climate change. However, the empirical relationships used may
be considered less reliable under extrapolation than relationships described by more
process-based models. These empirical models include SPARROW (Smith et al., 1997)
and export coefficient models (Johnes, 1996).

PEARLS
The PEARLS catchment-scale water quality model (Cooper et al., 2000; Cooper et al.,
2004) was developed to estimate regional acidification risk in surface waters. It is an
empirical model of concentrations in a stream network, based on regression and mass
balance. It has essentially three components: a hypothesis that surface water quality at
regional scale is largely a function of a small number of landscape classes; estimation of
within-landscape variability in concentrations using a designed field survey; and the
mass-conservative stochastic generation of equilibrium downstream concentrations using
simple mixing and the uncertainty estimates derived from the survey. The model does not
include a within-soil component, rather the contribution of chemical constituents from the
landscape is estimated using direct measurements of field drainage
Since the inputs to PEARLS are land surface drainage volumes and concentrations, an
additional model is required to simulate changes in drainage characteristics in response
to, for example, changes in atmospheric inputs. In several applications this has been
achieved using the MAGIC and PEARLS models in sequence (Evans et al., 2006). In
joint applications with MAGIC, the field data used to drive PEARLS as a free-standing
model are used instead to calibrate the soil initial conditions for MAGIC simulations.
This ensures that present day simulations are identical to measured stream water
concentrations, while predictions are based on the process assumptions within the
MAGIC model. Present day soil conditions, inferred from surface water measurements,
may also be used to infer historic soil conditions (Wright et al., 1986).
The PEARLS model was developed for application at large (>100 km2) catchment scale
using point measurements on the stream network. The catchment geometry within which
the large catchment and sampling points are schematically defined is based on digital
elevations, with the stream network defined in terms of minimum drainage areas. In the
DEM drainage network, any point draining more than a selected area is treated within the
model as part of the stream network. The catchment land surface is divided into
hydrological response units (HRUs) which are hydrologically independent on the basis of
topography. Each HRU drains directly to an identified reach of the modelled stream

2

network, and comprises known areas of each landscape class, based on intersecting areas
identifiable using GIS coverages.
Conceptually, the HRUs comprise a population whose drainage characteristics are to be
estimated by sampling a subset. It is usually impractical to sample output drainage water
exclusively from individual HRUs. A surrogate sample of subcatchments of similar size
to HRUs is therefore used, these being selected as far as possible to include only a single
landscape class, with point measurements made at the outlets of these subcatchments.
This is intended to give better estimation of the drainage characteristics of each landscape
class. Given a means of estimating landscape class drainage concentrations from sample
data, it is then assumed that drainage from an HRU can be represented as a mixture, in
linear combination, of drainage from the landscape classes it contains, the mixing being
by proportional area. The mixing is based on loads, so requires drainage volume
estimates, usually based on precipitation, evaporation and the proportion of each
upstream landscape class. If the mixing assumption is not a good approximation to field
processes, then the HRUs and the surrogate catchments are not from the same population,
and simulations of drainage water quality for individual HRUs may be biased. Sampling
of subcatchments which drain a single landscape class allows straightforward estimation
of the statistical variability in drainage water quality. If sampled subcatchments are of
mixed landscape class, then regression analysis with landscape class as a factor may be
used to estimate concentrations and their standard errors. Depending on the configuration
of mixing, the quality of these estimates may vary. For example, if there are two
landscapes and all HRUs have the same proportion of each, the drainage concentration of
each landscape individually cannot be determined. In mathematical terms a solution
would involve inverting a singular matrix. At the other extreme, if each HRU comprised
a single landscape class, and both classes were represented in the group of HRUs, then
the concentration from each landscape class can be estimated directly from those HRUs
in which it is uniquely represented.
Following estimation of outputs from each HRU, the water quality status of each reach of
a river network is then simulated by mixing the estimated contributions from each
upstream landscape class, through the reach structure. The statistical variability estimated
for each landscape class (and HRU) is propagated through the model to give an estimate
of the variability of water quality throughout the stream network under the mixing
hypothesis. This is achieved through Monte Carlo simulation. From this we can derive
statistical distributions of, for example, the total length of river exceeding a selected
ecological threshold. Extending the approach further, if ecological regression models are
available linking acidification with species abundance, habitat suitability may be
estimated throughout a river network (Curtis & Simpson, 2004).
Since the original PEARLS model includes no temporal component, the characteristic
drainage water quality is implicitly averaged over some defined period during which the
river is assumed to be at equilibrium. Under the mixing hypothesis the flux of any
chemical constituent over a given time interval at any location in the river network is the
same as the flux entering the river network from the upstream HRUs. For large rivers
during storm events this form of equilibrium is unlikely to hold over short time intervals,
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as upstream drainage into the river from the storm response will not be representative of
the water draining through the catchment outlet until the passage of some lag time
required for water to move through the catchment. However, even for large rivers, over
time intervals orders of magnitude greater than the residence time in the river the
equilibrium load assumption will often be approximately correct, subject to seasonal
variability. Note that the original PEARLS does not account for non-conservative
chemical constituents, for which the equilibrium flux at the catchment outlet would not
be expected to be the same as the flux into the river.
In applications of PEARLS, subcatchment samples have been collected during a
campaign of at most a few days. The data collected are poorly suited to estimating longterm loads, but are assumed to give a snapshot of the chemical status of the river at that
time. Under this sampling regime, different characteristic chemistry may be measured
under different flow conditions, and flow condition becomes a factor in predicting water
quality. The practical usefulness of PEARLS has been in identifying regions of risk,
under the flow conditions at the time of a sampling campaign, rather than in estimating
long term loads. Where long term mean concentrations have been computed, these have
been based on quite limited temporal data, and the uncertainty in mean estimation
introduced through using small data sets has not been addressed. The model is innovative
in allowing water quality to be assessed throughout a distributed river network.

Extension I: In-stream modelling
The time-invariance of the original PEARLS model limits its applicability for those
networks where residence times are long enough to invalidate the assumption of flux
equilibrium for conservative chemical constituents, even over long periods. This will
include river basins with high-volume lakes having residence times of months or years.
Under these conditions an assumption of equilibrium throughout the catchment at time
scales of the order of hours or days is invalid. The model is therefore extended here to
include transient flow and concentrations in the surface water network. The extended
model is mass conservative and, while not providing accurate short-term hydrodynamics
estimation in rivers, it does account for long residence times in lakes. A justification for
accepting poor hydrodynamics is that this affects only the residence times of material in
the river. Over periods longer than the natural residence time, this may not be important
because the total flux will be reasonably estimated even if the distribution of flux within
the time period is temporally inaccurate.
The PEARLS stream geometry comprises a network of reaches. The flux out of each
reach, under the equilibrium conditions of the present model, is assumed to be equal to
the sum of the fluxes into the reach. This is mass conservative but excludes any
consideration of hydrodynamics. Under a time-varying formulation the flux into a reach
is allowed to vary. A model of the output flux change in response to changing inputs is
then required. This is expected to approximate the true hydrodynamics, while remaining
mass conservative. Time-varying models typically used (Brown et al., 1987) are based on
a discretised version of a partial differential equation describing mass balance, and an
algebraic equation relating discharge to some measure of water content, such as stage. In
these discretisations a reach is equivalently a step in space, and a time step length is
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selected to ensure the model-generated results are a good approximation to those which
would be generated by solving the true partial differential equation. This usually requires
that the spatial step (reach length) and time step selected be approximately related
through the velocity. Typically, the reach length is fixed, and the time step is allowed to
vary. The approach taken in extending PEARLS is to allow the passage of water through
multiple reaches during a single time step, with very long time steps if required. This
retains mass balance while relaxing the requirement for a good hydrodynamic
approximation to an underlying partial differential equation. Two components are
developed in the extension to PEARLS, one for lakes and one for river reaches.

Plug flow model for lakes
A lake forming part of a surface water flow network is modelled in the extension of
PEARLS by representing it schematically as a sequence of compartments which are
notionally downstream of each other. These are referred to as segments. As water moves
through each segment, mass balance gives:

s t ? s t /Ft - qt ,in / qt ,out

(1)

where s t is the volume of water in the lake segment at time t, and qt ,in and qt ,out are the
volumes of water entering and leaving the segment in the time interval * t / Ft , t + . The
volume qt ,in may include stream flow into the segment from the adjacent land surface as
well as inputs from any segment immediately up-gradient. If we now assume no change
in segment volume, so that increased discharge is associated with increased velocity with
no change in cross-sectional area of flow, then for each segment,

s t ? s t /Ft » s
qt ,in ? qt ,out » qt

(2)

This implies that any change in discharge across the upstream boundary of the segment is
instantaneously transmitted through the segment to appear at the downstream boundary
of the segment. There is no change in segment volume. This is clearly an approximation,
but for large lakes the proportional change in volume is expected to be small. The change
in discharge is also instantaneously transmitted through remaining segments to the lake
outlet. This does not imply instantaneous transfer of water from inflow to outflow, simply
an instantaneous pressure wave. This model may also be useful in rivers where a reach is
effectively a long lake, with very low water velocity through a very large volume of
water.
If we now consider the water quality component of this simple model, the mass balance
equation is:

s ct ? s ct /Ft - qt ct ,in / qt ct ,out
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(3)

where ct is the mean concentration of a (conservative) chemical constituent in the lake
segment at time t , and ct ,in and ct ,out are the mean input and output concentrations over
the time interval * t / Ft ,t + . Dividing by s gives

ct ? ct /Ft - qt * ct ,in / ct ,out + s

(4)

This equation can be solved sequentially downstream given some definition for ct ,out in
terms of values of the other known variables. If flow through the lake is assumed strictly
one-dimensional, then if qt > s , we have to a first approximation
qt ct ,out ? qt ct /Ft
(5)
ct ,out ? ct /Ft
and
ct ? ct /Ft - qt * ct ,in / ct /Ft + / s
(6)

This assumes displacement of water already in the segment by any water entering during
time interval * t / Ft , t + . This is clearly a very considerable approximation for some lakes,
where slower moving water may be bypassed by more recent inflows. In such examples,
the net transfer rate of chemical constituents through the lake will be poorly
approximated by equation (5). A further clear approximation is that equation (6) implies
that at the end of each time step, concentration in the segment is estimated by a single
value, regardless of actual within-segment spatial variability. In reality, up-gradient parts
of the segment will have concentration ct ,in and downstream parts ct /Ft . Some physical
realism is therefore lost, particularly if qt is very much less than s , since the model
implies very rapid mixing within the segment. Nevertheless, mass is conserved.
If qt

s , then more water enters a segment in time interval * t / Ft , t + than the segment

can actually accommodate. We assume all water present in the segment at time t / Ft is
displaced, to be replaced by inflowing water, and some inflowing water moves
downstream into the next segment. In algebraic terms:
qt ct ,out ? s ct /Ft - * qt / s + ct ,in
ct ,out ? ct ,in - s * ct /Ft / ct ,in + / qt

(7)

and
ct ? ct ,in

(8)

Through this construction, water and chemical constituents can move through multiple
segments in a single time step. This important feature of the model allows for the realistic
use of time steps much longer than the residence time of water in a reach.
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The plug-flow model has the property that for large s , ct ,out changes very slowly. Note
also that this model can generate pure time delay through the lake, up to a maximum of
the time step length multiplied by the number of segments in the lake.
This simple model is mass conservative and readily conceptualised. It requires no
calibration, but does require segment volumes, which depend on knowledge of lake
cross-sectional areas.
In the plug-flow model, the hydrological response generated is independent of the
segment structure chosen. It simply routes instantaneously within a time step. However,
the water quality component does depend on the segment structure, and this influences
the concentration profile at the lake outlet. In addition, if the volumes of each reach are
incorrect, this has only a transient effect on the model outputs. They are not used for the
hydrodynamics, but can influence the timing of the simulated hydrochemical response.

Power law model for rivers
The plug flow model is very simplistic in its treatment of hydrodynamics, although this
may not be an unreasonable representation for some lakes.
In all but the most sluggish streams, discharge is closely related to depth. When this is the
case we may modify the plug flow model using the relationship
q ? c · * width · depth +

d

(9)

where c and d are empirical parameters and q is in units of m3t-1. The power law
relationship between discharge and cross-sectional area given by equation (9) is widely
used, and is the functional form of the Manning equation (Maidment, 1992). The volume
of water moved past a point under equilibrium conditions in the reach in time interval v
d
is qv or c · * width · depth + ·v . Now if qv is identified with the volume qt ,in , the input
to the study reach from the upstream reach, then

*q

1d

cv +

? width · depth

(10)

qt ,in ? length · width · depth

(11)

t ,in

However, we also have

where length is the length of reach occupied by the volume of water qt ,in when the crosssectional area of the reach is width · depth , assumed fixed as water moves into the study
reach.
From equations (10) and (11)
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1/1 d

1d

l ? length ? * qt ,in +

*cv +

(12)

Equation (10) can be used to estimate the length of the study reach which will be
occupied by the incoming water. It is assumed that the required reach length will become
available through the downstream loss of any water already present. As with the plugflow model, there are again two situations to consider. The implied length l of reach
required to accommodate the incoming water may be either less than or greater than the
actual reach length L.
Suppose first the implied length is less than the actual length, so l > L . Assume also the
existing cross-sectional area is s t /Ft / L . The water displaced is ls t /Ft / L , and this forms
qt ,out . The new volume in the reach is

s t ? * L / l +s t / Ft / L - qt ,in

(13)

As for water quality, if the original concentration was ct /Ft , then
ct ,out ? ct /Ft
and
s t ct ? * L / l +s t /Ft ct /Ft / L - qt ,in ct ,in

(14)
(15)

The second case to consider is when l L . Here, all the water present in the reach at the
previous time step is replaced. This means that, using s t ? L · w · d , we have
1d

s t ? L * qt ,in / cv +

(16)

and
1d

s t ct ? Lct ,in * qt ,in / cv +

(17)

The discharge at the downstream end of the reach can be computed from equations (1)
,(12) and (16) as
1d

qt ,out ? s t /Ft - * l / L + * qt ,in / cv +

(18)

The equation for water quality is
1d

qt ,out ct ,out ? s t /Ft ct /Ft - * l / L + ct ,in * qt ,in / cv +

(19)

These equations are sufficient to route water and chemical constituents downstream.
The power law model has introduced the additional parameters c and d . The crosssectional area of flow, width and depth are not explicitly required, but can if necessary be
inferred from the estimated discharges. The value of d may be set at the Manning
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equation value of 5/3 (Maidment, 1992), while c can be set with reference to expected
velocities, where
velocity ? c · * cross - sectional area +

d /1

(20)

In the power-law model both the hydrological and the hydrochemical response depend on
the choice of reach structure, in addition to the choice of parameters. Since the model is
mass-conservative, it is only the timing of outputs which is affected by this choice, not
the total fluxes.
In applying the plug flow and power law models to a river and lake network, each
component of the schematic flow network must be assigned a length proportion for the
application of plug or power-law models. This effectively divides each network
component (reaches and lake segments) into a plug flow and a power law section. This
can be done using GIS software.
Within the original PEARLS model, uncertainty was estimated for each of the landscape
classes delivering chemical constituents to the river network. This was estimated using a
designed survey. No additional uncertainty entering along the river network was
considered. The effect on uncertainty of the addition of a time-varying component to the
model should be addressed. While the mass balance will be correct for both water and
conservative chemical constituents, the distribution of both within the river network will
be uncertain, because of the choice of parameters and discretisation. The extent of the
failure of the model in these respects should be quantified using spatial and temporal
measurements of discharge and concentrations. Nevertheless, the uncertainty
unaccounted for is temporal and integrates out over time in mass balance calculations,
while the spatial uncertainty estimated from the subcatchment measurements remains.

Extension II: Refined landscape concentration estimation model
In a second extension of PEARLS, techniques for ensuring the physical realism of
concentration estimates are introduced. True concentrations are always non-negative,
although some derived variables such as alkalinity and ANC, which are linear
combinations of other concentrations, may take negative values. The statistical analysis
of concentration data should take account of the positivity constraint, both in the
estimation of concentrations by landscape class, and in the simulation of concentrations
by Monte-Carlo analysis.
The deterministic component of the PEARLS model is
y j ? Â ci pij

(21)

i

where y j is an observation at catchment outlet j , ci is the drainage concentration for
landscape i and pij is the proportion of landscape i in catchment j. Under ordinary linear
regression, assuming independence of observations, the error term associated with each
observation would be added, giving:
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y j ? Â ci pij - e j

(22)

i

Analysis of the model given by equation (22) using ordinary least squares would
potentially give negative estimates of ci , or negative confidence limits if a symmetric
error distribution were assumed. We need to constrain the model so that the complete
distribution of each ci is greater than or equal to zero.
One possible assumption is that the distribution of concentrations is lognormal for
landscape class within HRU. This would suggest the following model:
y j ? Â pij exp * ci - eij + ? Â zij pij exp * ci +
i

where zij

has a lognormal distribution with mean exp *u i2 2 +

}exp *u + / 1ʼ exp *u + , u
2
i

2
i

2
i

(23)

i

and variance

being the variance of eij , assumed normally distributed with

mean zero (Maidment, 1992). The distribution of a linear combination of lognormal
variables does not have a straightforward functional form, and some approximate
technique must be used to estimate the parameters ci and u i2 . Where data are sparse,
some parameter reduction can be effected by setting u i2 ? u 2 , so that:

E * y j + ? Â pij exp * ci - u 2 2 +

(24)

Var * y j + ? v j ? Â pij2 exp * 2ci - u 2 +* exp u 2 / 1+

(25)

i

and
i

Estimates of the parameters ci and u 2 may be found by minimising the penalised sum of
squares
L ? Â log * v j + - Â

*y

j

/ E * yj +

j

j

vj

+

2

(26)

The additional term in log * v j + is required to estimate u 2 . Under a normality assumption,
L is recognisable as /2 · log * likelihood + .
It is convenient to reparameterise the model using:

ni ? ci - u 2 2

(27)

E * y j + ? Â pij exp ni

(28)

We then have
i

and
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Var * y j + ? Â pij2 exp 2ni }exp u 2 / 1ʼ

(29)

i

Note that this parametrisation in terms of ni ensures that estimated concentrations are
positive. The further simplification hi ? exp ni would yield:
E * y j + ? Â pijhi

(30)

Var * y j + ? Â pij2hi2 }exp u 2 / 1ʼ

(31)

i

and

i

Equation (30) is equivalent to the original linear model, and might provide negative
concentration estimates if used directly. The variance in equation (31) rests on the
assumption of log-normality in the data, and the suitability of the regression relationship
selected. Note that if u 2 ? 0 then Var * y j + ? 0 , as expected. While not directly useful,
equations (30) and (31) can provide an approximate variance for ni .
The purpose of the model reconfiguration of equations (28) and (29) is twofold: to ensure
positive estimates of concentrations, and to acknowledge the widely observed
approximate lognormal distribution of concentrations of chemical constituents in rivers.
There are other approaches to dealing with the positivity constraint which might also be
considered.
Because the distribution of y j is somewhat intractable, analytical expressions for the
variances of the parameters can most practicably be based on approximations. We may
use the fact that in the representation of equations (30) and (31), Var *hi + can be found
using linear theory. We can then use the approximate result:

Var * f * x + + 0 ÇÉ f | * x + Ú Var * x +
2

(32)

and its generalisations, for a function f *.+ with first derivative f | *.+ to show that:

Cov * n j , nk + ? Cov *h j , hk + h jhk

(33)

While this model development is consistent with generating concentrations greater than
zero, both as estimates from the calibration catchments, and under Monte-Carlo
simulation, it relies heavily on assumptions which cannot be well tested using the limited
data often available. This should be borne in mind in any simulation exercise.
If there are covariates z present which might influence concentrations, such as distance
from the sea, these may be included in the model by setting, for example,
ci * » cij + ? ai - d · z j
(34)
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where the parameters to be estimated are now ai and d , and z j is the value of the
covariate in catchment j. Point estimates of the parameters are readily found for this
model using equation (26), but approximations to their variances require treatment
beyond simple extrapolation of the procedure described.
For those rare but important examples with no positivity constraint on concentrations,
such as ANC, we may nevertheless not wish to assume a constant error variance. For
ANC, this variance ultimately depends on the variability in the concentrations in the
component chemical constituents. This in turn is likely to depend on the absolute values
of the individual concentrations, and is difficult to characterise without using the
component concentrations. In practice, it is often observed that there is greater variability
in higher ANC values. One approach to accounting for this is to assume a constant
variance to some selected value, say 50µeq l-1, and an additional component of variance
proportional to ANC above this value.
The suggested model may be written:
y j ? Â pij * ci - eij +

(35)

i

with variance:

Var * eij + ? u 2 ÇÉ1 - max }0, b * ci / 50 +ʼÚ

(36)

Using equations (35) and (36) we have:

E * y j + ? Â pij ci

(37)

Var * y j + ? v j ? u 2 Â pij2 ÇÉ1 - max }0, b * ci / 50 +ʼÚ

(38)

i

and

i

The parameters of this model may be estimated using equation (26). In this example
linear theory may be used to estimate the variance of the parameters ci without resort to
the approximate linearization of equation (32).
If we now allow

then, since

Âp

ij

i

ci * » cij + ? ai - d · z j

(39)

? 1 , the expectation of y j is
E * y j + ? Â pij * ai - dz j + ? Â pij ai - dz j
i

(40)

i

The model given by equation (40) has precisely the same linear form as equation (37)
with the additional parameter d . Linear theory may be used to estimate the variance
matrix of these linear parameters.
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Application to the Bjerkreim
The PEARLS extensions described were developed under the stimulus of requirements
for modelling the Bjerkreim catchment in southern Norway (Fig. 1) This is a longstanding water quality study catchment vulnerable to acidification and high nitrogen
inputs. It has been the subject of a number of nitrogen budget and related studies (Kaste
et al., 1997; Hindar et al., 1995). The catchment area is 685 km2 with elevation from sea
level to around 1000m. Higher ground is rocky with sparse vegetation, while lower
ground may be wooded or used for pasture or crops. There are a large number of lakes,
some with residence times of months or years. Average runoff is 2430 mm yr-1.
Figure 1. Location of the Bjerkreim catchment

Regional spatial data for the Bjerkreim required for PEARLS comprise land cover
information and the location of the stream and river network. In order to use a GIS
modelling framework, a 100m DEM was made available by Statens Kartverk
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(http://www.statkart.no). From this, a schematic flow network was constructed which was
consistent with the known stream network provided as an additional information source
by the Norwegian Water Resources and Energy Directorate (NVE). Modifications to the
DEM were achieved using “DEM reconditioning” within the ArcHydro add-on
(http://www.esri.com/news/releases/02_3qtr/archydro.html) to the ArcGIS software
package (http://www.esri.com/software/arcgis/index.html). Figure 2 shows landscape
cover for the catchment, provided by the Norwegian Institute of Land Inventory (NIJOS).
The landscapes are based on the intersection of three separate GIS coverages and the
catchment boundary shown is DEM-derived. The main landscapes are mixed woodland
and agriculture in a predominantly mountainous region. Field observation shows a sharp
contrast between pasture or arable and other land uses, there being no agricultural use of
open moorland outside enclosed intensively managed fields. Managed coniferous
woodland is a significant land use in the west of the catchment. The number and extent of
lakes is striking. Some of these have long residence times, estimated at some 2½ years for
the fjord-like Ørsdalsvann, shown as the large lake in the south of the catchment. Other
lakes of similar surface area in the Bjerkreim catchment are shallower, with shorter
residence times. An exceptionally rocky landscape covers a large part of the eastern
portion of the catchment. Mineral soils rather than peat are present where bedrock is not
exposed.
Figure 2. Bjerkreim land cover
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The DEM and land cover data available in GIS format are suitable for defining a flow
network, HRUs, landscape definitions and the estimation of landscape proportions within
each HRU. The HRU and schematic river network structure generated for use by the
PEARLS model are shown in Figure 3.
Figure 3. Bjerkreim HRU structure

While the geometric structure and landscape cover of the Bjerkreim are available, and
suitable for use with PEARLS, estimation of landscape class concentrations (calibration)
requires data from subcatchments. Runoff estimates are also needed for the whole
catchment. There has been no survey of subcatchments at the Bjerkreim designed for use
with PEARLS. However, stream water quality data were collected at 21 sites (Figure 4)
in the catchment at an approximately two-weekly interval from 1993 to 1995. A wide
range of water quality variables were analysed, but the focus of the PEARLS modelling
here will be ANC and nitrate, both of which were measured at each site. Flow,
precipitation, atmospheric deposition and other meteorological measurements were also
made in the catchment during this period. The 21 sampling points (Figure 4) comprise a
mixture of locations on the main river network covering the major tributaries and a
number of research catchments. The research catchments (13, 14, 23 and 24) are small
(<3km2) and generally of a single landscape class, and therefore have the characteristics
of subcatchments typically used for PEARLS application. Three other small catchments
(33, 34, 36) in an agricultural region are nested and the agricultural component must be
estimated by difference. Remaining sites are partially nested and most have large
drainage areas (>30 km2). Some upstream catchments are overwhelmingly of a single
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landscape, but because of their size, may not be robust to the mixing assumption in
PEARLS. For example, in-stream processes may be significant or the influence of
riparian areas of the lower altitude component of the catchment may be disproportionate.
Figure 4. Bjerkreim catchment sampling points

The definition of landscape classes in PEARLS is initially subjective. Each class is
selected in the expectation that it will generate drainage water with identifiable chemical
characteristics. The basis of this selection is land use and its known influence on water
quality. Selection also depends in part on the configuration of sampling sites and the areal
extent of the landscapes in question. For example, it will be impossible to estimate the
contribution of a landscape class which does not drain to any subcatchment sampling
point. In view of this, some merging of possibly different landscapes may be necessary
simply to ensure the estimability of concentrations. Some of these landscapes might be
split if new survey data at different locations became available.
The landscapes identified for the application of PEARLS to the Bjerkreim are shown in
Table 1. These are based essentially on land cover, which is strongly confounded with
altitude and soils. The selection eliminates landscapes having very small areas, although
these might be found to have quite distinct water chemistry if data were available to
estimate this. Having combined a number of landscape classes, very few remain. Lakes
are treated as a landscape class, although an alternative would be to include them as a
component of a landscape class, so “rocky upland” would be “rocky upland with lakes”.
Note that while lakes along the main flow network are incorporated into the in-stream
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model using the plug-flow component, there is no specific treatment of the larger number
of smaller lakes.
Table 1. Landscape classes

Class

Description

Proportion Components
of
(Fig 2)
Catchment

1
2

Farmed
Coniferous woodland

0.10
0.15

3

0.07

4

Productive deciduous
woodland
Mountain

0.55

5

Lake

0.13

Farmed, urban
Unproductive
conifers,
unproductive
deciduous,
productive
conifers
Productive
deciduous
Mountain/heath,
bog,
unclassified
Surface water

Time series data
The three-year time series of concentration measurements taken at approximately two
week intervals at the 21 sites in the Bjerkreim catchment provide some insight into key
differences between sites.
Figure 5a shows ANC plots for those of the 21 sites which are hydrologically
independent, with in addition site 12, which is at the outlet of Ørsdalsvann. Four sites (2,
21, 22, 33) show ANC generally well above zero. All of these except site 33 include
farmed land. Site 33, while a relatively lowland site, is classified as Rock. The relatively
high ANC value suggests some local geological feature, a history of farming, or
misclassification. The remaining sites show rather similar ANC concentrations close to
zero, with no obvious seasonal variability at this scale. There are some notable excursions
from zero, particularly during early 1993.
Nitrate concentrations (Figure 5b) for the same sites show more apparent seasonality than
ANC. Figure 5b shows a distinction between agricultural and other catchments, but more
variability between remaining sites than was apparent for ANC. One feature of the data is
the seasonal stability of lake outlet sites (8, 12, 35) in comparison to other sites. There are
also marked concentration differences, partly seasonal, between many of the non-lake
and non-agricultural sites, for example sites 13 and 14.
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Figure 5a. ANC time series (selected sites)

Figure 5b. Nitrate time series (selected sites)
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It is also helpful in assessing the Bjerkreim data to examine pairs or triples of catchments
which are “close” in terms of landscape, location or size. This can be useful in providing
information on possible within-landscape or local variability. Pairs of catchments and
their characteristics selected for similarity are shown in Table 2
Table 2. Comparison pairs/triples
Group
6,7
14,23
13,24
21,22

8,12,35
33,34,36
23,24
1,3,4

Characteristics
Mountain
Small, moorland
Small, forest
Medium
with
some
agriculture
Outlet from large lakes
Agricultural
Close neighbours, different
landscape
Main river

Plots of ANC and nitrate time series for these small groups are shown in Figures 6a and
6b. Catchments 6 and 7 are both overwhelmingly rocky, mountain catchments, both
draining to Ørsdalsvann. However, the ANC measured at site 7, while low at a value of
around -10 µeq l-1, is markedly higher than at catchment 6. This is associated with higher
concentrations of calcium and potassium (not shown) at site 7. The classification of the
two catchments is essentially the same, so any differences will appear as withinlandscape differences. Nitrate concentrations at the two sites generally show similar
patterns, with some significant variability between samplings which is common to both
sites. These may be due to common differences in atmospheric inputs, or soil processes.
Sites 14 and 23 are both small moorland catchments with coarse shrubs and birch scrub.
Site 14 is closer to the sea and may be more exposed to inputs from that direction. The
ANC values at the two sites differ little, and both show the influence of a sea salt event in
early 1993, with a reduction in ANC. This effect in the Bjerkreim catchment has been
described by Hindar et al., 1995. Site 14 shows a strong seasonal variability in nitrate
concentrations, but this is less apparent at Site 23. It is suggested that high inputs of these
nutrients cannot be utilised during winter, and appear in runoff.
Sites 13 and 24 are both under coniferous forest, with site 13 having somewhat lower
ANC, particularly during the 1993 sea salt event. Site 24 shows much higher winter
concentrations of nitrate. It is not clear that atmospheric inputs of N differ much between
these two catchments, so the reason for this difference is uncertain.
Catchments 21 and 22 are both medium to large (23.3 and 53.8 km2) with significant
areas of agriculture and woodland (>20%) at low altitude (<700m). Neither is particularly
acidic, with ANC around 50 µeq l-1, varying seasonally. Changes in ANC occur roughly
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Figure 6a. ANC comparisons for grouped catchments
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Figure 6b. Nitrate comparisons for grouped catchments
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simultaneously in both catchments and are fairly rapid, presumably in response to
changes in discharge. Catchment 21 has higher ANC concentrations, and peaks in ANC
are associated with higher nitrate leaching. This suggests greater application of fertiliser
in catchment 21.
Sites 8, 12 and 35 are downstream of lakes with long but uncertain residence times. All
three catchments are predominantly mountainous. We do not expect similar timing of any
concentration changes between sites. The overall range of concentrations of both ANC
and nitrate is small for these sites, and if there is any simultaneous change in
concentrations this might be expected to be due to within-lake processes associated with
season or temperature, rather than atmospheric inputs. The nitrate series suggests an
increase at site 8 over the period, perhaps due to increased farming upstream.
Sites 33, 36 and 34 form a sequence on a small catchment whose downstream parts are
agricultural. There is a clear increasing downstream concentration trend in ANC and
nitrate concentrations, and it is apparent from the particularly high nitrate concentrations
at site 34 that the lower part of the catchment receives nitrogen fertiliser.
Sites 23 and 24 have been considered in other pairings, but these two catchments show
the influence of differing land cover at two nearby locations. Site 23 generally has higher
ANC than site 24, and site 24 seems prone to low ANC episodes, particularly during the
1993 sea salt event. The greater seasonal variability in nitrate loss is apparent at site 24.
Sites 4, 3 and 1 are all on the main river, in downstream order. There is significant
farming upstream of site 4, and a major tributary draining mainly rocky landscapes enters
downstream of site 4 and upstream of site 3. There are no major tributaries between sites
1 and 3. The influence of the input downstream of site 4 is clearly seen, and has the effect
of lowering the ANC of the main river during spring. At other times of year a mixture of
factors influence ANC, although the ANC at site 4 remains generally higher than at sites
1 and 3. There is little difference in nitrate concentrations between sites 1 and 3 in
relation to temporal variability, suggesting in-stream nitrogen transformation processes
are not a major influence.

PEARLS modelling
The PEARLS geometry and landscape classes for the Bjerkreim have been identified and
are suitable for modelling the catchment. While the individual time series collected at the
calibration sites are of high quality, the spatial distribution, size and landscape
composition of the site catchments show some limitations. Ideally, for the application of
PEARLS there would be replicate independent small catchments exclusively of a single
landscape class. At the Bjerkreim catchment there are four rocky subcatchments, and
rock is a significant component of several others. This provides good information on this
landscape class. There are two essentially forested sites, but neither is predominantly
productive deciduous woodland, one of the designated landscape classes, and in no
catchment does the proportion of productive deciduous woodland exceed 15%. Although
we expect this landscape to generate a distinct water quality, the data may be insufficient
to estimate this well. Coniferous woodland is predominantly in a two catchments, though
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present in smaller amounts elsewhere. We therefore expect estimates of drainage
concentrations to be very strongly influenced by these two sites, which may be
unrepresentative. Farmed landscapes are present in a number of catchments which are
either large or nested. Large variability in concentrations is expected as agricultural
management at individual catchments is of different intensiveness, or may have a rotation
over a time scale greater than three years. Although lake cover is classified as a
landscape, it is expected to represent atmospheric inputs unmodified. Deviations of
estimated lake contributions from those consistent with atmospheric inputs would suggest
the presence of within-lake transformation processes or lack of conformance with the
model assumptions.
Because the present PEARLS methodology does not apply to nested catchments, only
those subcatchments which are not nested are suitable for use in calibration. If nested
catchments were included, then the correlation between them would not be accounted for
in the PEARLS procedure, giving biased estimates of landscape contributions. While
PEARLS could be extended to deal with nesting (by using weighted regression analysis),
this extension has not been introduced here. This leaves 12 independent catchments, most
of which include several landscape classes. As discussed, regression analysis can be used
to estimate concentrations even when no calibration catchment comprises just a single
landscape class. However, for catchments of mixed landscapes the variances of the
concentration estimates are liable to be large. Also, the calibration procedure is not robust
to deviations from the simple mixing hypothesis if large catchments are used. Further, for
those calibration catchments with large lakes, concentrations may poorly reflect the
recent upstream history of drainage water quality. In addition to landscape class, distance
from the sea may also be a significant influence on ANC and nitrate concentrations.
Evidence suggests (Hindar et al., 1995) this distance has a major influence on acid
episodes, many of which are associated with sea-salt events, that are most severe near the
coast.
Monte Carlo simulation requires estimates of runoff for use in mixing flows downstream.
Strictly, the absolute values of runoff are not required for the generation of
concentrations in drainage from each HRU, as long as those used are in the correct
proportion to each other. Under the steady state version of PEARLS, this would also hold
true for mixing through the river network. However, the total volume of water does
influence residence times in the time-varying version of the model. In previous
applications of PEARLS, used in steady state, runoff was computed as the difference
between precipitation and evapotranspiration over the time scale of the application.
Under time-varying application of the model, allowance for lagged effects is required. At
Bjerkreim these include not only retention in the soil, but also seasonally significant
retention of precipitation as snow and ice. Estimation of runoff therefore requires some
modelling of these effects. While this is acknowledged as necessary for a fully
satisfactory application of PEARLS at the Bjerkreim, for the present, estimation based on
the difference between precipitation and evapotranspiration contemporaneously with
runoff is retained.
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Precipitation data at Bjerkreim (Kaste et al., 1997) are monthly by sub-region, and
appropriate sub-region values can be assigned to HRUs. Water quality measurements are
taken every two weeks, and monthly series have been generated by taking the mean
concentrations. The monthly concentration estimates at each calibration catchment are
used in PEARLS to estimate monthly landscape concentrations. In simulation, monthly
fluxes are computed as the product of the monthly estimated runoff and the monthly
mean Monte Carlo value of concentration, using 200 realizations of the parameter sets.
The flow and HRU networks are adequately defined from the DEM. The power law flow
model requires c and d values, and the plug flow model requires lake bathymetry.
Default values of c and d are used, and bathymetry is approximated from local
knowledge of lake profiles.

Results and discussion
We have analysed the variables ANC and nitrate month by month using the models
described. This gives 36 sets of estimates of the parameters ci and u 2 for each variable.
For ANC, exploratory ordinary regression analysis using the five landscape classes and
distance from the sea as a covariate suggested this covariate was a useful predictor
variable, with a decline in ANC with distance for most months. This analysis also
suggested a Lake ANC concentration of around 0 µeq l-1 throughout the period. To make
the main analysis more robust, this Lake estimate was therefore fixed at zero, leaving five
linear parameters to be estimated, four landscape class concentrations and a parameter
associated with distance from the sea.
The full estimation procedure using equations (37), (38) and (26) was carried out using
the nlmin routine of Splus (http://www.insightful.com/, Venables & Ripley, 1999) and
gave convergence for every month, although for some months the analysis gave high
variance estimates. The results of the separate monthly analyses are shown in Figure 7.
The longitudinal nature of the data is not considered in this analysis, each month being
considered independently. A time series model component linking months could be
included in a further development of the model, and would give improved estimates of
the confidence limits in particular.
The parameter shown in the first panel of Figure 7, labelled “Distance from sea” refers to
the change in ANC concentration per kilometre distance from the catchment outlet. There
is little evidence of seasonality in the concentration estimates for any landscape class, and
some classes show little discernable difference in ANC. The influence of the sea salt
event in early 1993 is apparent, giving reduced ANC close to the sea, and particularly in
the Coniferous and Rock landscapes. Inclusion of distance from the sea as a covariate is
based on the assumption that a component of the depression in ANC is due to the effects
of atmospheric deposition which are more significant closer to the sea. There is some
confounding of this covariate with landscape class, and, for example, the Rock ANC
shown may be slightly elevated in relation to true values.
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Figure 7. ANC parameter estimates and confidence limits
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Figures 8 shows Monte Carlo simulations based on the full weighted regression
estimates, using an assumption of normality in the distribution of the error term eij in
equation (35). The variances have been stabilised to eliminate those months for which
variance estimates were particularly large. The point estimates of the linear parameters
have been retained. Instability due to poor variance estimation is to be avoided since any
extreme values generated in a particular month are not rapidly lost from the river
network, because of the long residence time in lakes. The sites shown in Figure 8 exclude
those catchments whose streams are too small to appear in the PEARLS river network.
Some of these sites, as indicated, were also used in calibration. Plots such as these are
useful in suggesting possible model inadequacy. Clearly not all sequences fall within the
modelled 95% confidence limits. The difference in width of these intervals is partly a
function of the upstream area, since greater mixing in larger catchments leads to lower
variances in the simulations as the errors from individual HRUs tend to cancel. For those
sites at the outlet of large lakes, the simulations reflect the influence of the starting
concentration within the lake. This is set to zero and changes only slowly under the
influence of discharge into the lake.
For nitrate, convergence of the estimation procedure was incomplete for 19 of 36 months.
However, in most cases estimation of some parameters appears satisfactory. In general,
there is poor convergence on at least one of the Productive Deciduous or Lake
concentration parameters. In all the convergence failures, the estimated concentrations
are zero, and estimation of the standard error fails. In practice, a point estimate of zero
may be used for these months under simulation. Incomplete convergence suggests the
model is over-parameterised for the available data. This might be overcome by fixing one
or more of the concentration parameters. Nevertheless, a zero nitrate concentration for
Productive Deciduous may be essentially correct for some months.
Output from the statistical analysis is shown in Figure 9. There is clear seasonal
variability in nitrate concentrations, and a more advanced treatment might include this as
part of a time series model. Landscape differences in seasonality are also evident.
Figure 10 shows the results of the Monte Carlo simulation for nitrate. The variance
matrix of the parameters has been stabilised by using, for all months, the variance matrix
estimated at a successful convergence (month 20). Point parameter estimates used were
in all cases those generated by minimisation of L in equation (26). The apparent influence
of lakes is seen in the Site 6 results where the 95% confidence interval for Monte Carlo
simulations is somewhat below 200 µg l-1, but does not fall near zero, although the
catchment is only Rock and Lake. Because sites 6 and 7 are calibration catchments it is
not surprising that the Monte Carlo results simulate them well. The greater variability in
the simulated values at site 6 is, as for ANC, attributable to the smaller size of the
catchment. The model seems to capture both the mean and range of variability of
concentrations quite well, despite the fact that the model includes no in-stream nitrogen
transformation processes. Clearly many individual measured values fall outside the 95%
confidence intervals, and while these intervals are not wholly accurate, nor can they be
dismissed as unrealistic.
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Figure 8. ANC Monte Carlo simulation at main river sites

In addition to time series simulations at selected points on the river network, it is useful
also to consider the spatial variability in simulations at snapshot time points. These are
presented here as probabilities of the ANC or nitrate concentration falling beyond a
selected threshold for each of the reaches of the river network. As with the time series
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Figure 9. Nitrate parameter estimates with confidence intervals

data, the simulations on which the probability distributions are based are monthly mean
concentrations and do not fully represent daily variations within a month.
There is little seasonal variation in ANC concentrations, so results are presented in Figure
11 for a single month, December 1995, and are shown as the probability of ANC below 0
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Figure 10. Nitrate Monte Carlo simulations at main river sites
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µeq l-1. The overwhelming influence of agriculture in maintaining ANC in the western
part of the catchment is evident.

Figure 11. River network simulated ANC December 1995 (µeq/l)

Nitrate concentrations are more seasonal, and spatial distributions for nitrate are shown in
Figure 12 for August 1995 and December 1995. Results are presented for two thresholds,
200µg l-1 and 400µg l-1. The threshold concentration of 200µg l-1 is well above the
summer value for Coniferous and Rock landscapes, but generally well below the value
for the Lake landscape. The August map for this threshold shows a pattern in which the
influence of residual high nitrate water in large lakes is apparent. Essentially, new
drainage from the Coniferous and Rock landscapes during August contains little nitrate,
but old lake water sustains higher nitrate concentrations in many river reaches. By
December, Coniferous and Rock landscapes are generating higher nitrate runoff, but
there is still some residual low nitrate water in the catchment. This is believed to be the
explanation for the observed complex patterns of nitrate in the stream network. It would
be useful to test whether this truly represented the changes in nitrate concentrations in the
field. Note that in the agricultural regions, nitrate concentrations are above 200µg l-1 in
both months. Results not presented show this to be true throughout the year. The lower
panels in Figure 12 show that only in some agricultural regions do nitrate concentrations
exceed 400 µg l-1 in either August or December 1995, with higher August concentrations
than December in vulnerable subcatchments.
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Figure 12. Seasonal river network nitrate 1995 (µg/l)

Comparison and relationship with other models
In a major previous modelling study of surface water nitrate concentrations at the
Bjerkreim catchment (Kaste et al, 2004), HBV, MAGIC and INCA-N were used in
combination to simulate the influence of climate change scenarios on stream water
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quality. This combination of models provides greater overall process representation than
PEARLS and can model not only soil ANC and nitrate processes, but accept changes in
atmospheric inputs as drivers. This means the joint use of the three models can generate a
surface water response to climate change. For PEARLS to achieve this it must be linked
to delivery models such as a MAGIC, as described, for example, by Evans et al. (2006)
and potentially HBV. If these other models can generate simulations at HRU scale, then
the PEARLS geometry and processes may be used for modelling within the stream and
lake network. In addition, the easily-generated DEM-based network structure of PEARLS
makes it a useful catchment geometry for use with other models, even in a deterministic
framework.
Modelling using HBV, MAGIC and INCA is deterministic. The three models use two
sorts of parameters: those which are assumed universal; and those which are site specific.
In both cases they are treated as fixed. The universal parameters are commonly process
rates for which literature values are used, while the site specific parameters are estimated
by calibration. This calibration may be carried out on one subcatchment and fixed
parameter values used on all other catchments. If this is the case, the deterministic
predictions of the three model linkage rely on the accuracy of parameter estimates from
subcatchments for use at whole catchment scale. While all these models can be run with a
sensitivity analysis, this does not provide any indication of the probabilities of the
selected parameter sets. It is of greatest use in identifying those parameters which have
little influence on model predictions. The statistical distributions of the parameters, which
are not determined from sensitivity analysis, are computed within PEARLS from field
data. It would be useful to attempt to account for uncertainty in similar fashion within
HBV, MAGIC and INCA. In effect this would be the outcome of multiple calibrations on
a sample of subcatchments. The parameters would have associated probability
distributions, possibly related to catchment and other environmental conditions. This
would require survey and experimental design similar to the recommendations for
PEARLS.
In the three-model application, stream network processes are estimated by INCA-N. In
this model, time stepping is fixed to ensure reasonable hydrodynamics at the selected
reach scale. The time steps generated may be very short in relation to the time scale of the
true variables of interest, perhaps monthly loads. The facility for using long time steps
therefore appears to be a useful feature of the extended PEARLS model. However, the
extent of distortion of the hydrodynamics, and the importance of this, needs field
investigation. Although in modelling nitrate concentrations using PEARLS, no in-stream
processes have been considered, and the results presented suggest this does not have a
major effect on the accuracy of simulations. Nevertheless, experience of using INCA
suggests some loss of nitrate down the river network, this being accounted for in the
model by a denitrification component.
The components of the three-model approach used at Bjerkreim have different natural
time steps. While HBV and INCA operate at a daily time step, MAGIC is annual. In
applying the model, MAGIC was used at an annual time step to estimate runoff N
concentrations, while HBV provided estimates of runoff at a daily time step. Runoff and
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nitrogen concentrations were generated by subregions, and provided input to the INCA-N
model, also defined at a daily time step. HBV comprises a small number of compartments
and requires calibration. This has been done on three small catchments, and the
parameters transferred to the rest of the Bjerkreim. There are 10 parameters to be fitted to
the HBV model. There would seem to be a case for estimating nitrogen losses at a time
step finer than a year. In applying INCA, the river was divided into six reaches, and
hydrological time series applied to each reach, and hydrological parameters calibrated. N
process parameters from the small catchments were applied to the corresponding land
cover classes in the main basin. The use of these models requires considerable calibration
and extrapolation. Nevertheless, the process information they include is necessary for
realistic modelling of nitrogen in particular.
The focus in applying PEARLS is to identify a probability distribution of parameters, so
that in application at a new site, parameters are not re-estimated by calibration, but
assumed drawn from the identified probability distribution. New data at the new site may
be used to update the probability distribution. This avoids the need for calibration at
every site, at the expense of having possibly poorer point (“deterministic”) estimation for
any one catchment. Nevertheless the available data at the Bjerkreim are not ideal for
quantifying regional uncertainty in modelling water quality throughout the catchment.
The deterministic predictions of MAGIC, HBV and INCA rely on extrapolation of
parameter values calibrated at a small number of sites. Both PEARLS and the three
linked models therefore give limited information on uncertainty estimation, although this
is attempted for PEARLS.

Conclusions
The original version of PEARLS provided only spatial interpolation for conservative
species on the assumption of simple mixing in a river at chemical and hydrological
equilibrium. These assumptions were rarely supportable in practice, but their use did
facilitate uncertainty estimation. The inclusion of a time-stepping component in PEARLS
removes the need for these assumptions when applying the model, at the expense of
admitting new processes which themselves generate uncertainty. This source of temporal
uncertainty has not yet been addressed within the PEARLS model. However, it is also not
considered in other models. There is a requirement for a theory of survey design to test
the in-stream time-varying component of the extended PEARLS model, just as there was
for the spatial component. The difficulty of any form of testing which requires flow
measurement is the expense of measuring flow.
In general, the treatment of uncertainty in regional water quality models is incompletely
developed, in part because of the difficulty in identifying a suitable statistical framework.
This in itself is due to the continuous nature of many of the variables of interest, and the
strong causal links which propagate uncertainty and must be accounted for. Water quality
models have traditionally been based on conservation laws in order to preserve causal
mechanisms, but those conservation laws are poorly characterised in natural catchments,
and take no account of the evolution of stream network which tend to simplify catchment
response. The PEARLS model, in treating HRUs as a population, attempts to provide a
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statistical framework for simulating regional scale water quality. In doing so, it defines a
suitable spatial sampling design. Other models make little attempt to characterise
uncertainty, and pay no regard to survey design. The Bjerkreim data show the limitations
of opportunistic data for generating uncertainty estimates, although the data are probably
as good as are available for most European catchments. There is scope for greater
attention to survey design for uncertainty estimation.
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