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Abstract. Many different process-based models of vegetations are in use today.
The majority of these models are parameter-rich, deterministic dynamic models,
which require considerable input information and computation time. These
characteristics, combined with the fact that the models tend to be parameterised at
the point-support spatial scale, have made their use for larger regions problematic.
Numerous examples of regional model application do exist, but how upscaling
from point to region affects model output uncertainty is generally not considered.
We begin by proposing a classification of upscaling methods for process-based
models. Seven different methods of spatial upscaling are identified, most of which
have been used in practice. We then present the example of the application of
forest models to the U.K. at a 20 x 20 km grid. A discussion on upscaling
uncertainty, mostly from a Bayesian perspective, concludes the paper.
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INTRODUCTION

Process-based models (PBMs) have become a standard tool for explaining and
predicting changes in ecosystems [11]. This paper addresses PBMs that simulate,
deterministically, the cycling of carbon, water and nutrients within vegetation and
across the boundaries with soil and atmosphere. The models tend to be complex and
highly nonlinear. They are written as sets of differential equations which are solved
numerically. In contrast to hydrological models, vegetation models focus on vertical
transport, i.e. geographically they operate at point-support. The models require two
types of input: (1) time series of local environmental drivers like weather conditions, (2)
constant parameters that determine sensitivity of processes to both vegetation state and
the environment. The primary outputs of the models are time series of the state variables
and process rates, from which summary outputs are often calculated. The perception
that PBMs can address the impact of a sheer unlimited range of environmental factors
and their interactions, through simulation of processes occurring in the real system, has
contributed to their increasing use. For example, for forestry alone, the Register of
Ecological Models (http://ecobas.org/www-server/index.html) lists 78 different
published models.
Computationally, the models tend to be demanding. Statistically, the models tend to
be characterised by uncertainty in both inputs and model structure. These characteristics
hamper model upscaling from point to region, and in particular the quantification of

model output uncertainty at the regional scale [5]. The present paper proposes a
complete classification of PBM upscaling methods in seven categories, giving examples
from the literature where available. The upscaling method currently being considered
for the United Kingdom’s Greenhouse Gas Inventory is presented in more detail – as a
focal point for discussion of the strengths and weaknesses of all seven approaches.
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AN OVERVIEW OF METHODS FOR UPSCALING PROCESS-BASED MODELS

The problem facing a ‘regional’ user of point-support PBMs is that the models tend to
be too slow to be run exhaustively across the region, even if environmental information
happens to be available for every point in the region. This problem can only be solved
by working with approximations, of either region or model. This implies using some
form of sampling and/or model simplification. We can distinguish seven methods, each
described briefly in Table 1.
Table 1: Methods for regional application of point-support process-based models. Each
algorithm description ends with a line that shows how to calculate regional totals of
model outputs. “y” is model output (stocks, fluxes, etc.) per unit area, “area” is the area
of the region, “Total” is the integral of y across the regional area.
Category
(1)-(3):
Methods that
use the
original
model

Upscaling method
(1) Reinterpret the
point-support
model as being a
regional one
(2) Select
representative
point
(3) Stratify into
homogeneous
subregions

Algorithm
1. Re-calibrate model for regional use
2. Get average inputs for region
3. Run model for average conditions
4. Total = y * area
1. Select a representative point
2. Get inputs for point
3. Run model for point
4. Total = y * area
1. Stratify the region
2. Get average inputs per stratum
3. Run model for all strata
4. Total = Σ(yi * areai)

(4):
Method in
which the
original
model is
extended

(4) Run for selected
points &
interpolate

1. Select control points
2. Get inputs for control points
3. Run model for control points
4. Derive geostatistical interpolation
model f
5. Total = ∫y(s) where y(s) = f(y1..n, s1..n)

(5)-(7):
Methods that
rely on
making a
new model

(5) Create
deterministic
metamodel &
apply exhaustively
across the region

1. Create fast metamodel using training
set of multiple point-scale I-O
2. Get inputs across whole region
3. Run model for all points
4. Total = mean(y) * area

(6) Create stochastic
emulator & apply
exhaustively
across the region
(7) Summarize model
behaviour &
embed in regional
model with wider
scope than pointsupport model

1. Create fast emulator using training
set of multiple point-scale I-O
2-4. As Method (5)
1. Summarise model behaviour in the
form of a regional summary model
2. Embed summary in regional model
3. Run the regional model using
regional-scale inputs
4. Total = y * area

The first three methods calculate regional values without any change to model
equations or computer code. The most commonly used method for upscaling PBMs
probably is the first one, where the model is simply assumed to be valid at the regional
scale, such that it can be supplied with regionally averaged environmental drivers.
Because PBMs are nonlinear, this direct regionalisation requires recalibration of all
parameters, but this is often not done. An example is the work on the U.K.’s greenhouse
gas balance discussed below (§ 3).
The second method consists of identifying a single representative point in the region,
and running the PBM only for that point. The point is often chosen to be a weather
station [3] but the problem is that we need a point for which model output is
representative, not model input.
A refinement is method (3), where the region is stratified into geographic or virtual
(not necessarily contiguous) sub-regions. Examples include all model applications
where the region of interest is subdivided in small grid cells.
The fourth method involves geostatistics. Whereas the previous two methods are
referred to as ‘design-based approaches to spatial aggregation’ [7], geostatistics is
‘model-based’. This is because the original PBM is extended with a stochastic
interpolation model that takes the PBM’s output for selected control points across the
region, and calculates regional values under given assumptions of spatial correlation.
This procedure introduces new parameters for the spatial variogram and any regression
on covariates. As far as we are aware, geostatistical techniques have not yet been used
to scale-up vegetation PBMs.
The last three methods do not use the original PBM code directly, but use summary
forms of it instead, to increase computational speed. In method (5) the PBM is
summarized as a deterministic metamodel that replaces the dynamic simulation with an
approximate analytical solution. The metamodel may then be applied densely across the
region, obviating the need for any further upscaling.
The sixth method is more often applied in climate science than in vegetation science.
It consists of creating an emulator of the PBM, which predicts the output of the PBM
stochastically, e.g. using a Gaussian Process approach. The output of the emulator is a
multivariate probability density function (PDF) rather than a vector estimate. Goldstein
and Rougier [6] discuss stochastic emulators of environmental models.

The final method consists of using an existing regional-support model, possibly
including hydrology or multiple vegetation types, and incorporating in it a summary
form of the PBM. Ewert et al. [4] discuss examples of such nested simulation.
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EXAMPLE: THE UK GREENHOUSE GAS BALANCE AND FOREST MODELS

The annual contribution of afforestation to the greenhouse gas balance of the U.K. is
calculated using CFLOW, a simple PBM for stocks and fluxes of carbon in vegetation
and soil. Results are reported to government and UNFCCC [15]. Only minor
stratification is used, into the constituting countries England, Scotland, Wales and
Northern Ireland. Currently we are investigating the scope for finer spatial resolution
and the use of a more detailed PBM, ‘BASFOR’ [17]. Figure 1 shows some of
BASFOR’s input, output and output uncertainty for a grid of 20x20 km (Northern
Ireland not yet included).

Figure 1: Process based modeling of C-sequestration in the UK, 1920-2000. Cells are
20x20 km. Left: mean temperature (source: UKCIP). Mid: average annual Csequestration simulated using forest model BASFOR. Right: uncertainty (S.D.) of
outputs shown in mid panel.
BASFOR is a 40-parameter point-support model. Upscaling to the national scale
obviously used method (3), stratification, by way of the 655 grid cells. However, it is
clear that the strata are not homogeneous, as soil type, elevation and distance from the
sea – and thus weather – change over much shorter length scales than 20 km. The
BASFOR study thus also used method (1) to scale from point to cell. However,
interpreting BASFOR as a cell-scale model was dubious because parameterisation had
been carried out at the point-scale. This was done by means of Bayesian calibration
using Markov Chain Monte Carlo exploration of the 40-dimensional parameter space,
with growth data from small forest stands [16, 17]. The uncertainty shown on the right
in Fig. 1 thus only represents point-scale parameter uncertainty (the posterior PDF from
the Bayesian calibration), and does not include the additional uncertainty from the
upscaling.
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QUANTIFICATION OF UNCERTAINTY ASSOCIATED WITH UPSCALING

The example of the previous section showed the most common approach to PBM
upscaling: combining methods (1) and (3). Method (1) strictly requires
reparameterisation of the PBM, using regional I-O data, but this is rarely done. An
exception is the work of Patenaude et al. [12], who calibrated the 3PG model using
remotely sensed data from a small forested region. Recent years have seen an increasing
abundance of data on structural characteristics of vegetation, measured by remote
sensing, and on gas-fluxes, measured by eddy-covariance towers. This makes direct
regional parameterisation increasingly possible. If the parameterisation is carried out
using probabilistic techniques like Bayesian calibration [12], uncertainty quantification
will be included.
The sampling-based methods (2)-(4) require uncertainty quantification to account for
assumptions of representativeness of strata or control points. Recent developments in
geostatistics may provide methodology. Bayesian kriging, for example, affords a means
to quantify uncertainties comprehensively, including the uncertainty of the spatial
interpolation parameters [1].
Methods (5)-(7) use new models that approximate the original PBM. Probabilistic
frameworks for dealing with such ‘models of models’ are still subject of intense
research [6, 8], and there is not yet a generally accepted method. The debate is mainly
about how to account for the discrepancy between models and reality.
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DISCUSSION

Classification systems for methods of model upscaling have been presented before (e.g.
[4]). Our approach was intended to be more wide-ranging in that we include both
methods from spatial statistics and methods that have been used in practice for PBMs.
Upscaling involves approximation and therefore introduces uncertainty about the
quality of that approximation. We found no studies that quantified spatial upscaling
uncertainty for PBMs, except for limited comparisons of sampling schemes (see also
[13, 14]). For temporal upscaling there is the work of Nonhebel [9] who showed that a
PBM for wheat overestimated yields by 5-15% when weather data were supplied as 10day averages rather than daily values. This was because weather averaging removed
extreme conditions. The same is likely to apply with spatial averaging.
The very fact that PBMs tend to be too slow, computationally, to be run exhaustively
across heterogeneous regions – necessitating the upscaling techniques we discussed in
this paper – makes it hard to quantify upscaling uncertainty. There is a need for a
practical probabilistic framework that produces PDFs for the regional model output,
conditional on input distribution (environment and parameters), upscaling assumptions
and upscaling method. Possibly the recent flourishing, in ecological research, of
Bayesian hierarchical models [2, 10, 11] will lead to such a framework.
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