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ABSTRACT

In this paper we present a simple hybrid gap-filling model (GFM) designed with a minimum
number of parameters necessary to capture the ecological processes important for filling
medium-to-large gaps in Flux data. As the model is process-based, the model has poten-
tial to be used in filling large gaps exhibiting a broad range of micro-meteorological and
site conditions. The GFM performance was evaluated using “Punch hole” and extrapolation
experiments based on data collected in west-central New Brunswick. These experiments
indicated that the GFM is able to provide acceptable results (r? >0.80) when >500 data points
are used in model parameterization. The GFM was shown to address daytime evolution of
NEP reasonably well for a wide range of weather and site conditions. An analysis of residuals
indicated that for the most part no obvious trends were evident; although a slight bias was
detected in NEP with soil temperature. To explore the portability of the GFM across ecosys-
tem types, a transcontinental validation was conducted using NEP and ancillary data from
seven ecosystems along a north-south transect (i.e., temperature-moisture gradient) from
northern Europe (Finland) to the Middle East (Israel). The GFM was shown to explain over
75% of the variability in NEP measured at most ecosystems, which strongly suggests that
the GFM maybe successfully applied to forest ecosystems outside Canada.

© 2007 Elsevier B.V. All rights reserved.

1. Introduction In general, 17-50% of flux observations are reported as missing

or rejected (Falge et al., 2001a,b; Hui et al., 2004). The gaps are
Data gaps in flux measurements (in particular, net ecosys- caused (i) during inclement weather, especially during heavy
tem productivity, NEP) are an ever-present challenge for flux rainfall and during periods of freezing rain; (ii) by equipment
researchers (Greco and Baldocchi, 1996; Aubinet et al., 2000). failures, maintenance shut-downs, and power outages; or (iii)
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by low wind conditions (Xing et al., 2008). Occasional data gaps
in the data stream cause problems by (i) reducing the value
and integrity of the data, (i) making it difficult to estimate
annual NEP budgets and to determine sink-source status of
ecosystems, and (iii) biasing climatic relationships with NEP,
reducing the level of validation (Falge et al., 2001a,b; Hui et al.,
2004; Amiro et al., 2005).

The data gaps must be filled in order to derive annual
trends and to investigate the time-dependency of the derived
quantities (i.e., NEP). Poor gap filling may cause misinter-
pretation of the data and lead to incorrect conclusions. In
previous research, Xing et al. (2007a) have summarized the
features of an effective gap-filling protocol. In particular,
the method should: (i) be easy to implement, (ii) be able
to capture prominent features of the modelled system and
address interactions among relevant environmental controls,
(iii) have limited number of model parameters for auto-
parameterization (parameter optimization), and (iv) have few
inter-correlated parameters so that model parameterization is
internally consistent.

Many gap-filling methodologies have been developed over
the past decade, each with their strengths and weaknesses.
Some of these methods include the application of (i) lookup
tables (LUT), (ii) non-linear regression (NLR), (iii) artificial neu-
ral networks (ANN), (iv) multiple imputation (MI), and (v)
ecosystem models (EM). LUT use a randomly or systemat-
ically chosen value from individual observations that have
similar values on other variables (Falge et al., 2001a,b; Greco
and Baldocchi, 1996). LUT, typically consider only the effects
of light and temperature in their formulation, restricting
the portability of the method to regimes of unchanging soil
water content. NLR is used to estimate missing values with
mathematical functions generated by regressing dependent
variables against explanatory (independent) variables. Most
often, one or two explanatory variables are used. Such func-
tions, seldom consider interaction between environmental
controls, again restricting their application to a small subset
of cases.

ANN generates predictive models (networks) of sim-
ple processing elements (i.e., neurons) by iterative learning
(Aubinet et al., 2000). The approach is based on a black-
box application of statistical formulations (rules) with little
biophysical-ecological realism. In order to match training
data, the network evolves and adopts almost any parame-
ter value in its search for perfect agreement. In doing so,
the network produces ecologically meaningless quantities. If
not carefully applied, ANN can over fit (over-generalize) the
training dataset and produce unreasonable output. Also, ANN
can adopt different solution strategies with the same train-
ing data, rendering its application very difficult. Moffat et al.
(2007) point out, all ANN methods are complex to implement
and require smoothing or regularization to ensure good relia-
bility in the annual NEP sums. Smoothing and regularization
introduce their own level of uncertainty in the final results.
MI provides a set of values through standard statistical tech-
niques (Hui et al., 2004) often difficult to implement in gap
filling.

Ideally, EM provide the best overall solution to gap filling,
however, their complicated structures and parameterization
requirements make EM cumbersome to use. Additionally,

because of the presence of many inter-correlated parame-
ters and non-linearities in the models, auto-parameterization
is usually difficult because of internal inconsistencies and
problems associated with solution divergence. Typically,
parameterization of EM is done by trial and error and is very
time consuming. As a general rule, as the number of model
parameters increases, the statistical stability of the model
decreases.

Some parameters may be set only through specific field
measurement techniques, including some for which current
instrumentation may be inadequate or does not exist. Avail-
able models are designed to serve specific applications with
specific spatial and temporal resolutions. Also, time series
from variables that are hard to fill reflect the outcome of
complex biological interactions among different ecosystem
components. Simple linear interpolation and other statisti-
cal methods may be good for filling small data gaps lasting
a few hours, but are less reliable for filling large gaps lasting
more than a few days to a few weeks. To address large gaps,
a simple model which combines the flexibility of statistical
models with the precision of EM is required to best address
gaps in NEP flux measurements. This model should techni-
cally balance relevant ecological detail with the number of
inter-correlated parameters in model structure.

In Moffat et al’s (2007) publication, a process-based Bio-
sphere Energy-Transfer Hydrology model (BETHY; Knorr and
Kattge, 2005) was used to demonstrate the potential of using
process-based models in gap filling of very long periodically
interrupted time series of flux data, because of their reduced
dependence on existing observations. Xing et al. (2007a,2008)
provide two versions of a simplified gap-filling model (GFM)
which can be automatically parameterized based on a few
available measurement episodes. These GFM’s are robust with
handling small to intermediately-sized gaps by addressing
variations (i) in light interception, as a result of differences
in sun elevation, sky cloudiness, and partitioning of incident
photosynthetically active radiation (PAR) into its direct and
diffused components (Xing et al.,, 2007a, with small gaps),
and (ii) in air and soil temperatures (Xing et al., 2008, with
intermediate-size gaps). Although, the GFM’s were shown to
underestimate in instances of water stress conditions (Xing
et al., 2008), consideration of environmental controls of light
and air and soil temperatures on NEP has made the methods
very practical in dealing with these two gap-size categories,
as long as the input data (mostly meteorological in nature) are
available. For large gaps, the leading environmental controls
should include water conditions which affect plant growth
(and NEP) through either diurnal fluctuations in air relative
humidity (RH) and/or long-term fluctuations in soil water
content.

In this study, our objectives are to: (i) develop an ecosystem-
based model with the least number of parameters for gap
filling of large data gaps; and (ii) evaluate the performance
of the newly developed GFM for selected scenarios by com-
paring model results to flux measurements collected at a
Fluxnet-Canada Research Network (FCRN) site in west-central
New Brunswick (NB), Canada, and seven CarboEurope project
sites (as a second validation experiment) using “Punch hole”
(interpolation, Hui et al., 2004) and various “extrapolation”
experiments.
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