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[1] We present an uncertainty analysis of gross ecosystem carbon exchange (GEE)
estimates derived from 7 years of continuous eddy covariance measurements of forest-
atmosphere CO, fluxes at Howland Forest, Maine, USA. These data, which have high
temporal resolution, can be used to validate process modeling analyses, remote sensing
assessments, and field surveys. However, separation of tower-based net ecosystem
exchange (NEE) into its components (respiration losses and photosynthetic uptake)
requires at least one application of a model, which is usually a regression model fitted to
nighttime data and extrapolated for all daytime intervals. In addition, the existence of a
significant amount of missing data in eddy flux time series requires a model for daytime

NEE as well. Statistical approaches for analytically specifying prediction intervals
associated with a regression require, among other things, constant variance of the data,
normally distributed residuals, and linearizable regression models. Because the NEE data
do not conform to these criteria, we used a Monte Carlo approach (bootstrapping) to
quantify the statistical uncertainty of GEE estimates and present this uncertainty in the
form of 90% prediction limits. We explore two examples of regression models for
modeling respiration and daytime NEE: (1) a simple, physiologically based model from
the literature and (2) a nonlinear regression model based on an artificial neural network.
We find that uncertainty at the half-hourly timescale is generally on the order of the
observations themselves (i.e., ~100%) but is much less at annual timescales (~10%). On
the other hand, this small absolute uncertainty is commensurate with the interannual
variability in estimated GEE. The largest uncertainty is associated with choice of model
type, which raises basic questions about the relative roles of models and data.
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1. Introduction

[2] Efforts to accurately predict patterns of carbon
dioxide exchange between terrestrial ecosystems and the
atmosphere are currently limited by our ability to repre-
sent the relevant biogeochemical processes in unifying
models, which typically parameterize fluxes as a function
of environmental variables. Models of the global carbon
cycle need to accurately capture the dynamics of terres-
trial biosphere-atmosphere exchange at a range of time-
scales, because forcings and responses occur across a
broad temporal spectrum, from seconds (e.g., light capture
by leaves) to years (e.g., community dynamics). Field
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biometric studies have historically been used to validate
model predictions at long timescales, and evaluation of
the rapid ecophysiological mechanisms has been limited
to important, but temporally sparse, leaf and soil chamber
measurements.

[3] In the past decade, at several hundred locations
around the world, eddy flux tower measurement programs
have been established to quantify ecosystem-atmosphere
CO, exchange with high-frequency, near-continuous, multi-
year measurements. These net ecosystem exchange
(NEE) measurements provide another data source for
ecosystem model evaluation. One primary advantage of
using eddy flux data for process studies and model
evaluation is the continuity of the measurements, with
time intervals typically 0.5—1 hour. Many time series are
now between 5 and 15 years in duration (e.g., Harvard
Forest [Wofsy et al., 1993], Walker Branch Watershed
[Balddocchi and Vogel, 1996], and Howland Forest
[Hollinger et al., 2004]). Another advantage is that the
measurements are associated with a growing and coordi-
nated effort (e.g., AmeriFlux) to establish networks of
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towers that span a range of ecosystem types and envi-
ronmental conditions. Also, eddy flux sites tend to be
foci for a suite of other measurements including meteo-
rological variables, biometry, and other types of flux
measurements. The primary disadvantage, with respect
to understanding terrestrial biogeochemistry, is that mea-
surements of eddy flux do not themselves directly quan-
tify specific ecosystem processes but rather the net result
of several processes. Of secondary concern are occasional
instrument failures and other normal data collection gaps
and errors.

[4] Net ecosystem exchange observations record the
typically small imbalances between the gross component
fluxes of ecosystem respiration and photosynthesis [Wofsy
et al., 1993], and while NEE data can be compared to
model predictions, it is often more desirable to validate
modeled component fluxes independently. The gross
fluxes individually reflect distinct sets of processes whose
mechanisms might influence one another but are largely
separable. The net flux does not constrain the overall
dynamics as well as the component fluxes because the
net flux could be mistakenly modeled by gross fluxes
having large compensating errors. Furthermore, some
models, for example those driven by remote sensing
observations, focus on uptake by photosynthesis, also
known as gross ecosystem exchange (GEE), with little
or no attempt to predict respiration [e.g., Prince and
Goward, 1995; Xiao et al., 2004]. Models such as these
require independent GEE estimates for validation, and
eddy flux observations of NEE can be useful in estimat-
ing these independent GEE data sets.

[5] In principle, the eddy flux data, along with associ-
ated meteorological drivers (e.g., temperature, solar radi-
ation, humidity) contain enough information that will
allow separation of the net flux into its gross components
[Goulden et al., 1996a; Braswell et al., 2005], though
there is currently no agreed upon approach for doing so,
and the underlying uncertainties are not well quantified.
The basis for this disaggregation is the fact that nighttime
NEE reflects respiration processes only, and to the extent
that respiration can be predicted during the day on the
basis of relationships with predictor variables at night,
daytime GEE can be estimated essentially as the differ-
ence between NEE and modeled respiration. Thus GEE
estimates rely heavily on model predictions for large
contiguous intervals (i.e., all daylight hours). Like any
statistical inference, this process carries with it some
prediction uncertainty that should be quantified in order
to compare tower-based GEE with independent observa-
tions or model predictions.

[6] An additional factor that must be considered in
utilizing eddy flux data is the existence of missing data
resulting from inevitable instrumental lapses. Also, periods
of low atmospheric turbulence result in CO, flux measure-
ments that are not representative of the actual ecosystem-
atmosphere exchange, and these data typically are removed
prior to analysis [Goulden et al., 1996b]. Altogether, the
resulting gaps can be extensive and nonrandomly distributed
in time. The implication for estimating GEE is that an
additional model to fill daytime NEE gaps must be defined
and parameterized, which adds some amount of quantifiable
prediction uncertainty.
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[7] One possible framework for constructing a time series
of ecosystem uptake (GEE), given the data and a choice of

models, is
G - {

where G is GEE, F is the observed net flux (NEE), and R
and F are the modeled respiration and daytime NEE,
respectively. Several previous studies have focused sepa-
rately on issues related to “gap filling” [e.g., Falge et al.,
2001], i.e., defining and evaluating the model £, as well as
the general problems of disaggregating NEE into compo-
nent fluxes, which has focused principally on choosing an
appropriate regression model for R [e.g., Goulden et al.,
1996a]. More recently, however, data assimilation tech-
niques have been used to both fill gaps in flux records and
disaggregate NEE into component fluxes [Jarvis et al.,
2004; Gove and Hollinger, 2006].

[8] To most appropriately use eddy flux derived GEE for
comparison with process models, satellite data, or other
field observations, the statistical uncertainties associated
with the inference of daytime respiration and NEE during
gaps should be quantified so that error bars can be applied at
any given choice of timescale. Commonly used statistical
approaches for providing error bounds using analytical
formulas, such as the formula used to estimate the predic-
tion interval for least squares regression predictions, are not
applicable to these data because the underlying assumptions
of these approaches do not hold [Hollinger and Richardson,
2005]. For example, eddy flux CO, data and the predictions
obtained from regressions using these data have (1) non-
constant variance, (2) nonindependence of residuals,
(3) non-Gaussian noise, and (4) potential sampling bias
due to the nonrandom distribution of data gaps. Hollinger
and Richardson [2005] conclude that the first three proper-
ties listed above result from a combination of the stochastic
nature of turbulence, occasional large instrument errors, and
the nonuniform occurrences of environmental driving con-
ditions (e.g. over 24 hours, there are far more instances of
zero solar radiation than higher values).

[v] Monte Carlo based statistical techniques such as
resampling with replacement (“bootstrapping”) [Robert
and Casella, 1999] provide a computational solution to
the problem of estimating statistical uncertainty in non-
linear model predictions and data with complicating
features such as severe heteroscedasticity. Previous studies
have utilized ad hoc approaches inspired by bootstrapping
to estimate uncertainties of net CO, exchange. Often, the
technique is used to estimate uncertainty in a sum of flux
estimates over time. The most common application
includes the random simulation and filling of additional
data gaps [Falge et al, 2001; Griffis et al., 2003].
Another Monte-Carlo technique applied to net flux data
involves modeling and repeatedly resampling residuals to
estimate uncertainty [Saleska et al., 2003]. Uncertainty
due to gaps has also been estimated by creating seasonal
populations of daily carbon balance that are randomly
sampled for comparison with actual fluxes [Goulden et
al., 1996b]. Quantification of the measurement uncertainty
in flux observations has recently been addressed (this
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