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We present an uncertainty analysis of ecological process parameters and CO2 flux components (Reco,
NEE and gross ecosystem exchange (GEE)) derived from 3 years’ continuous eddy covariance measurements of CO2 fluxes at subtropical evergreen coniferous plantation, Qianyanzhou of ChinaFlux.
Daily-differencing approach was used to analyze the random error of CO2 fluxes measurements and
bootstrapping method was used to quantify the uncertainties of three CO2 flux components. In addition,
we evaluated different models and optimization methods in influencing estimation of key parameters
and CO2 flux components. The results show that: (1) Random flux error more closely follows a double-exponential (Laplace), rather than a normal (Gaussian) distribution. (2) Different optimization methods result in different estimates of model parameters. Uncertainties of parameters estimated by the
maximum likelihood estimation (MLE) are lower than those derived from ordinary least square method
(OLS). (3) The differences between simulated Reco, NEE and GEE derived from MLE and those derived
from OLS are 12.18% (176 g C·m−2·a−1), 34.33% (79 g C·m−2·a−1) and 5.4% (92 g C·m−2·a−1). However,
for a given parameter optimization method, a temperature-dependent model (T_model) and the models
derived from a temperature and water-dependent model (TW_model) are 1.31% (17.8 g C·m−2·a−1), 2.1%
(5.7 g C·m−2·a−1), and 0.26% (4.3 g C·m−2·a−1), respectively, which suggested that the optimization
methods are more important than the ecological models in influencing uncertainty in estimated carbon
fluxes. (4) The relative uncertainty of CO2 flux derived from OLS is higher than that from MLE, and the
uncertainty is related to timescale, that is, the larger the timescale, the smaller the uncertainty. The
relative uncertainties of Reco, NEE and GEE are 4%－8%, 7%－22% and 2%－4% respectively at annual
timescale.
CO2 flux components, statistical uncertainty analysis, bootstrapping method, subtropical evergreen coniferous plantation, Qianyanzhou

Ecosystem carbon budget is one of the important scientific problems in global change research[1]. It is significant to study CO2 carbon exchange between terrestrial
ecosystem and atmosphere for understanding the carbon
budget in regional and global scales. Eddy covariance
method is the most direct method at present for flux
measurement in CO2 exchange research. On the one
hand, net ecosystem exchange (NEE) observed by this
method is assimilated by ecological models. Data as-

similation methods are also used in filling flux data and
separating flux components[2,3]. Generally speaking,
NEE is the balance between gross ecosystem exchange
(GEE) and ecosystem respiration (Reco)[4]. In order to
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forecast the change of ecosystem carbon budget, simulation and validation of ecosystem processes have to be
done through full uses of CO2 flux observation, CO2
flux components and ecological models[5,6]. However,
due to the deficiency in measurement and simulation
technology, there is a great uncertainty in simulating
CO2 exchange between biosphere and atmosphere. With
the development of model-data fusion research in
terrestrial ecosystem, flux data uncertainty is equally
important as data themselves. How to quantify the uncertainty of flux data, the uncertainty of key parameters
in ecological process and different flux components has
become a frontier issue and a focus of global flux research, and it also is an important part in global carbon
cycle study[7].
At present, much research on flux data uncertainty
has been done internationally. Hollinger et al.[6] have
studied flux data uncertainty through using repeated
sampling method in two nearby towers in Howland Forest, pointing out that flux measurement error follows a
double-exponential (Laplace) distribution rather than a
normal (or Gaussian) distribution. Meanwhile, a dailydifferencing approach was proposed to the random errors of flux measurements in single tower, which calculates differences of measured NEE between two points
of time in adjacent days with similar climate conditions
to estimates of measurement errors. The effect of different error distributions on NEE and model parameter was
also considered. Richardson et al.[7] compared the effects
of two different error distributions (Gaussian distribution
and double-exponential distribution) and two parameter
optimization methods on model parameters and the respiration component, demonstrating that the uncertainty
from parameter optimization methods is larger than that
from different models, and they also pointed out that it
may be controversial to use a maximum likelihood
method as the parameter optimization method, which
may not be appropriate in all situations. Richardson et
al.[8] conducted a cross-site study on flux measurement
errors in AmeriFlux, including forest, agricultural and
grassland ecosystems, and demonstrated that flux measurement errors of different ecosystems follow a double-exponential distribution. The relationships between
measurement error and environment variables (wind
speed, PPFD, etc.) and flux magnitudes were also examined. Papale et al.[9] analyzed flux observation in
EUROFLUX at 8 sites during 12 years, concluding that
all data processing methods had important influence on
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NEE and its uncertainty. Falge et al.[10] studied the influences of different gap-filling methods (mean diurnal
variation method, nonlinear regression method and
look-up table method) on annual total NEE and its uncertainty. They found that there was not obvious difference between different methods. Hui et al.[11] filled the
data gap of NEE, latent heat and sensible heat at 3 sites
of AmeriFlux and computed the confidence intervals of
these 3 fluxes. Hagen et al.[12] presented uncertainty
analysis of GEE estimates derived from 7 years’ continuous eddy covariance measurements in Howland
Forest, considering the difference between simple ecological models and artificial neural network (ANN)
model, other than the difference between different ecological models.
In China, the establishment of ChinaFLUX provides a
platform for research on CO2, H2O and energy exchange
between China terrestrial ecosystems and atmosphere.
However, no systematic uncertainty analysis has been
conducted on flux observations. How to quantify and
reduce the uncertainty of flux data and obtain representative data is an urgent task for ChinaFLUX. Those also
are important scientific problems widely concerned in
international flux research networks. In this paper, we
present an uncertainty analysis of ecological process
parameters and CO2 flux components (Reco, NEE and
GEE) derived from 3 years’ continuous eddy covariance
measurements of CO2 fluxes in subtropical evergreen
coniferous plantation, Qianyanzhou, of ChinaFlux.
Random errors of CO2 fluxes measurements are obtained by the daily-differencing approach. We used an
uncertainty analysis method (bootstrapping) to qualify
the statistical uncertainty of CO2 flux components.
Variation of flux uncertainty with timescales is also explored. To our knowledge, this is the first study on observations uncertainty in ChinaFLUX, which can provide a technical support for correctly evaluating flux
observations, quantifying flux observations uncertainty,
establishing evaluation method system for observations
uncertainty and constructing carbon cycle model-data
fusion system in China.

1 Data
1.1 Site description
Qianyanzhou coniferous flux tower (26°44′29.1″N,
115°03′29.2″E), set up in August 2002, is located in
Qianyanzhou Agriculture Experimental Station of Red
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Soil and Hilly Land of CERN in Jiangxi Province, South
China. The site belongs to the typical subtropical monsoon climate. The coniferous forest plantation was
mainly planted in around 1985. The mean canopy height
is appropriately 12 m. The forest canopy is dominated
by Pinus massoniana Lamb, Pinus elliottii Engelm, and
Cunninghamia lanceolata Hook. There also are other
plants, such as Schima crenata and Korthals,Cirtus. According to the statistics of meteorological data from
1985 to 2002, the mean annual temperature is 17.9°C,
mean annual precipitation is 1542.4 mm and mean annual evaporation is 1110.3 mm[13].
1.2 Data collecting and processing
Flux data (water, carbon and heat) and conventional
metrological measurements during 2003―2005 were
used in this study. Flux data were measured by
open-path eddy covariance system at 39 m. Liu et
al.[13,14] and her colleagues have described the data and
instruments in detail. Data have been corrected and selected by ChinaFLUX flux CO2 data processing system[15] before analyzing, including: (1) coordinate rotation for 30 min flux data, (2) Webb-Pearman- Leuning
correction, (3) NEE storage calculation, (4) abnormal
data rejection, and (5) nighttime filtering with u*
threshold equaling 0.2 m·s−1[13].

2 Method
Flux data uncertainty usually includes uncertainty from
measurement (observation uncertainty) and uncertainty
from model parameters (model uncertainty)[16]. Measurement uncertainty can be divided into system error
and random error. In most cases, system error is usually
a whole deviation, which is hard to decide. Compared to
system error, random error is the result of incomplete
spectral response and inhomogeneous turbulence mix,
which is easier to be quantified with statistical value[16].
Therefore, we only analyze random error in this paper.
Model uncertainty is often caused by the deficiency of
consensus on the best models to be used, or optimization
criteria[7]. The uncertainties caused by different error
distributions, different models and different parameter
optimization methods are demonstrated without
considering system error and uncertainty caused by
friction velocity. To carry out a systematic CO2 flux statistical uncertainty study, the following components are
needed: (1) random error analysis method for flux data,

(2) ecological process model, (3) model parameter optimization methods, and (4) uncertainty analysis method
for estimation of parameters and flux components.
2.1 Analysis on random error of flux measurements
The uncertainty in measurements can be defined as the
variance of high-frequency data in average time[7] (e.g.
30 min), which can be detected by making multiple
measurements when the data are relatively independent
and the condition is stable, and then using the variability
of these measurements to estimate the standard deviation.
However, CO2 flux is usually not stable with the influence of phenology and climate. Therefore, people attempt to use simultaneous measurements from two towers located nearby to meet the assumption of repeated
sampling method [6]. Hollinger et al.[6] used simultaneous
measurement from two towers, located 775 m apart, to
simulate CO2 flux measurement errors, and the result is
similar to and consistent with that derived from a traditional micrometeorological method.
However, there are few sites where two adjacent towers simultaneously measure fluxes from patches of
similar vegetation. Therefore, Hollinger et al.[6] prompted a daily-differencing approach to characterize flux
uncertainty in a single tower. The daily-differencing approach generally resulted in estimates of flux uncertainty
that were about 25% higher than those obtained by the
two-tower method. Because there is only one tower in
Qianyanzhou, we use the daily-differencing approach to
quantify the flux measurement errors. A measurement
pair (x1, x2) is considered valid only if both measurements are made under “equivalent” environmental conditions (PPFD within 75 μmol·m−2·s−1, air temperature
within 3℃, and wind speed within 1 m/s) in the same
successive two days. We used (x1−x2)/ 2 to express the
measurement errors. Probability distribution function
(PDF) and standard deviation of random flux errors are
used to characterize flux measurement uncertainty. Finally, we can estimate random flux errors (σ(δ)) by calculating the standard deviation of the differences:
1
σ (δ ) =
σ ( X1 − X 2 ).
(1)
2
2.2 Ecosystem process models
Generally speaking, GEE is usually the difference between NEE and ecosystem respiration:
GEE = NEE − Reco,
(2)
where the positive sign in NEE shows that the ecosystem
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releases CO2 to the atmosphere, and the negative sign
represents the ecosystem uptake of CO2 from the
atmosphere. GEE and gross ecosystem productivity
(GPP) are similar in magnitude but opposite in sign,
namely GEE = −GPP. GEE is equal to zero at night as
there is no photosynthesis and observed NEE equals
ecosystem respiration. GEE is the difference between
NEE and Reco during the daytime, which equals the difference between observed NEE and simulated Reco when
NEE is valid. However, if there is a missing in daytime
NEE, GEE is the difference between simulated NEE estimated through an NEE model and valid observations
and simulated Reco.
Temperature and soil water availability are two important environmental variables for regulating ecosystem respiration. As rainfall and heat are not in the same
season in Qianyanzhou, water stress will produce influence on growth of forest. Therefore, we choose Lloyd &
Tayor (eq. (3)) to represent temperature effects on ecosystem respiration. We also used a Q10 model to describe
effects of temperature and soil moisture on ecosystem
respiration according to a simple Van’t Hoff function (eq.
－
(4))[17 19].

Reco = Re,ref

Reco = Re,ref Q10 ( S w )

⎛ 1
1 ⎞
−
E0 ⎜
⎟
Tref −T0 Tsoil −T0 ⎠
⎝
e
,

(Tsoil −Tref )
10

(3)

, Q10 ( S w ) = a + bSw , (4)

where Reco (μmol·m−2·s−1) is the ecosystem respiration,
Re,ref (μmol·m−2·s−1) is the ecosystem respiration at the
reference temperature (Tref), which is set to 15℃ in this
study, namely 288.15 K, E0 (K) is the activation energy
and is fixed to 309 K, Tsoil (℃) is soil temperature, and
Sw (m3·m−3) is soil moisture. We select Tsoil and Sw as
the temperatures and moisture of soil in 5 cm, a and b
are test parameters, and a positive b would mean, for
example, that the temperature sensitivity of ecosystem
respiration increases with increasing soil water content.
The response of NEE to photosynthetic photo flux
densities (PPFD) could be described as a rectangle hyperbola curve known as the Michaelis-Menten model
(eq. (5))[20,21]:
P PPFD
NEE = max
− R,
(5)
K m + PPFD
where PPFD (μmol·m−2·s−1) is the photosynthetic
photo flux densities, Pmax (μmol·m−2·s−1) is the maxi260

mum rate of photosynthesis, and Km is a MichaelisMenten constant, which equals the photosynthetic
half-saturation constant, and R (μmol·m−2·s−1) is the
daytime ecosystem respiration estimated by respiration
models (eqs. (3) and (4)). Therefore, we used two models to calculate NEE.
For simplicity, models (eqs. (2), (3), and (5)) are selected as a group in which ecosystem respiration is
simulated according to temperature functions (i.e.,
T_model) while models (eqs. (2), (4), and (5)) are selected as a group with ecosystem respiration being modeled according to both temperature and moisture functions (i.e., TW_model).
2.3 Parameter optimization methods

Most model parameter optimizations to date have been
based on ordinary least square method (OLS), with the
optimization criterion of least squares fitting. The
method is simple and convenient, even without knowing
the error distribution of measurements and model parameters, but the precision is not high. The maximum
likelihood method considers the maximally occurring
probability, from which maximum likelihood estimation
(MLE) of parameters is obtained.
Generally speaking, observation (yi) is the sum of the
“true” value and an error (Δyi)[22]. The ordinary least
squares method yields unbiased parameter estimates
when the data meet the assumptions of normality and
homoscedasticity[22]. The cost function is based on
minimizing the sum squares of deviation between observed and modeled values:
2

⎛ ( yi − ypred ) ⎞
FC _ LS = ∑ ⎜
(6)
⎟ .
σi
i =1 ⎝
⎠
It would be specially mentioned that ordinary least
squares estimation is maximum likelihood when the error is normally distributed and homoscedasticity.
However, when these assumptions do not agree with
each other, the parameters estimates are not unbiased. It
is necessary to find a new optimization method, such as
the maximum likelihood method. Especially, given the
double-exponential distribution (eq. (7)), the maximum
likelihood function is presented as eq. (8).
N

f ( x) =

e

−

x−μ

β

2β

,

σ = 2β ,

(7)

where μ is the location parameter, β is the scale parameter and σ is standard deviation.
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⎛ yi − ypred ⎞
Prob{ yi − ypred } ~ exp ⎜ −
(8)
⎟⎟ ,
⎜
σi
⎝
⎠
where ypred is the prediction value containing parameters
information, and we see that in this case, the maximum
likelihood estimator is obtained by minimizing the mean
absolute deviation rather than the mean square deviation.
Based on absolute deviation criterion[23], the cost
function is expressed as
N ⎛| y − y
i
pred | ⎞
FC _ AD = ∑ ⎜
(9)
⎟.
σi
i =1 ⎝
⎠
Obviously, for maximum likelihood optimization, the
distribution or standard deviation (σ) of error Δyi should
be known. In most cases, Δyi is an approximate expressed as model fit residuals or measurement errors.
Model fit residuals consist of flux measurement errors
and the errors in model fitting process. When we only
consider the uncertainty of parameters, flux measurement errors are usually expressed as Δyi. However, if the
flux measurement error is not easy to obtain, or
multi-error is comprehensively considered, model fit
residuals are used to express Δyi. In this study, model fit
residual (ε) is chosen to express Δyi.
In order to characterize the ecosystem process as true
as possible, MLE and OLS optimization methods are
used to estimate parameters, with the assumption that
error deviation is unchanged, where parameters of respiration models are fitting at annual timescale, and parameters of daytime NEE models are fitting at monthly
timescale.

2.4 Uncertainty analysis

Compared with traditional analysis methods applied to
data with heteroscedasticity and non-normal distribution, bootstrapping method provides a more reasonable
solution to estimate statistical uncertainty[24]. Bootstrapping is essentially a Monte Carlo method. In the bootstrapping procedure, a synthetic data set is generated by
randomly sampling, and then the statistics are estimated.
Based on the repeated sampling of empirical data and its
correlation estimation, bootstrapping can increase the
estimation precision of confidence interval and critical
value[25].
There are four groups of methods in this research,
namely a combination of the TW_model and the OLS
method (TW_OLS), a combination of the TW_model

and the MLE method (TW_MLE), a combination of the
T_model and the OLS method (T_OLS) and a combination of the T_model and the MLE method (T_MLE). We
use the bootstrapping method to analyze uncertainty of
these four combinations. The relative uncertainty of
ecological process parameters and CO2 flux components
are estimated as Figure 1.

Figure 1

Flowchart of uncertainty analysis.

In step 1, the ecological process models (T_model or
TW_model) are fitted to the 30 min valid observations.
The residuals from this fit are calculated as the difference of model fitting values and actual observations.
The range of environmental variable (e.g. 5 cm soil
temperature) is divided into several intervals (we used
10 intervals), and the residuals are binned on the basis of
environmental variable value at the time of measurement.
In step 2, an artificial data set is created by adding the
“model fit” predicted values to random residuals drawn
with replacement from the correct bin (using bootstrapping method).
In step 3, revised ecological models are fit to the
bootstrapping data set, and then this model is used to
predict flux values for the gap points.
In step 4, repeat steps 2 and 3 more than N times (we
used N=1000). Every 30 min gap point in the time series
will have 1000 estimated values, and statistical charac-
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teristics (e.g. mean and variance) are calculated using
the distribution of the results.
In step 5, 1000 complete component flux time series
are generated by using the measured value at every point
in the time series where there is an observation and by
using a bootstrapping-predicted value for those time
steps with no measurement. Sums of fluxes at different
timescales are estimated from these N synthetic time
series.
In this paper, relative uncertainty (RU) is expressed as
the magnitude of the mean 90% prediction interval (i.e.,
the difference of upper limit and lower limit of 90%
prediction interval) divided by the mean prediction
value:
90% prediction interval
×100%.
(10)
RU =
mean prediction value

3 Results and discussion
3.1 Random error and model residuals of flux
measurements

With the daily-differencing approach, 4170 measurement pairs are derived from 3 years’ (2003－2005) continued measurements at Qianyanzhou. We used these
pairs to calculate the measurement errors (δ) in measured fluxes. Meanwhile, residuals are also calculated by
fitting ecological process model (e.g., T_OLS) to 7549
NEE valid observations. The probability distributions of
random flux error and model residuals are showed in
Figure 2. We find that the double-exponential distribution provides a better fit to the error (measurement error
and model residuals) than the normal (Gaussian) distribution, capturing the high peak and thick tail, which is

similar to the error distribution in Howland and other
towers in AmeriFlux[8]. High peak means that the small
error has a higher frequency than the normal distribution,
and thick tail means that the big error also has a higher
frequency than the normal distribution. These distributions apparently result from several factors. First, for all
fluxes, the data are heteroscedastic, with error increasing
along with the absolute magnitude of the flux. When this
heteroscedastity is combined with the frequency of different flux magnitudes (the instances of low values are
far more than high values), a strongly peaked error distribution resulted. The second factor leading to the
non-normal error distribution is related to the measurement system. Occasionally, “glitches” caused by power
fluctuations, and contamination of other factors result in
measured values that are far from correct[6].
The flux measurement error of the double-exponential
distribution violates the assumptions for the ordinary
least squares fitting with normality and heteroscedastity.
Consequently, the OLS optimization method is not suitable for analysis of flux data. We need to introduce a
new parameter optimization method (e.g., MLE method)
to make a more reasonable analysis for flux data.
Meanwhile, the standard deviation of model fit residuals
is 4.12 μmol·m−2·s−1, which is higher than that of random flux error of 3.59 μmol·m−2·s−1 by 12%. It shows
that measurement uncertainty makes an important influence on flux data uncertainty.
3.2 Model parameters and their uncertainties

To obtain model parameters and their uncertainties, we
present parameter optimization to the four combinations
(TW_OLS, TW_MLE, T_OLS, T_MLE). The parameters of respiration and their uncertainties are showed in

Figure 2 Histogram depicting the frequency distribution of the inferred flux measurement errors and model fit residuals. (a) Flux measurement error; (b)
model fitting residuals. The dotted line depicts a normal distribution, whereas the solid line shows a double-exponential distribution.
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Table 1. The fitness of the TW_model (considering
temperature and moisture) is higher than that of the
T_model (only considering temperature). It suggests that
soil moisture plays an important role in regulation of
ecosystem respiration at Qianyanzhou with a perennial
summer drought, especially an abnormal drought in
2003[15], and fitness is significantly increased from 0.40
to 0.46. The reference respiration Re,ref at a given temperature of 15°C estimated with the MLE method is
lower than that estimated with the OLS method by about
0.3 μmol·m−2·s−1. This result is similar to Richardson’s
result[7] in Howland. Similar results of Q10 values in the
TW_model are achieved by different model parameter
optimizations in different years. The Q10 values estimated derived from OLS are slightly higher than those
derived from MLE in 2003 and 2004 but the opposite
occurs in 2005. However, the difference is very small
and ranges from 0.01 to 0.1. Our results differ from
Richardson’s[7] in Howland. The change of Re,ref and Q10
will naturally lead to the change of annual Reco, and the
change tendency of annual Reco is to be discussed below.
Photosynthetic parameters, Pmax and Km, and their
uncertainties are obtained at monthly scale. In 2004, for

example, estimated parameter values vary with different
respiration models (Table 2). The MLE estimations of
model parameters are lower for Pmax but higher for Km.
For a given optimization method, the difference of Pmax
between the T_model and the TW_model is about 0.3－
0.5 μmol·m−2·s−1. The difference for Km is about 14－
19 μmol·m−2·s−1 between the models. For a given
model, the difference of Pmax between MLS and OLS
optimization methods is 1.5μmol·m−2·s−1 and
27μmol·m−2·s−1 for Km. The results suggest that the
parameter optimization methods are more important
than the models in determining parameter values.
Bootstrapping parameter estimation (Re,ref, T0, Q10,
Pmax, Km) is illustrated in Figure 3, which demonstrates
the parameter estimation and their distributions. Kolmogorov-Smirnov test of normality is used for all
parameters estimation (Table 3). The result shows that
these predictions are generally normally distributed. For
a given optimization method, parameters uncertainties of
different models are similar. Relative uncertainty of the
MLE simulations of the same model is obviously lower
than that of the OLS method for Re,ref by 0.05%, Q10 by

Table 1 Parameter estimation of ecosystem respiration models based on ordinary least square (OLS) and maximum likelihood estimation (MLE) optimization method from 2003 to 2005, and their uncertainties are also demonstrated
Year

Lloyd & Tayor

OLS method

MLE method

Van’t Hoff

OLS method

Re,ref

2.81±0.09

2.51±0.04

Re,ref

2.53±0.10

2.24±0.05

T0

215.29±2.00

220.98±0.98

a
b

−0.02±0.27
15.47±2.46

−0.01±0.18
15.51±1.51

Q10

2.80±0.18

2.78±0.11

0.40

R2

0.47

0.47
2.38±0.06

2003
R2

0.41

MLE method

Re,ref

2.88±0.11

2.46±0.06

Re,ref

2.78±0.12

T0

229.22±2.04

229.91±1.50

a

1.38±0.40

1.82±0.32

b

6.39±3.00

3.19±2.29
2.27±0.08

2004

Q10

2.28±0.13

R2

0.50

0.50

R2

0.51

0.51

Re,ref

2.80±0.07

2.40±0.04

Re,ref

2.75±0.08

2.36±0.05

T0

224.19±1.71

225.87±1.08

2005
R2

0.49

0.49

a

1.33±0.21

1.18±0.17

b

5.00±1.54

6.74±1.22

Q10

2.16±0.09

2.26±0.07

R2

0.50

0.49

Table 2 Estimation of Michaelis-Menten model parameters (Pmax, Km),and their uncertainties are also demonstrated, where the values illustrated are annual mean values
Parameter

TW_OLS

TW_MLE

T_OLS

T_MLE

Pmax

25.66±3.53

24.21±2.37

26.04±3.71

24.53±2.45

Pmax_RU(%)

32

22

31

22

Km

661.72±195.477

688.52±142.93

680.57±206.64

704.82±146.73

Km_RU(%)

68

44

67

45
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Figure 3 Parameter estimation and their distributions. (a)―(h) Parameter estimation of T_model; (i)―(t) parameter estimation of TW_model, where the
content in the brackets means parameter optimization method (i.e. OLS and MLE). The solid line shows a normal distribution whereas respiration parameters (Re,ref, T0, a, b, Q10) are fitted in 2004, and photosynthetic parameters (Pmax, Km) are fitted in August, 2004.
Table 3

P values of Kolmogorov-Smirnov test of normality (α = 0.05)

Parameter/TW_model

264

TW_OLS

TW_MLE

Parameter/T_model

T_OLS

T_MLE

Re,ref

0.5435

0.0224

Re,ref

0.9044

0.008

a

0.9985

0.9416

T0

0.8431

0.0001

b

0.7239

0.8021

Q10

0.5009

0.6497

Pmax

0.2925

0.0331

Pmax

0.2354

0.3976

Km

0.2276

0.0732

Km

0.2707

0.549
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0.02%, Pmax by 1.2% and Km by 55%.
3.3 CO2 flux components and uncertainty

GEE and its variation are estimated by the simulations
of Reco and NEE. By applying the bootstrapping algorithm, we generate 1000 values for every 30 min Reco,
NEE and GEE time series. Annual Reco, NEE and GEE
are calculated by summing up the corresponding 30 min
time series. Therefore, the uncertainties of these three
flux components can be obtained. The simulations and
their uncertainties are shown in Table 4.
From 2003 to 2005, annual totals of Reco, NEE and
GEE range from 1214 to 1551 g C·m−2·a−1, from
−197.9 to −361.3 g C·m−2·a−1 and from −1487 to
−1813 g C·m−2·a−1 respectively, which are consistent
with the result of Liu et al.[14]. Flux components in 2004
are higher than those in 2003 and 2005, due to a serious
drought in 2003 and many cloudy days with lower
PPFD in 2005 and with a lower carbon uptake capacity.
With a given respiration model, the MLE estimates of
Reco are lower than the OLS estimates from 2003 to 2005.
During the three years, the mean differences are 175.1
g C·m−2·a−1 based on the TW_model, and 177.8
g C·m−2·a−1 based on the T_model, which are consistent with the result of parameters of respiration. For a
given model, the mean difference of annual Reco is 9.73
g C·m−2·a−1 based on MLE and 25.92 g C·m−2·a−1
based on OLS. The result suggests that the parameter
optimization methods are much better than the models in
influencing estimation of annual Reco. Whether the parameters is obtained by MLE or OLS, the annual Reco

estimation based on the T_model is higher than the estimation with the TW_model, which is in contrast with
the Reco estimation in 2004 and 2005, and the result
suggests that T_model has a overestimating for ecosystem respiration under water scarcity.
On the average, for a given model, the annual NEE
estimations derived from MLE is about 76.7 g
C·m−2·a−1 higher than those derived from OLS during 3
years. For a given optimization method, the difference
between the simulated NEE based on T_model and that
based on TW_model is 20 g C·m−2·a−1. These results
demonstrate that the parameter optimization methods are
more important than the models in influencing estimated
annual NEE.
The annual GEE estimations from 2003 to 2005 have a
similar tendency to Reco. With a given model, the annual
GEE derived from MLE are lower 87.8 g C·m−2·a−1
with TW_model and 96.1 g C·m−2·a−1 with the
T_model than those derived from OLS. The mean difference of annual GEE estimates between the models is
6.21 g C·m−2·a−1 using the MLE method and 12.35 g
C·m−2·a−1 using the OLS method. Thus, the parameter
optimization methods play a more important role in influencing GEE estimation than the models. As GEE
represents the difference of NEE and Reco, and the
variability caused by respiration parameters and the optimization methods is much higher than the variability of
NEE, the change directions of GEE are similar to Reco
with different models or optimization methods.
The different estimations of annual flux components
between MLE and OLS optimization methods can be

Table 4
Year

Annual Reco, NEE and GEE estimation and their uncertainties based on different models and optimization methods
TW_OLS
TW_MLE
T_OLS
Flux(g C·m−2·a−1)
Reco
1391.79±43.29
1245.51±29.32
1427.15±44.31
RU(%)
6.22
4.71
6.21
NEE
−255.03±19.87
−315.54±12.24
−212.50±20.31
2003
RU(%)
15.58
7.76
19.11
GEE
−1646.82±15.66
−1561.05±10.78
−1639.65±15.44
RU(%)
3.14
2.27
3.07
Reco
1550.68±59.43
1331.86±42.22
1520.72±57.24
RU(%)
7.67
6.34
7.53
NEE
−262.33±37.54
−361.26±18.14
−274.49±26.63
2004
RU(%)
21.00
10.04
19.41
GEE
−1813.02±21.06
−1693.12±15.13
−1795.22±19.35
RU(%)
3.81
2.87
3.56
1383.39±40.20
1223.09±28.60
1370.95±41.63
Reco
RU(%)
5.81
4.68
6.07
NEE
−197.85±18.70
−268.50±12.88
−203.51±18.55
2005
RU(%)
18.90
9.60
18.24
GEE
−1581.23±14.17
−1491.59±10.07
−1574.46±14.07
RU(%)
2.92
2.19
2.94
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T_MLE
1252.57±27.05
4.32
−295.91±11.86
8.02
−1548.49±9.65
2.05
1319.05±39.34
5.96
−365.94±16.46
9.00
−1684.99±14.04
2.76
1213.77±29.25
4.82
−273.65±12.89
9.42
−1487.42±10.14
2.25

265

understood as the difference between optimization criterions. In the mathematical sense, the least square criterion of OLS makes outliers (which may have no biological significance) produce a much stronger influence
on the figure of merit[6] because the deviations are
squared. Consequently, the MLE method with the absolute deviation criterion decreases the influence of outliers on parameter estimation, and reduces the influence
of outlier on annual flux components sums.
Compared to the MLE method, OLS has an overestimated Reco and underestimated NEE, which is consistent
with the result of Richardson et al.[7]. The optimization
methods are more important than the models in influencing estimation of flux components. Their effect on
NEE is expected to be considerably smaller than that on
Reco ,and the reason is that annual sum of NEE consists
of almost all shares of measured and modeled data (e.g.,
over three years at Qianyanzhou, 70%－80% of all daytime measurement periods in each year had valid measurement), whereas when annual sum of respiration is
estimated, roughly 60%－70% of data points (the missing nighttime data plus all daytime respiration) have to
be modeled. Therefore, the optimization methods exert
more influence on respiration than that on net exchanges.
The difference of annual estimations of Reco reached to
175.1 g C·m−2·a−1, which is comparable in magnitude
to the effect of setting different plausible u* thresholds
for nighttime filtering. For example, increasing the u*
threshold from 0.1 m/s to 0.25 m/s increases the annual
estimated respiration from 105 to 220 g C·m−2·a−1 [26].
Thus, enough attention should be attracted in the scientific community.
Bootstrapping algorithm produces empirical probability distributions for each flux component, which is ap-

Figure 4
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proximately normally distributed (Figure 4, takes only
GEE for example). The uncertainties of Reco, NEE and
GEE at annual timescale are ±27－60, ±10－40, ±12－
25 g C·m−2·a−1 respectively, with the relative uncertainties of 4%－10%, 7%－20%, and 2%－3%. NEE
uncertainty is similar in magnitude reported in the literature (±25 g C·m−2·a−1[8]; ±30 g C·m−2·a−1[27]; ±20
－ 150 g C·m−2·a−1[28]; ±50 g C·m−2·a−1[29]; ±40 g
C·m−2·a−1[30]; −30－+80 g C·m−2·a−1[31]). The reason
for the difference is probably the inconsistent calculation
methods of uncertainty. Uncertainty of Reco is higher
than that of NEE, suggesting that uncertainty of Reco is
the main resource of GEE uncertainty. GEE and Reco
have a greater magnitude than NEE, consequently the
NEE has a higher relative uncertainty than GEE and
Reco.
Different ecosystem models and optimization methods have obvious effect on Reco, NEE and GEE estimation and their uncertainties. With a given optimization
method, there is not significant distinction between different models. However, with the same model, the uncertainties of any flux components (Reco, NEE and GEE)
obtained by MLE are lower than those obtained by OLS.
Uncertainty of Reco calculated from MLE is lower than
that from OLS with 15.05 g C·m−2·a−1, and the relative
uncertainty decreases from 6.58% to 6.13%. Uncertainty
of NEE calculated from MLE is lower by 9.52 g
C·m−2·a−1, with relative uncertainty decreasing from
18.7% to 8.97%. GEE uncertainty calculated from MLE
is also lower than that from OLS by 4.99 g C·m−2·a−1,
with the relative uncertainty decreasing from 3.24% to
2.39%, which is consistent with the principle of the
MLE method, i.e., decreasing the influence of abnormal
measurement.

Distribution of GEE estimates at different timescales. (a) 30 min timescale (14:30 on 13 July, 2004); (b) annual timescale (2004).
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3.4 Uncertainty at different timescales

Uncertainty of CO2 flux component at different timescales is also calculated (Figure 5). There is a similar
tendency for relative uncertainty of different flux components, and uncertainty decreased with the increase of
timescale. The relative uncertainties of Reco, NEE and
GEE at annual timescale are 4%－8%, 7%－22%, and
2%－4%, respectively, and 13%－18%, 70%－115%,
and 8%－13% at 30 min timescale. The decreases in
uncertainty with timescale result from the increase of
sample sizes and from the fact that many outliers are
smoothed. There is a similar tendency of uncertainty
with timescale among Reco, NEE and GEE ,but NEE has
an obviously higher uncertainty than the uncertainties of
Reco and GEE. We may consider that most of NEE is
valid measurement, which has a greater variation than
modeled Reco and GEE. Meanwhile, the relative uncertainty from the TW_model is higher than that from the
T_model. OLS also leads to a higher relative uncertainty
than MLE by 2%. These results are in agreement with
the results of parameter and flux components.

4 Conclusions
We present an uncertainty analysis of ecological process
parameters and CO2 flux components (Reco, NEE and
GEE) derived from 3 years’ continuous eddy covariance
measurements of CO2 fluxes in subtropical evergreen
coniferous plantation, Qianyanzhou in ChinaFlux. We
use bootstrapping to quantify the statistical uncertainties
of flux components estimations and the daily-differencing approach to analyze the measurement error of CO2
fluxes measurements. In addition, the effects of different
types of ecological process models and parameters optimization methods on key parameters of models and
CO2 flux components are also compared in this paper.
(1) The flux measurement uncertainty and model fit

Figure 5

residuals appear to follow a double-exponential distribution, with heavier tails and more prominent central peak,
rather than a normal distribution. The non-normal distribution and non-constant variance violate the assumptions that the error is Gaussian and homoscedatic for
OLS optimization. For this reason, we argue that it is
necessary to implement a new optimization method
(such as maximum likelihood estimation) to obtain a
reasonable analysis with flux data.
(2) After using OLS and MLE to fit the parameters of
two ecosystem process models (T_model, TW_model),
we find that the parameters (Rr,ref, Q10, and Pmax) estimations obtained by MLE is lower than those obtained by
OLS.
(3) The differences between simulated annual Reco,
NEE and GEE derived from MLE and those derived
from OLS are 176.5, 79.2, and 92.0 g C·m−2·a−1.
However, with a given parameter optimization method,
the differences between the simulated annual Reco, NEE
and GEE obtained by TW_model and those obteained by
the T_model are only 17.8, 5.7, and 4.3 g C·m−2·a−1. It
suggests that the different types of models may be less
important than the optimization methods. Therefore, it is
very important to select a suitable error distribution (optimization method) for estimating and evaluating CO2
flux components.
(4) Bootstrapping algorithm provides the uncertainty
analysis on flux components, and the result shows that
the model parameters and flux uncertainty appear to
follow a normal distribution. With a given model, MLE
makes a lower uncertainty (relative uncertainty and uncertainty magnitude) for estimation than OLS. With a
given optimization method, the TW_model makes a
lower uncertainty for estimation than the T_model. Estimation uncertainty of flux components varied with
timescales, that is, the longer the timescale, the lower
the uncertainty. The relative uncertainties of annual Reco,

Relative uncertainty estimations of flux components at different timescales.
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NEE and GEE are 4%－8%, 7%－22%, and 2%－4%,
respectively.
(5) In our study, we just analyzed uncertainty of
measured NEE at one station in Qianyanzhou, and the
spatial representative might be limited. Meanwhile, owing to the complexity of eddy covariance technology and
the flux measurement, physical mechanism of the distribution of the measurement error will be further studied. The study directions in future are studying the
physical mechanism and making further uncertainty
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