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Introduction 
 
In assessing eddy covariance data, especially from shared network databases, one needs 
to be cognizant of all the pitfalls and errors that may be associated with these data. Errors 
and uncertainties can arise from poor quality assurance (QA) and quality control (QC).  
Another set of errors stem from improper sensor performance associated with calibration 
drifts, spikes, sensor noise, signal filtering and if the analog to digital conversion is too 
coarse or if the sensor goes off range.  Violation of the assumptions on which the eddy 
covariance method is based, like insufficient fetch, advection, storage, sampling too slow 
or too short can cause errors; these were treated in the previous chapter.  And if these 
questionable data are rejected and replaced with gap filling methods there is uncertainty 
in the gap filling technique.  These are among the topics discussed in this chapter. 
 
When discussing uncertainty, we have to consider the two major types we may 
encounter.  Eddy fluxes are affected by random and bias errors [Moncrieff et al., 1996].   
Random errors tend to get smaller and smaller as long term averages are constructed.  
The bias errors are the most difficult to assess, minimize and remove.  They can be fully 
or selectively systematic.  The latter corresponds with nighttime flux loss associated with 
nocturnal CO2 exchange, when there is a decoupling of flow within and above the 
canopy; we will discuss this topic more in later sections.  It is serious with CO2 exchange 
because it is of opposite sign and can be large.  If this nocturnal loss is underestimated, 
large biases in annual net carbon exchange can accumulate.  For example, a nocturnal 
bias error of 1 mol m-2 s-1 can add up to over 189 gC m-2 y-1 if it persists 12 hours a day 
for 365 days a year. For visual perspective of these annual carbon budget errors, consider 
a piece of computer printer paper, expanded in size to one meter, square.  It weighs 76 g.  
So in essence, the annual error in eddy flux measurements of carbon exchange is less than 
the mass associated with a single piece of paper laid on the ground.  Water vapor 
exchange is less sensitive to these systematic bias errors because evaporation is small at 
night.   
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Figure 1 Errors encounters in the field (adapted from Moncrieff et al.) 

 
 
Testing for Errors and Biases 
 
Micrometeorologists perform numerous tests to validate the application of their method 
when studying a new site.  Computing transfer function spectral filtering errors, testing 
for energy balance closure, testing for the absences of flux divergence, quantifying 
storage and examining how well turbulence measurements match standard theories are 
among the most basic tests that will be performed.  In the following sections we will 
evaluate these topics. 
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Energy balance closure 
 
Energy balance closure is a widely-used metric to assess the data quality of eddy 
covariance measurements [Leuning et al., 2012; Oncley et al., 2007; Twine et al., 2000; K 
Wilson et al., 2002].  There is some controversy over the ability to close the surface 
energy balance.  Several assessments of energy balance across many sites find that that 
energy balance closure is underestimated by 10 to 20%, suggesting that the eddy 
covariance method may be missing some flux of mass and energy [Li et al., 2005; Oncley 
et al., 2007; Twine et al., 2000; K Wilson et al., 2002].   
 
But other investigators at individual sites often attain a reasonable level of energy balance 
closure (within 10%) when net radiation, soil heat flux, bole/canopy heat storage and 
photosynthetic energy conversion are measured properly and appropriate spectral 
corrections are applied to the eddy flux measurements [L H Gu et al., 2007; Heusinkveld 
et al., 2004; Leuning et al., 2012; Meyers and Hollinger, 2004].   
 
 
 The following figure is an example measured over a jack pine stand in the boreal forest.  
About 93% of the variance in net radiation is accounted for by the flux measurements and 
there is a 7% difference in energy closure.   
 
 



ESPM 228, Advanced Topics in Biometeorology and Micrometeorology 

 4

 
Figure 2 A test of energy balance closure over a jack pine forest on flat terrain 

and with extensive fetch. (Baldocchi and Vogel, 1996) 
 
 
Another example comes from our study over grass. 
 

 
Figure 3 Energy balance over a grassland 
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The interesting issue with our grassland site is that in later years we observed a gradual 
degradation of energy balance closure.  The solution to this mystery was that our 
instruments were fenced off from the grazing cows. Over time the amount of biomass 
over the soil heat flux plates increased and starting insulating the ground. Only after we 
started accounting for changes in heat storage between the surface and the heat flux plate 
were we able to restore our adequate closure of the energy balance. 
 
 
It can be argued that lack of energy balance closure does not necessarily indicate poor 
eddy flux measurements. With much debate and reflection on the topic, many of the key 
practitioners feel that the lack of energy balance closure is an example of ‘death by a 
thousand cuts’.  There are many unresolved issues relating to differences in footprints 
sensed by the energy sensors and the eddy flux instruments and sufficient statistical 
sampling of net radiation, soil heat flux and storage and direct errors in the measurement 
of these none eddy flux terms; net radiometers may see the tower and it has a small view 
footprint under the sensor, rather than weighting the upwind footprint; rarely are more 
than a handful of soil heat flux plates installed and they are subject to bias depending if 
they are buried deep or shallow, in the shade or an open spot.  Hence, this author does not 
recommend correcting eddy flux measurements of CO2 for the fractional imbalance of the 
energy balance closure as has been done in some instances [A.G. Barr et al., 2006]. 
 
 
 
An informal survey seems to show good closure over short crops, windy conditions, 
active transpiration and using open path sensors.  The NOAA team, including my group 
and Tilden Meyers, has observed good closure in such situations in independent studies, 
but using similar software, instruments.   Shashi Verma’s group also observes good 
closure over crops and grass, but it varies seasonally.   Arguments that it is due to errors 
in soil heat flux can be circumvented by examining daily sums. In cases, with bad 
closure, this novel attempt does not alleviate the problem. 
 
Wilson et al have conducted a ‘global’ analysis of energy balance closure using the 
FLUXNET data base across a range of climates, surface roughness and functional types 
(22 sites, 50 site years of data).  They concluded that the mean imbalance across sites was 
about 20%., irrespective of method used (open vs closed path gas analyzers) and canopy 
surface. Energy balance closure was improved during windy conditions.   
 
Despite the valiant attempts of Wilson et al to draw a solid conclusion, the jury is still 
out. There are still numerous issues to resolve including representativeness of net 
radiation balance with regards to the flux footprint, the role of cloud fields and low 
frequency contributions to fluxes (Finnigan and Leuning observe better closure with 
longer averaging times; we have observed better closure in climates with very clear skies, 
flat surfaces and short vegetation and strong winds).    
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The overview on energy balance closure by Leuning et al [Leuning et al., 2012] suggests 
it is best to test such closure for 24 hour average or sums because this tends to cancel out 
uncertainties in measuring some of the storage terms.  The following figure shows a 
marked improvement in energy balance closure with daily averages. 
 

 
 
 
In other words the cumulative uncertainty of a number of terms seems to be a better 
explanation than the null hypothesis that we are measuring latent and sensible heat flux 
wrong. 
 
And there are reasons to have confidence in eddy covariance measurements.  First, we 
have seen that the method does a competent job of sampling the cospectra that drives the 
flux.  Second, there is a body of data showing strong closure of the water balance, despite 
energy balance closure problems. Both Wilson et al [K B Wilson et al., 2001], Barr et al 
[A. G. Barr et al., 2000], and Scott  show comparable agreement between annual sums of 
ET with water balance measurements, either from a watershed water balance, or using a 
pizeiometer based lysimeter.  In other words, there is close agreement between annual 
sums of evaporation with eddy covariance and other hydrologic budgeting methods. 
 
Minimizing and Testing for Other Errors 
 
In evaluating a new site there are a number of recommended procedures to increase one’s 
confidence on the quality and accuracy of the flux measurements, because all sites have 
some level of heterogeneity. 
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It is advised to compare one’s flux system with another set of instrumentation, as is 
performed with the roving AmeriFlux system [Schmidt et al., 2012].  If one has a 
duplicate system one can test for the effects of spatial heterogeneity on the interpretation 
of fluxes [D D Baldocchi and Rao, 1995; Hollinger et al., 2004; Katul et al., 1999; 
Matthes et al., 2014].  Hollinger et al [Hollinger et al., 2004], for example, found close 
agreement between annual sums of two flux systems separated by 700 m seeing a similar 
forest. 
 
 

 
 
We have conducted paired flux measurements over an irrigated potato field, immersed in 
a dry desert, and find good agreement between duplicate flux systems as long as one is 
farther than 300 m from the upwind edge [D D Baldocchi and Rao, 1995]. 
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Advection is difficult to measure and requires a horizontal set of instruments that are 
aligned along the wind [Aubinet et al., 2010; Aubinet et al., 2005a; Feigenwinter et al., 
2004; Yi et al., 2008]. And because every circumstance is unique, there is no universal 
way to measure advection that may be suitable for tall and short vegetation on slope, 
steep or undulating terrain. 
 
 
One way to test if advection is large is to conduct a flux divergence study [Detto et al., 
2010].  If advection is small in the surface and internal boundary layers we should 
measure no difference in flux with height.   An investigation of ‘flux divergence’, over a 
less than ideal forest site on undulating terrain,  is presented below. 
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Figure 4 Measurement of Flux divergence of heat over a deciduous forest.  

In this case we found that the flux divergence of sensible heat was small between 29 and 
36 m, giving us an increased degree of confidence on the accuracy of our measurements. 
 
 
In another study, we examined flux divergence over a pasture near an estuary. In this case 
the advection of moisture caused the flux divergence of wq to be non zero. But the flux 
divergence of wc and wT was generally nill during the day. 
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In patchy landscapes, the flux measurement system views different types of vegetation 
from different wind sectors.  In this situation, seasonal and annual fluxes need to be 
interpreted in terms of flux footprint models [Gockede et al., 2004; Rebmann et al., 2005; 
Soegaard et al., 2003]. 
 
 
Canopy Storage 
 
Yet, another source of error is when flows become decoupled and there is storage of 
material in the air space underneath the eddy flux system.  Fortunately, on a daily, 24 
hour integral basis, the storage term is small. 

 
Figure 5 
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On the other hand, the storage term is significant on an hour by hour basis during the 
night. 
 

 
 
Using flux data, not corrected for storage, to fit ecological and physiological models will 
produce model parameters that are in error. 
 
Gap Filling Methods 
 
From a practical standpoint it is impossible to expect any flux instrument system to 
function perfectly 24 hours a day, seven days a week, 365 days a year; from our own 
experience, we are able to retain about 80% of possible measurements over the course of 
a year.  In practice, scientists subject their data to a variety of quality control and 
assurance criteria [Foken and Wichura, 1996; Rebmann et al., 2005].  Doing so, however, 
introduces many gaps in the data record (30 to 40% on an annual basis; Falge et al., 
2001).   Consequently, data gaps are expected and are the rule, as data must be rejected 
during calibration periods, when instruments malfunction, as when they break or when 
rain, snow or other meteors cause sensors to spike or go off scale.  And finally, the 
measurements must meet the standards held for interpreting micrometeorological, such as 
adequate fetch etc [Foken and Wichura, 1996]. 

 
Several methods for gap filling are being employed by the research community.   

The main ones in use include replacement with: linear interpolation, mean diurnal 
pattern, look up tables, semi-parametric models, and artificial neural networks [E. Falge 
et al., 2001a; Moffat et al., 2007; Dario Papale, 2012]. 
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One set of gap filling methods include interpolating between missing data points, 
replacing missing data with estimates derived from non-linear regression models or look-
up tables that depend upon climatic drivers like light, temperature and humidity as 
independent variables [E. Falge et al., 2001b; Iwata et al., 2005; Lasslop et al., 2010; 
Moffat et al., 2007; Ruppert et al., 2006; Stauch and Jarvis, 2006].   A review on gap 
filling is provided by Papale [Dario Papale, 2012]. This approach needs continual 
updating and tuning as seasonal changes in leaf area, soil moisture, photosynthetic 
capacity will alter any derived relation.   

 
The simplest method replaces missing data with information, for the corresponding hour, 
from the mean diurnal average (Falge et al. 2001).  Investigators bin data by hour for a 
one to two week period, then use the time dependent ensemble mean to replace missing 
data.  This approach has appeal, for the sampling errors about the hourly based ensemble 
means tend to be quite [D D Baldocchi et al., 1997; E. Falge et al., 2001b; Moncrieff et 
al., 1996]. Spectral analyzes of data show that the repeat cycle of fronts occurs on a 5 to 7 
days cycle, so although this technique may not accurately fill missing correctly for a 
particular circumstance, it will fill it with a correct mean.   
 
Newer and more sophisticated statistical approaches to gap-filling have been 
implemented in recent year.  These new methods include the multiple imputation method 
[Hui et al., 2004], neural networks [Dario Papale and Valentini, 2003], genetic 
algorithms [Ooba et al., 2006] and process-based models that are parameterized with 
existing data [Gove and Hollinger, 2006].   Inter-comparisons of gap filling methods 
indicate that the neural network method is among the best, but in general biases 
associated with different gap filling methods tend to be small [E. Falge et al., 2001b; D. 
Papale et al., 2006]. 
 
a. Neural Networks 

With the advent of long-term flux measurement networks, scientists are search for 
methods to fill gaps with empirical data.  With a desire not to bias the end results on the 
shape of the response functions, several European groups are adapting the use of neural 
networks ([Moffat et al., 2007; D. Papale et al., 2006].  Neural networks are defined as: “ 
a network of many simple processing elements each having a small amount of local 
memory. The units are connected in layers with communication channels and operate 
only on their local data and data they receive from channels.  Most neural networks have 
training rules and adjust the weight of their connections by data”. Neural networks are 
able to ‘learn’ by adjusting weighting factors according to input information.  Other 
strengths include their ability to be applied to complex problems that do not have pre-
determined algorithms defining their behavior, such as ecosystems. 
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Figure 6 after Papale and Valentini, 2003 
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Next the data are multiplied by a connection matrix 
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The matrix A contains connections with the input notes and a hidden node layer, X. The 
number of columns of the matrix are determined by the number of input nodes. 
Next one scales the vector X with a offset value. 
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The output matrix is: 
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O A HN 3  
 
And the definitive output value of the neural network is: 
 
OV O A  4  
 
Need to define V and O. 
 
 

 
Figure 7 After [Dario Papale and Valentini, 2003] 

 
 
In Fig 3 we see an example of the performance of the neural network model of Papale 
and Valentini against eddy flux measurements, a regression-based gap filling algorithm 
of Falge and the CANOAK model 
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Figure 8 application of neural network model to assess NEP of a temperate forest 

 
  
 
We are now adopting artificial neural networks routinelyto our meso-network of flux 
sites, using MATLAB packages.  This gives us the flexibility to use the most suitable set 
of variables to fill gaps.  For our rice, we use photosynthetically active radiation, air 
temperature, vapor pressure deficit, water table, friction velocity and day of year (to 
simulate phenology) to gap fill CO2 flux data.  The following figure shows excellent 
agreement between 7 seasons/years of data and a trained neural network model. 
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CO2 Flux Measurements at Night 
 
The thermal stratification during night is much different than during the day.  At night 
temperature profiles are inverted, causing stable thermal stratification.  Wind speed and 
turbulence is much reduced, causing large build-ups in concentration in the surface layer.  
Night time turbulence is also intermittent, due to the sporatic turbulence induced by 
gravity waves.  The net situation is that it is very difficult to measure fluxes accurately at 
night.  This issue has become one of much concern by the carbon flux community, as 
many sites report a significant underestimate of CO2 flux and a strong dependency with 
friction velocity.  In essence, even though investigators attempt to measure bias errors 
due to storage, some CO2 seems to be leaking out of the control volume by how and how 
often storage profiles are measured.  Small undulations in terrain can induce mean 
drainage flows that may pass undetected below the flux measurement system. 
 
The most severe and controversial gap-filling correction being made is the so-called ‘u* 
correction’ to night-time respiration measurements.  It is standard practice by the flux 
community to reject nocturnal CO2 flux measurements under low friction velocity 
conditions and replace them with values associated with more windier conditions [A. G. 
Barr et al., 2013; L Gu et al., 2005].   
 
For background, the atmosphere’s thermal stratification becomes stable at night and the 
flow near and below the vegetation can become decoupled with that above.  In this 
situation, CO2 may drain out of the control volume under investigation and not be 
measured by the eddy covariance system [Aubinet et al., 2005b; Sun et al., 2007].  
Numerous teams has shown that the bias error increases as turbulent mixing, measured by 
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friction velocity (u*), decreases below a threshold [Aubinet et al., 2000; Barford et al., 
2001; Carrara et al., 2003; Goulden et al., 1996; L Gu et al., 2005; Saleska et al., 2003; 
Wohlfahrt et al., 2005].   The threshold, above which nocturnal CO2 fluxes are insensitive 
to mixing, ranges between 0.1 and 0.5 m s-1, depending on topography and canopy height 
[Aubinet et al., 2000; Loescher et al., 2006a].  Subsequently, correction factors are 
developed that re-scale nighttime respiration fluxes to the windy, well-mixed condition 
and are normalized by temperature, soil moisture and growth stage. 
 
Shown below are two examples from our studies, relating nocturnal CO2 exchange and 
friction velocity.  One can see that the results are noisy and it is hard to determine a 
distinct and certain threshold; r2 values are typically less than 0.40.  Plus, there are issues 
relating to how strict or lax in picking this value.  Picking a high threshold value has 
uncertainty due to the small body of data subject to high winds.  There is also the 
problem of antecedent conditions.  If a calm period is followed by sporadic turbulence, an 
extraordinarily large flux may be measured, but in practice it would be venting carbon 
accumulating over successive sampling periods. 
 
 

 
Figure 9 Impact of friction velocity on CO2 flux densities at night.  Under low 

wind speeds, CO2 seems to drain out of the control volume and not pass the imaginary 
line demarking the canopy atmosphere interface. This non-linear relation between CO2 
flux and friction velocity is a common observation across the FLUXNET network, 
indicating an atmospheric rather than instrumental effect. 
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 One alternative to the u* correction involves extrapolating of the daytime CO2 
flux-light response curve to zero [Eva Falge et al., 2002; Gilmanov et al., 2003; 
Hollinger et al., 1998; Lee et al., 1999; Suyker and Verma, 2001; Xu and Baldocchi, 
2004].  At the daily time scale, there is a strong correlation between the two methods, but 
respiration rates, based on the extrapolation of light response curve, tend to underestimate 
(by 78 to 94%) respiration values corrected for u*.   
 
A second alternative assumes that the rate of nocturnal respiration equals the maximum 
sum of the turbulent and storage fluxes observed over the night [Van Gorsel et al., 2007].  
This maximum respiratory efflux is noted to occur early in the evening before advection 
is established, so potential biases can be avoided.  It is noteworthy, that this latest 
approach produces respiration rates that match independent estimates based on upscaling 
soil and leaf respiration measurements well. 
 
A group from Oregon placed a second flux system near the floor of a forest and used 
those data to help guide and replace measurements that were rejected during calm 
conditions [Thomas et al., 2013]. 
 
 
A key question associated with data evaluated in this review is: how accurate are the 
annual sums?   Annual errors in FN typically range between 30 and 100 gC m-2 y-1, with 
larger and smaller values having been reported [Anthoni et al., 2004; Goulden et al., 
1996; Hagen et al., 2006; Hollinger and Richardson, 2005; Loescher et al., 2006b; 
Moncrieff et al., 1996; Oren et al., 2006; Rannik et al., 2006].    Correcting FN for 
insufficient nighttime mixing typically adds an additional respiratory flux on the order of 
30 to 50 gC m-2 y-1, and thereby reduces FN. The magnitude of this correction depends on 
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the choice of the cut-off value for u*, how tall the vegetation is and local topography 
[Anthoni et al., 2004; Aubinet et al., 2000; A G Barr et al., 2002; Loescher et al., 2006b; 
D. Papale et al., 2006; Saleska et al., 2003; Xu and Baldocchi, 2004].    
 
 
Flux Partitioning 
 
It has already been established that the eddy covariance method measures the net flux 
density, which in the case of net ecosystem CO2 exchange is the balance between 
ecosystem photosynthesis (denoted as GPP) and ecosystem respiration. 
 

ecoNEE GPP R   

 
 
To better understand the controls on these fluxes it is instructive to partition the net flux 
into its gross components like: 
 

ecoGPP NEE R   

 
But this requires that we assess Reco independently.  Fortunately, we can use a mix of 
day-night sampling and models to conduct this partitioning, as is shown for the alfalfa 
field below. 
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The basic idea is measure respiration at night, use those data to develop a model that can 
be applied during the day to subtract from NEE and compute GPP [Eva Falge et al., 
2002]. 
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There are a variety of temperature dependent respiration models that can be used 
[Reichstein et al., 2005]. 
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 [Lloyd and Taylor, 1994] 
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The key point is to adjust model parameters across the season to account for changes in 
photosynthetic capacity, leaf area, soil moisture and phenology. 
 
Because this is uncertainty in the quality of nocturnal CO2 flux measurements, others 
have used a method that estimates ecosystem respiration by extrapolating the daytime 
CO2 Flux-light response curve to zero light levels [Eva Falge et al., 2002; Suyker and 
Verma, 2001; Xu and Baldocchi, 2004].  In the following figure we see an example for an 
alfalfa field in California.  In this case the zero intercept is well founded. 
 
 

  
 
 
Tests of this method with more extensive datasets have shown good agreement on the 
seasonal and yearly bases as shown below. 
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[Suyker and Verma, 2001] 
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[Eva Falge et al., 2002] 
 
 
Spurious Correlations among GPP and Reco? 
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It is well known in statistics that correlations between two variables with shared 
information from a third variable can be spurious [Pearson, 1896].  Hence it is warranted 
that we inspect whether or not estimates of GPP and Reco suffer from spurious 
correlation. 
 

 
 

 
 
In a recent paper we derived the equation defining spurious correlation among G and R 
and evaluated it using day-night sampling with data from the FLUXNET database [D 
Baldocchi et al., 2015]. 
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We then expanded this analysis to the FLUXNET database that spans a spectrum of 
climate and plant functional types.  We found, on average, that the correlation between 
gross photosynthesis and ecosystem respiration, using day-night sampling, was close to 
minus one (-0.828 +/- 0.130).   For perspective, a large fraction of this correlation was 
real, as the degree of spurious correlation (Eq. 22) was -0.526. We conclude that the 
potential for spurious correlation between canopy photosynthesis and ecosystem 
respiration across the FLUXNET database was moderate.  Looking across the database, 
we found that the least negative spurious-correlations coefficients (> -0.3) were 
associated with seasonal deciduous forests.  The most negative spurious correlations 
coefficients (< -0.7) were associated with evergreen forests found in boreal climates.  
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If we apply the analysis to annual sums of G and R we find a lower degree of spurious 
correlation, rsc = -0.157.  
 
 

FLUXNET, published circa 2013
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Summary Comments 
 
If you are starting a new study there are many things one should do and check. 
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1. find relatively flat site with uniform vegetation. Try to have fetch to height 
ratio greater than 100:1 

1. Check for advection (flux divergence) by measuring flux profiles using 
two flux systems 

2. Check for energy balance closure 
3. Check power spectra and co-spectra. Are you measuring the full spectrum 

of flux contributing eddies. 
4. See if there is instrument interference of winds or lags due to wind 

separation between wind and scalar sensors. 
5. Look for systematic bias flows. Plot mean drag coefficient vs wind 

direction for a large body of data.  Plots like this will also identify sensor 
drift. 

6. Plot data and see if it falls within expected ranges. Look for unexplained 
outliers. 

7. Watch calibrations and calibrate often. 
8. Know your site and system well. 

 
 
In this lecture we have discussed numerous procedures for producing turbulent 

flux estimates. 
 
Below is a table surveying the key steps. 
 
Summary of Data Processing 
 

 Process 
Realtime 
Sampling 

Sample instruments at 10 to 20 Hz, 
depending on height of sensors and wind 
speed. fsample = 2 times fcutoff (f=nz/U) 

 Store realtime data on hard disk 
 Process realtime means, variances and 

covariances using digital recursive filters. 
Compute 30 or 60 minute averages of 
statistical quantities. Use to diagnose 
instrument and system performance 

 Document data and procedures. 
  
Post Processing, 
hourly data 

Compute means, covariances and variances 
using Reynolds averaging 

 Merge turbulence and meteorological data 
 Apply calibration coefficients and gas law 

corrections to compute unit correct flux 
densities and statistics 

 Apply transfer functions and frequency 
corrections 

  Compute Storage and Advective fluxes 
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 Compute power spectra and co-spectra; 
examine instrument response and 
interference effects 

  
Post Processing, 
daily data 

Apply QA/QC and eliminate bad data 

 Use gap filling methods and fill gaps 
 Correct nighttime data if needed using such 

corrections as with well-mixed friction 
velocity, or check against independent 
measurements, such as soil respiration 
chambers 

 Compute daily integrals 
  
  
Yearly data Compute annual means by integrating data 

set. 
  

 
 
 
 
 

State of Art Discussion Topics 
 
Discuss how eddy covariance measurements are used to evaluate models?  How reliable 
is each measurement?  What are proper averaging schemes?  If we average, do we filter 
or miss episodes or interesting processes?  How do we avoid testing ‘apples’ vs 
‘oranges’? 
 
Night corrections of CO2 flux. Where is the material going? Do we correct with 
temperature corrected chamber measurements 
 
Energy balance closure. Why? Is is a function of footprints and reprsentativeness, net 
radiometers? Do we artificially close the energy balance and correct data? Do we apply 
these corrected estimates to the Webb Pearman Leuning corrections for CO2 exchange. 
 
How good are spectral models for applying transfer functions. Can we use the current 
theory at night? What about inside a canopy?  
 
How well does one need to measure the CO2 storage term?  How many levels are 
needed? Where should they be placed? How often should one sample? 
 
What does zero drift do to coordinate rotation and the estimate of eddy fluxes? 
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