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A B S T R A C T

Eddy covariance is increasingly used to monitor cattle emissions. However, the turbulent flux calculation
method and the footprint models upon which calculations are based are insufficiently validated. In addition,
available footprint models presume the source to be placed at soil height, which is obviously not the case for
cattle. The present study uses a single known artificial point source placed at cow’s muzzle height in order to
assess the impact of the flux calculation method (averaging method, averaging period, quality filters) and of the
footprint model on the emission estimates. The optimal calculation method and footprint model combination
(running mean, 15min averaging periods, no application of the Foken and Wichura (1996) stationarity filter,
and the use of the Kormann and Meixner (2001) footprint function) led to estimated emissions between 90 and
113% of the true emission, leading to the conclusion that the use of eddy-covariance for point-source emission
estimation is feasible provided an adequate calculation method is selected.

1. Introduction

The eddy covariance method is one of many methods used to
monitor ecosystem gas exchanges. It allows measurement of scalar ex-
changes between horizontally homogeneous surfaces and the atmo-
sphere (Foken et al., 2012). Gathered data are typically representative
of an area of a few hectares and are typically averaged over a 30min
interval. The technique is, for instance, at the basis of monitoring net-
works (FLUXNET; https://fluxnet.fluxdata.org/, ICOS; https://www.
icos-ri.eu/) for CO2, N2O, and CH4 exchanges over various landscapes.

A challenge commonly associated with eddy covariance is that real
measurement sites are rarely homogeneous. Therefore, scientists had to
identify a footprint area or “effective upwind source area sensed by the
observation” (Schuepp et al., 1990) in order to make sense of the
measurements. This led to the development of footprint functions
weighting the respective contribution of each element of the surface to
the measured vertical flux (Rannik et al., 2012). A promising use of
footprint models would be to extend the use of eddy covariance to
quantify point source emissions, such as methane emissions from live-
stock or emissions from vents in geothermal areas (Etiope et al., 2007).

Three main issues are raised when estimating point source emis-
sions. Firstly, footprint models are designed for perfectly flat and

homogeneous landscapes without any obstacles (hedges, trees, etc.), an
ideal situation almost never met for real measurement sites. However,
these models are only useful when dealing with heterogeneous surfaces
(e.g. two different adjacent crop lands) and remain valid if flux het-
erogeneity occurs only for "passive" scalars (in the sense of not affecting
local stability). Therefore, the question arises whether these models are
accurate enough to be used for extreme cases of heterogeneity like point
sources (Leclerc and Foken, 2014). Secondly, Footprint models are
designed for sources emitted at soil height (or at least below the dis-
placement height) while cattle emit methane at muzzle height, typically
around 80 cm. To our best knowledge, no information about the impact
of the release height on the eddy covariance footprint is yet available in
the literature. Thirdly, the eddy covariance method is based on the
assumption of stationarity of the time series, while point source emis-
sions are only intermittently present in the footprint, due to wind
characteristics (direction, speed, stability) variations within one aver-
aging period. The assumption of flux stationarity is thus breached and it
is unclear how well the covariance of the scalar concentration and the
vertical wind component is representative of the true flux (Foken et al.,
2012). The present study is thus designed in a pragmatic way in order
to tell how much the available tools can be “abused” in order to cor-
rectly estimate methane emissions despite methodological issues.
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Cattle methane emissions in a pasture represent an interesting ap-
plication for point source emission measurements. These emissions are
of great importance for the greenhouse gas balance of grasslands yet
their field measurement is challenging (Harper et al., 2011). Felber
et al. (2015) have used eddy covariance to estimate methane emissions
from a grazing herd. Over 7 months, all 20 cows grazing on a pasture
divided into 6 sub-plots were located using GPS trackers, while me-
thane fluxes were measured using eddy covariance. Cattle contribution
to the footprint was then estimated using the Kormann and Meixner
(2001) footprint model and combined with the measured flux to obtain
cows’ emissions. While estimated emissions should be independent
from the distance between the source and the mast, Felber observed
lower and less plausible estimated emissions when cows were located in
a sub-plot further away from the mast (> 50m), revealing a weakness
in the approach. Coates et al. (2017) renewed the experience but with
artificial known and constant methane sources scattered across a pad-
dock, at an height of 0.8 m, in order to mimic animal distribution.
Emissions were estimated using a Lagrangian stochastic footprint model
for two distances between the mast and the paddock: 5 and 55m. The
results showed again an impact of distance between the source and the
mast on estimated emissions. Emissions were overestimated when
sources were close from the mast while correct when further away.

Moreover, while the study from Felber et al.(2015) was lacking a
true reference emission, the study from Coates et al. (2017) was based
on known and constant methane sources, authorizing investigation of
methodological sources of uncertainties. However, the sources were
distributed almost homogeneously on the field leading to a situation
very close to an area emission, which reduced the importance of the
accuracy of the footprint model. Heidbach et al. (2017) built on this
research by estimating methane emission from a single point source
placed at grass level at 20 or 35m from the mast. In this case, four
different footprint models were compared: Kormann and Meixner
(2001); Kljun et al. (2015); Hsieh et al. (2000), and Schmid (1994). The
conclusion once again was that most models overestimate emissions
from points close to the mast (distance = 20m). The notable exception
was the Kljun et al. (2015) footprint model which performed very well
at all distances.

Additional studies are required to validate the results from
Heidbach et al. (2017) for different sites, source heights and distances
between the mast and the source. Moreover, while efforts have been
made for testing footprint models, little interest has yet been given to
the impact of point source characteristics on the flux calculation
method (potential un-stationarity). The purpose of this paper is there-
fore to validate the ability of the eddy covariance method to estimate
methane emissions from cattle. For this purpose, a single artificial point
source, placed at different distances from the mast at cattle muzzle
height (0.8m) was used. The use of a single source constitutes a worst
case because it increases the risks of methodological difficulties when
computing fluxes and requires high accuracy of the footprint function.
Two major challenges are addressed: (i) identification of the flux cal-
culation method (averaging method, averaging period, quality filters)
which is best suited for point source emission estimation, and (ii) se-
lection of a footprint model which could deliver results consistent with
the real emission rate for all tested distances between the source and
the mast.

2. Materials & method

2.1. Site description

The experiment took place at the Dorinne Station (50˚ 18′ 44.00″ N;
4˚ 58′ 7.00″ E.), a 4.2 ha grazed grassland located in Belgium.. The
eddy-covariance mast was placed in the center of the grassland. The
pasture is entirely surrounded by other grasslands except in the south-
west (main wind direction) where a crop field is present. Data were
only gathered during the rest season, when no cattle were present on

the grassland and when grass height was of approximately 5 cm. During
the 2016measurement period (winter and early spring), this latter
parcel was covered with remains of mustard (grown as a catch crop).
During measurements in 2017 (winter and early spring), it bore winter
wheat. The grassland has a gentle slope (0 to 5°) from the south-west
(higher part) to the north-east (lower part) and a barn was located
approximately 350m to the north-east of the mast. Additional in-
formation about the site can be found in Gourlez de la Motte et al.
(2016).

2.2. Experimental setup

Methane fluxes exchanged in the pasture were measured con-
tinuously using a fast CH4 analyzer (PICARRO G2311-f, PICARRO Inc.,
USA) and a sonic anemometer (CSAT3, Campbell Scientific Ltd., UK)
placed 2.6m above ground. Additional information about the in-
strumentation, filters, tube dimensions, and calibration frequency can
be found in Dumortier et al. (2017).

An artificial methane point source was deployed in the field during
three measurement campaigns: at 23m north-east of the mast from
March 17 to 23, 2016 (23 NE), at 60m south-west from March 29 to
April 5, 2016 (60 SW), and at 80m south-west from February 23 to
April 5, 2017 (80 SW). The 23m distance corresponds to the mean peak
footprint contribution using the Kormann and Meixner (2001) footprint
model. The two other distances were chosen to represent a panel of
distances found within the pasture, the closest and furthest borders of
the pasture being 80 and 180m away from the mast, respectively. The
selected distances were thus representative of usual cow positions.
During each campaign the artificial source was placed in the forecasted
main wind direction in order to maximize data collection.

Bottles containing pure methane (N25 bottles, 99.5% CH4, Air
Liquide, Liège, Belgium) were placed at the center of the grassland and
were connected to an outlet situated approximately 80 cm above the
ground (average cattle muzzle height) at the chosen distance and di-
rection from the eddy covariance mast. The methane flow was regu-
lated at 1544 ± 15 g day−1 (1.5 standard liters per minute) by a
pressure regulator (HBS200 3-2.5, Air Liquide, Liège) and a mass flow
controller (Brooks 5850E, Brooks Instrument LLC, PA, USA), an emis-
sion that corresponds to approximately nine adult meat cows. In order
to reduce methane consumption, the system was programmed to emit
methane only when winds were coming from the artificial source di-
rection (± 45°), and when u* was above 0.13m s−1 in the previous
15min.

2.3. Source emission quantification

Turbulent fluxes were calculated using EddyPro® version 6 open
source software (Li-Cor Inc., Nebraska, USA). However, as point sources
can cause sudden fluctuations in measured methane concentration
(Fig. 1), which is not in accordance with the stationarity hypothesis
behind eddy-covariance, different flux computation methods were
tested. The following computation parameters were modulated to cal-
culate fluxes:

- Averaging method: In addition to the traditional block averaging
method (BA) an auto-regressive method (moving average using a
time constant of 120 s, MA120) was tested. The auto-regressive
method consists of replacing the block average by a moving average
(or running mean) in the covariance computation.

- Averaging period: Fluxes and footprints were computed using an
averaging period of 5, 15, or 30min.

- Quality filters: While the Foken and Wichura (1996) stationarity test
(using a 30% threshold) is widely applied to surface fluxes, the re-
levance of flux filtering using this “stationarity test” should be
verified for point source emissions. The quality of the fluxes before
and after this filtering step was therefore also investigated.
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For all flux calculations, time lags were calculated using a covar-
iance maximization method with a default value of 2.3 s and a window
size of 1 s (71% of the records were found within this time window for
methane). Time lag values outside this window were not accepted as
they were considered unrealistic. Frequency correction was applied
using an in situ spectral correction method(Fratini et al., 2012), fol-
lowing the procedure of Mamadou et al. (2016). Data were also filtered
on the basis of friction velocity, using a u* threshold of 0.13m s−1

(Dumortier et al., 2017; Gourlez de la Motte et al., 2016), and integral
turbulence characteristics according to the method proposed by Foken
and Wichura (1996) and using a threshold value of 30% in order to only
keep well developed turbulent conditions. Among the statistical tests
for raw data screening proposed by Vickers and Mahrt (1997) some
choices were made. The spike filtering, drop-out, absolute limit, and
discontinuities tests were applied using the default settings proposed by
EddyPro®. Those tests removed less than 3% of the dataset. On the
other hand, amplitude resolution, skewness and kurtosis tests were
disabled as they deleted almost all periods involving an artificial source
in the footprint(the test failure was probably due to real emission
peaks).

Emission per source was computed by combining turbulent flux
measurements with source positions through the use of a footprint
function. According to the definition of the footprint function, we have:

=F F x yX
i j

ij ij ij ij
(1)

where FX is the measured flux density of the scalar X (nmole m−2s-1), Fij
is the flux density from the cell ij (nmole m−2s-1), ij is the value of the
footprint function in the cell ij (m−2), and xij and yij are the x and y-
size of the cell ij (m).

As only one cell contains a source, we can consider that Eq. (1) can
be shortened as follows:

=F F x yX ij source ij source ij ij, , (2)

where Fij source, is the flux density from the cell containing the source
(nmole m−2s-1) and ij source, is the value of the footprint function in the
cell containing the source (m−2).

If we introduce fX, the emission per source (nmole s−1source−1), we

can write:

=F f x y/( )ij source X i j, (3)

Combining (2) and (3) gives:

=F fX X ij source, (4)

And therefore allows the emission per source (fX) to be computed
using:

=f F /X X ij source, (5)

where the denominator, source, corresponds to the source contribution
to the footprint.

The footprint function ( ) was calculated according to two different
footprint models: an analytical footprint model described by Kormann
and Meixner (2001) (KM) and a flux footprint prediction tool (FFP)
based on backward Lagrangian stochastic particle dispersion developed
by Kljun et al. (2015). Two input parameters required for FFP had to be
estimated. The boundary layer height (h) was considered to be equal to
1500m during daytime and to 300m during night time. This rough
estimation was sufficient as the resulting source was only very weakly
impacted by the boundary layer height, probably because most stable
situations were eliminated by the u* and integral turbulence char-
acteristic filters. The aerodynamic roughness length (z0) estimation was
more challenging as it had a major impact on FFP outputs (estimated
emission variation of up to 17% for z0 values ranging from 6 to 20mm).
According to the literature, typical z0 values should be found between
6mm and 2 cm for a pasture (Stull, 1988). However, Graf et al. (2014)
describe a combination of z0 estimation methods which, when applied
to our site (grass height of approximately 5 cm), resulted in estimates
between 8mm and 4 cm according to the method. After some testing a
z0 value of 8mm was selected as it appeared that lower z0 inputs were
associated with more coherent emission estimates (higher precision and
reproducibility, see Table 1) while z0 values lower than 8mm were
considered as unlikely. Moreover, both footprint models were designed
to estimate the contribution of emission sources placed at soil height,
with no flexibility being given to investigate the impact of source height
in relation to the ground. To our best knowledge the impact of this
factor has not yet been quantified and will not be considered in this
publication.

Finally, the source emission and the associated uncertainty was
estimated by the slope of the linear regression between measured FCH4
and computed source, according to Equation 4. The linear regression was
calculated by the linear least square method, a method which is valid if
the x-axis ( source) is considered as known exactly and if the uncertainty
is attributed to the y-axis (FCH4) only (Webster, 1997). In the present
work source is indeed calculated according to a chosen calculation
method whose input (mast position, source position and wind char-
acteristics) are known with sufficient precision. This method provides
only one emission estimate for each campaign but has the advantage of
reducing the bias caused by potential background fluxes. Two situations
can be considered. When background fluxes are uncorrelated with source
(e.g. soil emissions), these background fluxes will only affect the in-
tercept and will have no impact on the slope of the regression curve. In
this case, estimating the source emission with this method is more ro-
bust than computing it on individual points and calculating the average.
When background fluxes are correlated with source (e.g. localized con-
tamination such as manure piles) the intercept and the slope of the

Fig. 1. Methane concentration evolution before (no shading) and after
(shading) activation of the artificial source.

Table 1
Performance score calculation method.

Accuracy score Reproducibility score Precision score

Tested parameter f f| |estimated emitted f estimated,
2 R² of the linear regression

Application For each campaign+ all 3 campaigns together For all campaigns For each campaign+ all 3 campaigns together
Maximum total score 1 1 1
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regression curve are both affected. In this latter case, the target source
estimation will unavoidably be biased to a degree, depending on the
magnitude and source position of the background fluxes.

Different options to estimate fCH4 were considered: 2 footprint
models, 3 averaging periods, 2 averaging methods, and 2 modalities of
stationarity test (application or not). In order to select the most ap-
propriate emission estimation method, each of the 24 tested combina-
tions was associated with a performance score indicating its accuracy
(closeness to the real emission), reproducibility (homogeneity of
emissions between campaigns), and the quality of the relation between
FCH4 and source (R² of the linear least square regression). Those scores
were computed using:

=Accuracy score x x
x x

0.25 1 min

max min (6)

=Reproducibility score x x
x x

1 min

max min (7)

=Precision score x x
x x

0.25 min

max min (8)

where x is the tested parameter described in Table 1. Eq. (6) to (8)
allowed to attribute to each combination a score between 0 (worst
score) and 1 (best score). The accuracy and precision scores are cal-
culated as the sum of 4 scores (each three campaign+ all 3 campaigns
together) and are thus divided by 4. Finally, the total performance score
corresponds to the sum of the accuracy, reproducibility and precision
scores, therefore capping to three.

3. Results & discussion

3.1. Contamination by uncontrolled sources

A precedent study run on the site by Dumortier et al. (2017) re-
vealed that measured methane fluxes were impacted by the barn; a
strong methane emitter which was situated approximately 350m to the
north-east of the mast. The same phenomenon was observed during this
study. However, as only wind directions from the artificial source di-
rection± 45° were kept, methane emissions from the barn direction
were as a matter of fact discarded from the dataset during the 60 SW
and 80 SW campaigns. Moreover, during the 23 NE campaign mean
methane fluxes reached 538 nmol m−2 s-1 when the wind was coming
from the north-east and were thus much higher than the mean

measured methane fluxes in the absence of cattle or active artificial
sources, which was below 30 nmol m−2s-1 1 for all wind directions
(Fig. 2). Therefore, even during the 23 NE campaign (source placed in
the barn direction) the impact of the barn on the estimated artificial
source emissions was considered to be limited. The barn had thus al-
most no impact on estimated fCH4 during these campaigns.

3.2. Methane emission estimation

For each emission estimation method a performance score (see
Section 2.3) was calculated. The performance score of each combina-
tion (Table 2) indicates that the best suited combination for emission
estimation was obtained by using the running mean method on a
15min averaging period, without application of a stationarity test, and
using the KM footprint model. In these conditions, when considering all
campaigns together, estimated emissions (± 95% confidence intervals)
were of 1502 ± 78 g CH4day−1. The real emission was of
1544 ± 15 g CH4day−1 which is within the uncertainty range of the
estimates.

For comparison, the estimated emissions using FFP would range
from 748 ± 142 (BA, 30min, with stationarity test) to 1386 ± 88 g
CH4day−1 (BA, 5min, with stationarity test) according to the selected
calculation method. The dependency of the estimated emissions ac-
cording to the calculation method (footprint choice, averaging interval
and averaging method) will be further examined in the next sections.

3.2.1. Footprint calculation method
The footprint calculation method had a major impact on estimated

emissions. Systematically, the use of the FFP tool led to less accurate,
less reproducible, and less precise emissions than the use of the KM
footprint model (Table 2). The difference is obvious when comparing
the relation between measured methane fluxes and source for both
footprint models (Fig. 3). While all regressions fit for the KM footprint
model, each campaign leads to a different regression line when using
FFP. A closer look at the footprint functions (Fig. 4) explains the dif-
ference between the footprint models. The FFP tool presents its con-
tribution peak at shorter distances than the KM footprint model, re-
sulting in higher contributions for sources close to the mast and lower
contributions for sources further away, relative to the KM footprint
function (Fig. 3).

The difference of behavior between the two tested footprint models
is well known and has recently been discussed in the literature (Arriga

Fig. 2. Mean measured methane flux (nmol m−2 s-1) during
each campaign according to wind direction, overlaid on the
map of the site. The 23 NE, 60 SW, and 80 SW campaigns only
include periods with an active artificial source. The no artifi-
cial source line refers to data collected a few days before,
during (with inactive artificial source), and a few days after
each campaign. The dark spot indicates the barn location.
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et al., 2017; Heidbach et al., 2017; Kljun et al., 2015; Prajapati and
Santos, 2017). While Arriga et al. (2017) and Prajapati and Santos
(2017) could not identify the best suited model, Heidbach et al. (2017),
in a similar artificial source experiment but with the artificial emission
released at soil level, found better correlations between source and fluxes
when using FFP rather than KM, contrary to our results.

Several hypotheses concerning the different efficiencies of footprint
models between studies can be proposed. The first is that the difference
is linked to the topography of the site. However, this hypothesis is
unlikely as different source directions (north east and south west) were
tested. A second hypothesis is that Heidbach et al. (2017) only works
with relatively short distances between the mast and the source (less
than 35m) and that the results would not be the same for larger dis-
tances. However, as the shapes of the footprint function at short and
large distances are correlated, this hypothesis seems unlikely too. A
third hypothesis is that in the present study the artificial source is at a
height of 80 cm, a significant fraction of the measurement height
(2.6 m), while the models expect a source at ground level, thereby
impacting the footprint function. To our knowledge, no quantitative
information about the impact of the release height on the footprint
function is available in the literature. However, if the source is placed at
a higher level, two options can be considered:

-The smaller vertical distance to bridge between the source and
measurement height will result in a footprint peak being higher and
closer to the mast. This information is in agreement with a publication
from McGinn et al.(2011) based on the concentration footprint

-Particles would travel much faster from the start, as wind speed and
velocity fluctuations are higher when higher up. This would increase

the extent of the footprint and move the peak further away from the
mast and reduce the peak intensity.

Considering the present measurements, pushing the footprint peak
further away from the mast would have a negative impact on the KM
performance as the model is performing well without considering the
source height, and a positive impact on the FFP performance (Fig. 4) as

source would decrease for the 23 NE campaign and increase for the other
campaigns. The more coherent source estimates delivered by the KM
footprint model might thus be the result of two opposing errors, an
imprecision of the footprint model and a source release height which is
not properly considered. However, in the absence of available tools
incorporating the effect of the source height we selected, in a very
pragmatic way, the KM model due to its better performance in our
specific situation, regardless of the origin of the good relation obtained
in Fig. 3A.

3.2.2. Averaging period
Measuring point sources questions the relevance of working with

30min averaging periods. Considering that the artificial source, al-
though static, is moving in the footprint (or that wind velocity and
direction are changing over time) a lower averaging period might seem
more appropriate (Coates et al., 2017; Felber et al., 2015). At the same
time, footprint estimation methods are based, among other factors, on
the covariance of the wind velocity vertical and horizontal components
which implies the use of a sufficient averaging period. The results given
in Table 1 indicate the best compromise and show that better perfor-
mance scores were associated with the 15min averaging periods.

However, the better performance of 15min averaging periods was

Table 2
Performance indicators for each of the 24 tested computation methods. The 24 combinations
correspond to two footprint models: the one from Kormann and Meixner (2001) (KM) and a flux
footprint prediction tool (FFP) developed by Kljun et al. (2015); three averaging intervals: 5, 15
and 30min and two averaging methods: block averaging (BA) and moving average using a time
constant of 120 s (MA120) The combination associated with the higher performance score is
highlighted in light grey.
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not linked to the averaging period length itself but rather to the fact
that, according to the length of the averaging period, other quality tests
(stationarity test, u*, wind direction, or integral turbulence character-
istics) removed different data, leading ultimately to different data sets
(e.g. if u* decreases during a half hour the whole half-hour might be
kept while at a 15min scale only the first part of the half-hour is kept).
When the same data sets were considered (i.e. limited to the data which
were accepted for all averaging period durations), the impact of aver-
aging period length no longer appeared (flux variation smaller than
4%). On this basis, and in agreement with literature (Coates et al.,

2017; Felber et al., 2015) the 15min averaging period was considered
to be the most adequate compromise.

3.2.3. Averaging method
The choice of the averaging method had an impact on the measured

methane fluxes and thus on the estimated emissions (Table 2). Perfor-
mance indicators were systematically higher using an autoregressive
filter, such as the moving average, rather than the classic method (BA
with stationarity filtering). Although auto-regressive filters are not re-
commended for classical eddy covariance measures (Rebmann et al.,
2012), in this particular case they perform better than block average
because they can avoid biases linked with background trends in con-
centration (Gash and Culf, 1996), which are more frequent here due to
the sporadic presence of the artificial methane source in the footprint
(Fig. 1). The use of a moving average is thus advised when working
with point sources, while BA is advised when working with relatively
homogeneous sources. As a result, the choice of the averaging method
had little impact on CO2 and H2O fluxes (data not shown) while it had
an impact on methane fluxes.

3.2.4. Quality filter
The standard eddy covariance protocol involves a filtering step in

order to remove measures associated with un-stationarity. However, as
discussed by Dumortier et al. (2017), as the Foken and Wichura (1996)
stationarity test is based on the relative variation of the flux, it more
frequently discards small fluxes (close to zero) than large fluxes asso-
ciated with large methane concentration variations, which leads to a
bias in fCH4 estimates (Dumortier et al., 2017; Sparks and Toumi, 2010).
This removal of small methane fluxes independently of source generally
resulted in an increase of fCH4 (for 5 out of 6 combinations) but
sometimes increased the intercept of the regression curve, resulting in a
decrease of fCH4 (for 1 out of 6 combinations). The proposed alternative
to overcome this bias was to work with a running mean which allowed
the reduction of stationarity biases and therefore removed the need for
a stationarity test. Moreover, this option was always associated with the
highest performance scores (Table 2).

The selected option to estimate methane emissions was thus the
combination of the KM footprint function with methane fluxes mea-
sured using a running mean over a 15min averaging period without
stationarity filtering.

3.3. Sensitivity analysis

Quality checks were run to make sure that the selected option would
work in a wide range of situations. This means that the estimated
emissions should be insensitive to specific situations such as the dis-
tance between the source and the mast, the nature of the turbulence
(stable, unstable and neutral conditions), or the angular deviation be-
tween the source and the wind direction. To analyze these parameters,
we divided our data into subsets containing the same amount of sam-
ples and presenting increasing values of the parameter of interest.

The homogeneity of methane emission across campaigns, and thus
across distances between the mast and the source, was already used as a
selection criteria to choose the optimal methane emission estimation
method. As a result the distance between the mast and the source had
only little impact on fCH4 with emissions (± 95% confidence interval)
of 1398 ± 214, 1738 ± 271, and 1421 ± 113 g CH4 day−1 for 23
NE, 60 SW, and 80 SW campaigns respectively (Fig. 5A and 5B).
Nevertheless the real emission was slightly outside the 95% confidence
interval for the 80 SW campaign. This is mainly due to a reduced
confidence interval for this distance.

Footprint models are based, among other factors, on friction wind
velocity (u*) and on the stability of the atmospheric surface layer (Kljun
et al., 2015) which can be estimated by the stability parameter ((z-d)/
L), where z corresponds to the measurement height, d to the displace-
ment height, and L to the Monin Obukhov length. No significant impact

Fig. 3. Measured methane fluxes (FCH4) according to the source contribution to
the footprint ( source). Each point corresponds to a 15min integration period
and is represented only when the artificial source is emitting. source values were
calculated using the KM (Kormann and Meixner, 2001) footprint model (A) or
the FFP (Kljun et al., 2015) tool (B). Solid lines correspond to the linear least
square regression line and the dotted line corresponds to the expected relation
(intercept of 0 and slope equal to the real emission). Fluxes were calculated
using a running mean and without application of the Foken and Wichura (1996)
stationarity test.

Fig. 4. Crosswind integrated footprint function (фj) averaged over all three
campaigns using the KM footprint model or the FFP tool. Dashed lines indicate
tested distances (23, 60, and 80m).
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of the atmospheric surface layer stability parameter (Fig. 5C) on the
mean estimated emission was observed. As a consequence, no differ-
ence between day-time (1479 ± 103 g CH4 day−1) and night-time
(1505 ± 131 g CH4 day−1) emission estimates was observed. On the
other hand, emissions were overestimated when u* was above 0.4
(Fig. 5D). However, filtering emissions to remove data associated with
u* values above 0.4 m s−1 did not result in improved performance
scores (4.5/6 instead of 5.5/6).

Emissions can only be estimated when the source is in the footprint.
However, the footprint might be better defined on some portion of this
range. For instance, (Heidbach et al., 2017) only calculated an emission
when the source was in the wind direction± 40°. The impact of the
angular deviation between the wind and the source direction was

observed in Fig. 5E. Estimated emissions were close to the real emission
even when the wind was not aligned with the source. This result in-
dicates that the selected option performs well when the source was in
the wind direction±40°.

Finally, wind direction variations within an averaging period were
suspected to have an impact on emissions as they could be linked with a
mean (over the averaging period) footprint not representative of the
real source contribution. An extreme example of this situation would be
a 180° wind direction change during an averaging period. To analyze
this parameter, we divided our data into subsets presenting increasing
degrees of wind direction variance (Fig. 5F). Wind direction variance
had no impact on estimated emissions, indicating that the extreme
example described above is not commonly encountered in the field. o

Fig. 5. Impact of the distance from the
mast (A), relative distance to the KM
footprint peak (B), atmospheric stability
parameter (z-d)/L) (C), friction velocity
(u*) (D), angular deviation between the
source position and the wind direction (E),
and wind direction variance (F) on the
estimated methane emission (fCH4). For
each subfigures fCH4 was calculated using
the best performing calculation method.
Atmospheric stability, friction velocity,
angular deviation, wind speed and direc-
tion variances are organized in 5 cate-
gories containing the same number of
samples and plotted at the category mean.
The error bars correspond to the 95%
confidence interval of the slope. The
dotted line indicates the artificial source
emission.
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4. Conclusions

The main goal of this work was to validate the combined use of eddy
covariance and a footprint tool in order to estimate cattle methane
emissions. Measured fluxes originating from an artificial point source
were subject to large variations, even in the presence of unchanging
meteorological conditions. Nevertheless, the slope of the relation be-
tween the measured methane flux and the source contribution to the
footprint allows estimation to be made of point source emissions (Eq.
(4)).

Among the tested options to estimate methane emissions the best
choice proved to be the use of the running mean over 15min averaging
periods without application of the Foken and Wichura (1996) statio-
narity filter associated with the Kormann and Meixner (2001) footprint
model. This method led to estimated emissions between 90 and 113% of
the true emission, despite the fact that we tested a worst case, with a
single point source. The true emission rate was found inside the 95%
confidence interval associated with the estimate for two out of three
campaigns (23 NE and 60 SW), the 80 SW campaign resulted in an
estimated emission slightly outside the confidence interval (less than
1%). Nevertheless, we consider that the eddy covariance technique can
be successfully used to estimate methane emission from point sources
when working with averages over periods longer than few weeks.

The FFP tool developed by Kljun et al. (2015) did not work as well
as the KM footprint model in this case and led to an overestimation of
methane emissions, especially for long distances between the mea-
suring point and the methane source. Both KM and FFP consider a
source placed at ground level and not at the actual release height of
80 cm. This element is not trivial as a higher source height might dis-
place the footprint peak distance to the mast. Additional studies would
be required in order to quantify the impact of the source height on the
footprint function. The present study, in a very pragmatic way, led to
the selection of a footprint model (KM) that performs well in the si-
tuation of an elevated release corresponding to the average height of a
cow’s mouth. This does not indicate that the result would be the same if
the source was placed at surface height; prior comparisons (Heidbach
et al., 2017; Kljun et al., 2015; van de Boer et al., 2013) might in fact be
right and the impact of the released height might cancel some sys-
tematic error associated with the KM footprint model.

Unlike the studies from Felber et al. (2015) or Heidbach et al.
(2017) no systematic bias was associated with the distance between the
artificial source and the measuring point, or with the meteorological
conditions. Discrepancies between studies can originate from the im-
pact of source height, as discussed above. The range of tested distances
between the mast and the source might also play a role, our focus being
on distances larger than the position of the footprint peak. Additional
studies would thus be required in order to better understand the impact
of the release distance and height on emissions estimates. Ideally, such
a study should include distances both shorter and longer than the po-
sition of the footprint peak and both elevated and ground-level emis-
sions. More fundamentally, improving footprint models to include the
source height as an input would be very useful for the whole commu-
nity.

The next step would be to estimate emissions from natural, moving,
point sources (e.g. cattle). In this study, the source was motionless in
the soil referential but, as wind direction and speed varied throughout
the averaging interval, the source was mobile in the air referential from
which the measurement took place. This indicates that the present
technique could be as reliable for moving as for motionless sources. Its
use is thus suitable for the estimation of methane emissions from cattle.
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