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A B S T R A C T

The eddy covariance (EC) technique remains a cornerstone for direct, continuous monitoring of greenhouse gases 
fluxes, particularly for carbon dioxide (CO2). Traditionally, EC-derived net ecosystem exchange (NEE) is parti
tioned into gross primary productivity (GPP) and ecosystem respiration (Reco) using model-based approaches. 
Here, we present a novel, fully empirical partitioning method that applies conditional sampling to wavelet- 
decomposed signals, isolating positive and negative contributions of the wavelet co-spectrum of vertical wind 
velocity and CO₂ dry molar fraction, conditioned by the water vapour flux. This method was evaluated across two 
French ICOS sites, a mixed forest (FR-Fon) and a cropland (FR-Gri), over multiple years.

The approach is grounded in the hypothesis that wavelet decomposition enables separation of oppositely 
signed turbulent structures across scales, a claim supported by co-spectral analysis. The resulting flux compo
nents exhibited distinct frequency signatures under neutral and unstable atmospheric conditions, though not 
under stable stratification.

Daily partitioned fluxes derived from this method aligned well with GPP and Reco estimates from established 
nighttime- and daytime-based partitioning, with inter-method differences smaller than those observed between 
the conventional approaches themselves. Conceptually the method approximates net photosynthesis and offered 
improved coherence with site-specific ecological and management dynamics, capturing events such as growing 
season, harvest, and manure application at FR-Gri, more reliably than standard methods. It also avoided spurious 
GPP estimates common error in the night-time approach. Moreover, the diel Reco cycle revealed a bimodal 
pattern, suggestive of combined influences from solar radiation and soil temperature, in contrast to the pre
dominantly single temperature-driven dynamics inferred by conventional models.

Our findings demonstrate that wavelet-based conditional sampling offers a promising alternative for CO2 flux 
partitioning, one that is entirely empirical, calibration-free, and grounded in the physical co-emission dynamics 
and transport from surface to the atmosphere.

1. Introduction

Global surface temperature is 1.1 ◦C warmer compared with the pre- 
industrial era, even larger on land (1.6 ◦C) (IPCC, 2021). Climate change 
leads to widespread adverse impacts and related losses and damages to 

nature and people (IPCC, 2022b). Projections show >2 ◦C warming in 
2100 due to mismatches between implemented policies and long-term 
goals (IPCC, 2022a). The warming results from the increase in green
house gas (GHG) concentration in the atmosphere, which is, in turn, the 
result of anthropogenic emissions (IPCC, 2021). The largest share of 
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these emissions (86 %) comes from fossil fuel CO2 emissions (9.6 ± 0.5 
Pg C yr–1) (Canadell et al., 2021). While stopping these emissions should 
remain the first objective, mitigating climate change will require 
decreasing all GHG sources. Agriculture, forestry and other land use 
(AFOLU) is a significant source of GHG (12.0 ± 2.9 GtCO2eq yr− 1) (Jia 
et al., 2019). However, it has the potential to remove CO2 from the at
mosphere. Indeed, carbon uptake by vegetation has increased over the 
past decades, but uncertainties remain about whether this trend will 
continue (Canadell et al., 2021). Considering these uncertainties, soil 
carbon sequestration in croplands and grasslands has a considerable 
potential for removing CO2 from the atmosphere (0.4–8.6 GtCO2eq 
yr− 1) (Jia et al., 2019). Measuring and separating the different processes 
of land-atmosphere carbon flux is crucial to advise and monitor policies 
and goals effectively. Doing it, however, is not trivial.

The international scientific community is leveraging advanced 
techniques to produce reliable surface-atmosphere GHG flux moni
toring. Eddy Covariance (EC) is praised for directly and continuously 
measuring surface turbulent fluxes. Since the early measurements, the 
method has been applied to different gases, including water vapour, 
CO2, CH4 and N2O (Valentini et al., 1996; Moncrieff et al., 1997; Fowler 
et al., 1995). Active development of instrumentation and standardiza
tion of the methods and networks has made it the reference measure
ment for terrestrial ecosystem GHG fluxes (Pastorello et al., 2020).

Eddy covariance has been employed on fixed towers and airborne 
measurements, where non-stationarity is a frequent challenge. Non- 
stationarity poses a significant limitation for the conventional eddy 
covariance method. To address this, alternative methods that resolve 
surface fluxes in both time and frequency have been developed for sit
uations where stationarity cannot be guaranteed, such as in airborne 
measurements (Strunin and Hiyama, 2004; Mauder et al., 2007; Des
jardins et al., 2018; Metzger et al., 2013). These methods have also been 
used to capture outbursts and non-stationary CH4 fluxes (Schaller et al., 
2017; Göckede et al., 2019). In the examples above, fluxes were 
non-stationary but could be calculated due to the use of wavelet trans
form, which decomposes a signal in time and scale (Mallat, 1989; Farge, 
1992; Farge and Schneider, 2001), whereas calculating flux based on 
Gaussian statistics is not permissible. By dealing with non-stationarity, 
they yield high-quality data with fewer gaps, hence, more available 
data for analysis to feed gap-filling algorithms and further partitioning.

EC measurements provide the net turbulent surface flux, which is 
often the primary information we are interested in However, often 
enough, we need to partition CO2 flux (Net Ecosystem Exchange, NEE) 
into gross primary productivity (GPP) and ecosystem respiration (Reco). 
The need comes because they are modelled in surface models, which we 
desire to calibrate under varying environmental forcing variables, 
mainly temperature, radiation, soil moisture and air humidity (Duffy 
et al., 2021).

Standard methods for NEE partitioning involve using photosynthet
ically non-active periods to estimate Reco and further extrapolate it 
(night-time method) or use a light-response model for GPP (day-time 
method) (Reichstein et al., 2012). Alternative partitioning methods 
exist. Notable effort has been made to use high-frequency data (Thomas 
et al., 2008; Scanlon and Sahu, 2008; Scanlon and Kustas, 2010; Klos
terhalfen et al., 2019a; Zahn et al., 2022). Despite the differences, they 
all share the idea of using the correlation between CO2 and H2O mixing 
ratios in the partitioning. The method proposed by Thomas et al. (2008)
assumes that, during daytime, the Reynolds instantaneous deviations of 
CO2 and H2O concentrations exhibit opposite signs when air parcels 
originate from the plant crown, where photosynthesis dominates, and 
similar signs when originating from the ground, where respiration is the 
prevailing process. Thomas et al. (2008) refine a relaxed eddy accu
mulation approach to compute the ground respiration from the updraft 
measurements. They found that the partitioning quality depends on 
canopy height and leaf area index (Klosterhalfen et al., 2019a). The 
Scanlon et al. (2019) method uses flux-variance similarity to partition 
CO2 and H2O fluxes into stomatal and non-stomatal components 

simultaneously. The method relies on an estimated water use efficiency 
(WUE), making it not fully direct. In addition to this, an experiment has 
shown that even with true WUE, additional correction factors are 
required to get to the true partitioning, but this could only be achieved in 
the special case of the large eddy simulation experiments (Klosterhalfen 
et al., 2019b). Following up on Scanlon et al. (2019), Zahn et al. (2022)
circumvent the water use efficiency by finding the ratio between evap
oration and transpiration using the octant analysis in Thomas et al. 
(2008). There are mathematical constraints for Zahn’s method when 
photosynthesis and respiration fluxes are close to zero or nearly 
balanced, and the same applies to evaporation and transpiration.

These methods have been tested with varying results (Scanlon and 
Kustas, 2012; Sulman et al., 2016; Wang et al., 2016; Perez-Priego et al., 
2018; Rana et al., 2018; Zeeman et al., 2013). A comparison between 
methods showed that Scanlon and Kustas (2010) overestimates and 
Thomas et al. (2008) underestimate soil flux components (Klosterhalfen 
et al., 2019a). Note that all these partitioning methods operate solely in 
the time domain and use concentrations without explicitly accounting 
for eddy size or their timescale. While Scanlon and Albertson (2001)
characterized the spatial scales of CO₂-enriched air parcels from tem
poral measurements using Taylor’s frozen turbulence hypothesis, their 
approach was not applied as a direct partitioning method.

We notice that Thomas et al. (2008) found that the majority of 
sampled respiration events were attributed to small-scale eddies smaller 
than 0.1 s or even 0.05 s, which they explained by air coming from the 
ground having more time to being mixed by turbulence “leading to a 
dissection of formerly confined respiration pulses”. Also, Scanlon and 
Albertson (2001) identified the sizes of eddies responsible for trans
porting air enriched in CO2 from the forest floor to the atmosphere using 
wavelet analysis. They found that eddies around 8 m in diameter are 
most effective at transporting CO2 from below the canopy. While these 
authors investigate the scales of turbulent transport of CO₂ and water 
vapour, neither directly calculates time-scale resolved fluxes. We 
hypothesise that time-scale resolved fluxes could help improve condi
tional sampling by separating respiration events efficiently.

We first present the wavelet-based framework for turbulent flux 
calculation. We then evaluate the new partitioning method by 
comparing it to the commonly used nigh-time partitioning method 
(Reichstein et al., 2005) partitioning method. We use two datasets from 
contrasted ICOS ecosystem sites in a single climatic region, with four 
years (2019–2022) from a deciduous mixed forest site (FR-Fon) and two 
years (2021–2022) from a crop site (FR-Gri).

2. Material and methods

In this work, we processed EC data from two ICOS sites. Both sites 
were treated equally and passed through the same processing steps 
(Fig. 1).

2.1. Site description

The study uses data from two French sites in the Parisian region and 
part of the ICOS network (https://www.icos-cp.eu) and FLUXNET. 
Climatically, the area can be described as oceanic with mild tempera
tures (11.2–11.5 ◦C annual mean) and moderately wet (677–700 mm 
annual precipitation).

The first site, FR-Gri (Buysse et al., 2024), is a 19-hectare crop site 
(Loubet et al., 2011), rotating between maize, wheat, barley, and 
rapeseed with intermediate crops. The measuring system is set up on a 
short tower that moves from 2 to 4 m according to the crop growth. We 
used data from January 2021 to December 2022 from this site, con
sisting of winter rapeseed until 31 July 2021, winter wheat from 7 
October 2021 to 5 July 2022, and barley seeded on 11 October 2022. 
The second site, FR-Fon (Berveiller et al., 2024), is a deciduous broadleaf 
mixed forest mainly composed of oak and hornbeams (Delpierre et al., 
2016). The oaks have a dominant height of 30 m, while the largest 
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hornbeams reach a height of 20 m, and the Leaf Area Index (LAI) is 
distributed with 70 % Oak and 30 % Hornbeam. The eddy covariance 
setup is located at 37 m above ground. From this site, we used data from 
January 2019 to December 2022.

In both sites, the Eddy Covariance setup consisted of a closed-path 
infrared gas analyser (LI-7200; Li-Cor Inc., Lincoln, NE, USA) and a 
three-dimensional sonic anemometer (Gill HS; Gill Instruments Ltd, 
Lymington, Hampshire, UK). Both instruments and acquisition setups 
followed ICOS guidelines and protocols (Sabbatini et al., 2018).

2.2. EC flux processing

To compute the atmosphere-biosphere flux, we consider a virtual 
rectangle box extending from the ground to the location of the eddy- 
covariance setup of width W, length L and height hm. The mass bal
ance of a scalar in the virtual box is used to retrieve Feco (µmol m− 2 s− 1), 
the overall ecosystem flux. The mass balance includes a storage term (I), 
an advection transport term (II) and a turbulent diffusion term (III), 
which, when integrated over the three dimensions of the virtual box, 
equals (Foken et al., 2012; Metzger, 2018; Aubinet et al., 2005; van 
Gorsel et al., 2009):  

Where S is the ecosystem volumetric flux (µmol m− 3 s− 1), ρd the dry 
air molar density (mol m− 3), χs the scalar dry mole fraction (µmol 
mol− 1), t the time (s), while u, v and w are the upwind, crosswind and 
vertical component of the windspeed (m s− 1). Overbars indicate time 
averaging; quotation marks the instantaneous deviation from the mean. 
Assuming a horizontally homogeneous ecosystem (homogeneity in 
ecosystem functioning and structure over x and y) allows suppressing 
the horizontal derivatives and integrals in Eq. (1) (Finnigan et al., 2003; 
Metzger, 2018). This assumption also leads to a zero dry air vertical flux 
due to continuity ρdw = 0 (Webb et al., 1980). Then, recognising that the 
integral of S over the height z is Feco − Fsoil and that, similarly, the in

tegral of ∂ρdwʹχʹs
∂z over z is ρdwʹχʹs − Fsoil, Eq. (1) leads to: 

Feco = ρd ⋅

⎛

⎝
∫hm

0

∂χ s
∂t dz +wʹχʹ

s

⎞

⎠ (2) 

Where wʹχ ś is the turbulent flux at hm. The ecosystem flux can hence 

be evaluated from wʹχs
ʹ and the storage term (

∫ hm

0

∂χs

∂t
dz ), which may be 

significant in medium and tall towers but can be neglected in small ones. 
In practice, wʹχs

ʹ is computed from a time series of w and χs and sampled 
at a frequency typically higher than 5 Hz to capture the smallest eddies 
contributing to the flux (Gu et al., 2012).

In this study, we use two methods to evaluate wʹχs
ʹ: the standard eddy 

covariance method (ECS), and the Discrete Wavelet Transform (DW-EC).
From w and χs, the standard method consists of calculating the 

product of the instantaneous deviations of both variables from their 
respective means (covariance); time-frequency resolved methods work 
the same, using, however, previously decomposed instantaneous devi
ation (Fig. 2).

2.2.1. Data pre-processing
In this study, data flux pre-processing was done using EddyPro 7.0.9. 

For all flux calculations, we applied de-spiking (Mauder et al., 2013), 
covariance maximization for time lag correction, and double rotation for 
tilt correction (Wilczak et al., 2001). The default time lag was set to 0.4 s 
for CO2 and 0.7 s for H2O for a 71.1 cm tube with a 5.3 mm inner 
diameter and 15 L/min flow rate. These values were allowed to vary 
between 0.15 to 0.65 s for CO2 and 0.2 to 1.2 s for H2O. Using closed 
path systems and dry mixing ratios for gas avoids compensating for 
density fluctuations (Kowalski and Serrano-Ortiz, 2007). No detrending 
was applied. Standard flux calculations require further corrections to 
address low and high-frequency losses (Massman and Lee, 2002). These 
spectral corrections are usually applied after flux calculation and can 
significantly impact the carbon budget. On average, the correction fac
tor remains below 5 % for CO2 and below 20 % for H2O. However, it can 
sometimes increase the absolute flux by up to 15 % for CO2 and 80 % for 
H2O (Polonik et al., 2019).

Fig. 1. Processing steps in standard and wavelet-based eddy covariance in this work.

0 =

∫L

− L

∫W

− W

∫hm

0

⎡

⎢
⎢
⎣ − S+ ρd

∂χ s
∂t⏟̅̅⏞⏞̅̅⏟
I

+ ρdu
∂χ s
∂x + ρdv

∂χ s
∂y + ρdw

∂χ s
∂z

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟
II

+
∂ρduʹχʹ

s

∂x +
∂ρdvʹχʹ

s

∂y +
∂ρdwʹχʹ

s

∂z
⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟

III

⎤

⎥
⎥
⎦dz dx dy (1) 
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Here, for simplicity’s sake and since we are focusing on comparing 
the flux calculation, gap filling and partitioning methods rather than 
interpreting the fluxes themselves, these corrections were omitted.

2.2.2. Standard eddy covariance (ECS)
The eddy covariance method consists of calculating the covariance 

wʹχs
ʹ (Fig. 2). Typically, fluxes are calculated every 30 min to 1 hour 

(Rebmann et al., 2018; Pastorello et al., 2020; Aubinet et al., 1999). The 
time average should be chosen to effectively capture the turbulent signal 
while isolating it from the influence of larger atmospheric structures. 
Turbulent fluctuations χs

ʹ and wʹ are formally defined as deviations from 
an ensemble average and not from a time average. The ergodic 
assumption is required to make the ensemble and time average equiv
alent. Thus, for methodological reasons, the averaging period should 
also be stationary and sufficiently long to gather enough data to get a 
low random error (Kaimal and Finnigan, 1994). In general, a 30-minute 
period satisfies these requirements.

2.2.3. Wavelet transform methods
Wavelet transform is a mathematical method to decompose a time 

series in time and frequency. The following steps explain how to perform 
a time-frequency resolved covariance using wavelets (Fig. 2). More de
tails can be found in (Daubechies, 1992; Farge, 1992; Mallat, 1999; 
Farge and Schneider, 2001).

Any signal f(t) can be decomposed into different scales, which results 
in the signal itself once added up. The simplest example is the Reynolds 
decomposition that separates a time series into its mean and its instan
taneous deviation: 

f(t) = fʹ(t) + f(t) (3) 

In Eq. (3), the mean, f(t), is the low-frequency component, with a 

frequency representative of 1/T, where T is the averaging period. 
Similarly, a time series can be decomposed into its frequency f: 

f(t) =
∫∞

f=0

f(t, f) =
∑J

j=0

f(t, j) (4) 

The wavelet transform is a way to decompose the signal using a 
mother wavelet ψ , a wave function (Eq. (5)). The decomposition can be 
continuous (CWT; Torrence and Compo, 1998) or discrete (DWT). A 
great interest in the DWT is that the orthogonality and the progressively 
smaller decomposition make it far cheaper computationally than CWT at 
the expense of a coarser resolution in frequency (Mallat, 1989). DWT is, 
therefore, a good candidate for a time series that lasts more than a 
couple of weeks. More so, the independence between frequencies sim
plifies the flux’s computation by covariance, which would otherwise 
have to consider cross-covariance between variables and frequencies 
(see Eq. (12)). We will only consider DWT in this manuscript.

Considering N discrete observations with a sampling period δt , so 
that t = n δt where n and n’ are time indexes, we can generate a family of 
wavelets: 

ψn, j(nʹ) = s− 1/2
j ψ

[
(nʹ − n)δt

sj

]

(5) 

Where j represents a scale, sj is the scaling factor, usually defined 
using a geometric progression with a maximum limited by the total 
sampling period Nδt: sj = s02jδj , for j = 0,1,…J. Here, J is the size of the 
set of scales, s0 is the smallest resolvable scale, approximately 2δt, and δj 
is the scale factor equal to 1 for discrete wavelets with orthogonal base 
(Farge, 1992). Orthogonality ensures independent frequencies and 
implies: 

Fig. 2. Step-by-step visualisation of the standard and wavelet-based eddy covariance methods. The triangle in e-h panels indicates the frequency equivalent to 30 
min. Here, w refers to vertical wind speed (m s− 1), c refers to the CO2 mixing ratio (ppm), and wʹχś and w̃jχ̃sj are in units of ppm m s− 1. The data shown is from FR-Gri, 
covering the period from May 13, 2022, 05:30 to May 14, 2022, 06:00.
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∑

nʹ
ψn,j(nʹ)ψm,i(nʹ) = 0 if i ∕= j or n ∕= m, 1 otherwise (6) 

Where m is the time index equivalent to n, and i is a scale equivalent 
to j. Note that the independent-frequencies property, where the corre
lation between different scales vanishes, is valid only for orthogonal 
wavelet transform and when the averaging time matches at least the 
time-support of the transform; for instance, the correlation between 
scales will persist if the averaging time is too short. The inner product of 
the signal f(n) with a scaled mother wavelet ψ , yields the W(n, j), the 
wavelet coefficient for time series f(n): W(n, j) =

∑N− 1
nʹ=0 f(nʹ)ψn, j(nʹ). We 

can reconstruct the signal in time-frequency dimensions as: 

f̃(n, j) =
∑N− 1

nʹ=0

W(n, j) ψn,j(nʹ) (7) 

Where f̃(n, j) is the decomposed signal defined in both time and 
frequency. The fully reconstructed signal is then found by summing to 
infinity the components of the decomposed signal: 

f(n) =
∑∞

j=0

f̃(n, j) (8) 

A limiting scale J can be introduced to define a low-frequency 
component AJ(n), known as the approximation coefficient, which ag
gregates all scales below J. In essence, J is selected such that AJ repre
sents the result of a low-pass filter capturing the frequency range (0, 1/ 
T), where T is typically 30 min. 

f(n) =
∑J

j=0

f̃(n, j) + AJ(n) (9) 

Then, if for a time average T, we assume f(n) ≈ AJ, where f(n) =

1
T
∑1/T

n=1 f(n) and J in AJ represents the scale in which sJ = T, then from 
(3), we have: 

fʹ(n) = f(n) − f(n) ≈
∑J

j=0

f̃(n, f) (10) 

Note that, in fact AJ(n) is different from f(n), as it is time-dependent 
and can be seen as a low-pass filter. Actually, for a trendless time series 
AJ(n) = f(n). Based on Eq. (10), and considering the orthogonality of 
discrete wavelets, which implies Eq. (6), we can compute the turbulent 
flux from Eq. (2) as: 

Fc = ρdwʹχʹ
s = ρd

∑J

j=0

w̃j χ̃ sj (11) 

In this study, we applied discrete decomposition using the Daube
chies wavelet with 6 filter coefficients (db6) (Daubechies, 1988). For 
comparisons with the standard eddy covariance method, we compute 
the covariance by summing scales sj smaller than 1800 s (30 min). 
Calculations were done using the PyWavelets module (Lee et al., 2019).

Fig. 2 illustrates the steps of the standard EC calculation with the 
time-frequency decomposition of w, c, and their product at 20 Hz over 
20 min and the 30-minute covariance over a whole day.

2.2.4. Cone of influence
Wavelet coefficients calculated with the inner product in Eq. (6) are 

subject to the influence of neighbours, resulting in a time “influence 
cone” that grows with decreasing frequency. This cone renders the 
reconstruction unusable at the edges of the dataset and for scaling fac
tors close to the dataset duration. Note that in Fig. 2, e-h panels, the cone 
of influence is outside of the plot.

The maximum scale J where at least one of the wavelet coefficients is 
unaffected by edge effects can be calculated for discrete wavelets as: 

Jmax =
⌊
log2

(
N
/(

f length − 1
))⌋

(12) 

Where flength is the filter length, which is 12 for db6.
Based on Eq. (12) we selected the 20 h of data centred in the half 

hour to calculate each half hour. After wavelet calculation, we selected 
only the central half-hour, guaranteeing that with this extension a set of 
scales sj with unaffected coefficients up to 9.3e-5 Hz (3 h).

2.3. Timeseries flagging and gap-filling

Previous steps allowed us to calculate wʹχs
ʹ, where χs is represented as 

c for CO2 and v for H2O. We must still verify the EC’s assumptions 
through a quality check (Fig. 1). Non-stationarity data for standard EC 
and periods lacking turbulence for both standard and wavelet-based EC 
are considered unreliable and thus flagged out and gap-filled.

2.3.1. Quality flags
Quality flags followed the standard 0-1-2 flag system used in 

FLUXNET (Mauder and Foken, 2011). The system is based on two tests, 
one for stationarity and another to verify that turbulence is fully 
developed (Foken and Wichura, 1996).

In the standard eddy-covariance approach, stationarity is required so 
that the time average is approximately the ensemble average. The 
ensemble average is, in theory, needed but, in practice, not obtainable as 
it would require random experiments.

The stationarity test (STA) calculates the absolute relative deviation 
between the mean of the covariances computed over 5-min intervals and 
the covariance computed over a 30-min period: 

STA =

⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒

1
6
∑6

i=1(wʹχʹ
s)

5− mn
i − − (wʹχʹ

s)
30− mn

(wʹχʹ
s)

30− mn

⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒

(13) 

The turbulence test, or integral turbulence characteristics (ITC) test, 
identifies if eddies are fully developed by calculating the absolute 
relative deviation between the measured and modelled integral turbu
lent characteristic σw/u∗. The model is calculated as 

(σw/u∗)
model

=

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

0.21ln
(
z+f
u∗

)

+ 3.1, if − 0.2 < z
/

L < 0.4

2
(z
L

)1/8
, else

(14) 

Where f is the Coriolis parameter (s− 1), u∗ is the friction velocity (m/ 
s), z is the height (m), L is the Obukhov length (-), and z+ is set to 1 
meter for a mathematical convention so that z+f

u∗
is dimensionless 

(Thomas and Foken, 2002). 

ITC =

⃒
⃒
⃒
⃒
⃒

(σw/u∗)model − (σw/u∗)
measurement

(σw/u∗)measurement

⃒
⃒
⃒
⃒
⃒

(15) 

A detailed description of the quality control procedures can be found 
in Foken and Wichura (1996) and Mauder and Foken (2011). Data is 
considered high-quality (flag = 0) when this deviation is below 30 % for 
all applicable tests, medium-quality (flag = 1) when at least one test falls 
between 30 % and 100 %, and low-quality (flag = 2) when any test 
exceeds 100 %.

2.3.2. u* Filtering
Further screening is necessary to discard observations below a fric

tion velocity threshold (u*crit) (Wutzler et al., 2018; Papale et al., 2006). 
Under stable stratified atmospheric conditions, the EC technique has 
been shown to underestimate nocturnal CO2 respiration (Goulden et al., 
1996; Baldocchi, 2003). The reason is that the turbulence is attenuated 
by the positive air density gradient (Kaimal and Finnigan, 1994). As 
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biotic flux is not expected to depend on turbulence, we can define a 
threshold value for friction velocity (u*crit) below which the measured 
ecosystem CO2 flux starts to decrease. Below u*crit turbulence is not 
developed enough to mix the surface layer and the EC to perform well. 
This method provides an alternative way to determine the turbulent 
requirement based on an ecosystem function instead of using a 
physical-based one, as with ITC. Once a threshold is defined, observa
tions below this threshold are dropped and gap-filled (Gu et al., 2005; 
Aubinet et al., 2012). The u* threshold was determined using the Red
dyProc library in R and was free to vary among seasons (Wutzler et al., 
2018).

2.3.3. Gap-filling
Gap-filling was performed on data flagged for medium (1) and low 

(2) quality or below u*crit. For ECS, both stationary and turbulence flags 
were considered. Following Mauder et al. (2007), DW-EC only consid
ered the turbulence flag. We used the Marginal Distribution Sampling 
(MDS) method, the most commonly used gap-filling method (Pastorello 
et al., 2020). MDS involves sampling data from the temporal vicinity of 
the data to be gap-filled, typically using a 15-day window. Similar 
meteorological conditions are defined by incoming shortwave radiation, 
air temperature, and vapour pressure deficit. This subset yields a dis
tribution function used to fill the gap, exploiting both the meteorological 
drivers and the temporal auto-correlation structure of NEE (Reichstein 
et al., 2005). For the calculations, we used the ReddyProc library in R 
(Wutzler et al., 2018).

2.4. NEE partitioning

Flux partitioning refers to the division of the Net Ecosystem Ex
change (NEE) into the ecosystem respiration (Reco) and the gross pri
mary productivity (GPP). Ecosystem respiration refers to the release of 
CO2 by organisms during their metabolic activities, including autotro
phic respiration by plants and heterotrophic respiration by micro- and 
macro-organisms in soil and the ecosystem. GPP represents the uptake of 
CO2 by plants through photosynthesis: 

NEE = GPP+ Reco (16) 

GPP is a CO2 flux directed from the atmosphere to the ecosystem 
(negative), while Reco is from the ecosystem to the atmosphere 
(positive).

In standard practice, partitioning relies on the presumed responses of 
GPP and Reco to light, water, and temperature. We applied the known 
night- and day-time methods on both standard and wavelet-based CO2 
fluxes and proposed a new method for the wavelet-based flux here.

2.4.1. Night-time partitioning method
Night-time (NT) partitioning assumes that GPP is zero at night, so 

NEE equals Reco (Reichstein et al., 2005). Reference respiration rate and 
temperature sensitivity are then parametrized using an Arrhenius-type 
temperature response model for nocturnal measurements and pro
jected into the day (Lloyd and Taylor, 1994). 

Reco = Rref . e
E0

(
1

Tref − T0
−

1
Tair − T0

)

(17) 

Where Rref (µmol‧m− 2‧s− 1) is the reference respiration rate at the 
reference temperature (Tref = 15 ◦C), Tair is air temperature, T0 is fixed at 
− 46.02 ◦C, E0 ( ◦C) is the temperature sensitivity, a free parameter. A 
constant value is estimated for E0 for the whole year, while Rref is esti
mated every five days using a 15-day window (Reichstein et al., 2005).

Further references to NT estimations use the terms NT-GPP and NT- 
Reco. The R code implementation for NT is available to download from 
https://github.com/bgctw/REddyProc (Wutzler et al., 2018).

2.4.2. Day-time partitioning method
Day-time (DT) partitioning differs from NT in that a light response 

curve (Lasslop et al., 2010) is parametrized using day-time measure
ments. NEE is estimated as follows: 

NEE =
αβRg

αRg + β
+ Reco (18) 

Where Reco is a respiration model Eq. (17), Rg is the global radiation 
(Wm− 2), α (µmolCO2J− 1) is the initial slope of the light response curve, 
and β (µmolm− 2s− 1) is the maximum rate of CO2 uptake of the canopy at 
light saturation. β is estimated using an exponentially decreasing func
tion of atmospheric vapour pressure deficit of air (VPD): 

β =

{
β0e− k(VPD− VPD0), VPD > VPD0

β0, VPD < VPD0
(19) 

Note that what is physiologically more relevant in β is the leaf-to-air 
VPD, which can vary from atmospheric VPD in the same direction as leaf 
temperatures vary from air temperature. However, flux sites measure 
atmospheric rather than leaf-to-air VPD.

The standard calibration procedure is done in two steps. First, E0 and 
Rref are estimated using night-time observations. The remaining pa
rameters (α, β0, k, and VPD0) and Rref (now using previous estimation as 
a prior) are fitted using Eq. (18) on day-time data. Night-time observa
tions are periods with shortwave incoming radiation SWin of <10 W m-2, 
cross-checked against sunrise and sunset data derived from the local 
time and the potential radiation (Wutzler et al., 2018).

The acknowledged problem with this approach is that leaf respira
tion is reduced under light conditions compared to darkness (Pärnik and 
Keerberg, 1995; Hoefnagel et al., 1998). This light inhibition has been 
proposed as a source of mismatch between EC and independent Reco 
measurements (Wohlfahrt et al., 2005; Wehr et al., 2016). A modified 
version of standard partitioning has been proposed to include this 
mechanism (Keenan et al., 2019). The modified DT version preserves the 
structure of the original DT but uses Rref prior, fitted during night-time, 
for nocturnal partitioning while estimating daytime as usual. The R code 
implementation for DT’s original and modified versions can be down
loaded from https://github.com/bgctw/REddyProc (Wutzler et al., 
2018). Unless specified otherwise, DT estimations follow the modified 
version (Keenan et al., 2019) and are referred to as DT-GPP and DT-Reco.

2.4.3. A new wavelet-based, conditional sampling, model-free partitioning 
method

Direct observations of gross primary productivity (GPP) and 
ecosystem respiration (Reco) are not feasible at the field scale, thus 
justifying the necessity of model-based partitioning. Thomas et al. 
(2008) and Scanlon et al. (2019) have proposed ingenious ways of 
incorporating assumptions on correlated processes between water 
vapour and CO2 fluxes to compute new partitioning approaches of soil 
respiration (Rsoil) and plant net primary productivity (NPP).

In this study, we take advantage of the wavelet time-frequency 
decomposition to go beyond what was proposed by Thomas et al. 
(2008) by proposing a discrete-wavelet-based conditional sampling, 
named hereafter DW-CS. With the empirical assumption that wavelet 
decomposition should be able to trap in each frequency the positive and 
negative “gusts” fluxes which are mixed up in the original signal, we 
conditionally sample the time-frequency decomposed products w̃c̃ 
based on w̃ṽ for each time-frequency point (t, j), where c and v stand for 
dry CO2 and H2O concentration mixing ratios (Fig. 3). This is a trans
position of the quadrant decomposition of Thomas et al. (2008) from the 
(c’,v’) space into the (w̃c̃, w̃ṽ) space. We get: 

w̃c̃ = w̃c̃+ + w̃c̃− = w̃c̃+|w̃ṽ+
⏟̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅⏟

Q1

+ w̃c̃+|w̃ṽ−
⏟̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅⏟

Q2

+ w̃c̃− |w̃ṽ−
⏟̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅⏟

Q3

+ w̃c̃− |w̃ṽ+
⏟̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅⏟

Q3

(20) 

Where Q1..4 are the four quadrants (w̃c̃, w̃ṽ) space, x+ stands for 
sampling x when x is positive and the opposite for x− , and x|y stands for 
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sampling x when y is true.
Fig. 3 gives an illustration of the time-frequency decomposed prod

uct w̃c̃, w̃ṽ, and their conditioned product w̃c̃+|w̃ṽ+ (Q1), at 20 Hz over a 
20 min period and the 30-minute covariance for the four quadrants 
corresponding to the right-hand side of Eq. (20) over a whole day. We 
note that the CO2 uptake during the day is well-caught by the quadrant 
w̃c̃− |w̃ṽ+ at frequencies around 0.1 Hz, while the day respiration, caught 
in the quadrant w̃c̃∓|w̃ṽ+, appears at frequencies higher than 0.1 Hz. The 
low-frequency flux (~30 min) observed in the very early morning, be
tween 3 and 6 AM, in w̃c̃+|w̃ṽ− may be interpreted as respiration during 
dew formation. Similarly, this low-frequency flux later appears in 
w̃c̃− |w̃ṽ− , potentially indicating photosynthesis occurring under light 
conditions but without sufficient energy to warm the surface.

In the following, we name the positive CO2 fluxes w̃c̃+ as F+ and 
negative CO2 fluxes w̃c̃− as F− . The physical meaning of w̃c̃+ and w̃c̃− is 
the subject of discussion of this manuscript. However, we can say that 
w̃c̃− is representative of events dominated by photosynthesis, while w̃c̃+

of events dominated by respiration. Taking advantage of photosyn
thesis’ dependency on light, more precisely on photosynthetic photon 
flux density (PPFD), we forced F− to zero during night (PPFD ≤ 10 µmol 
m− 2 s− 1). We further considered that negative CO2 fluxes conditioned by 
negative water vapour fluxes (w̃c̃− |w̃ṽ− , quadrant Q3) had little physical 
meaning. Since a noise around 0 should average 0, we split the value of 
this quadrant in half and arbitrarily allocated it equally to F+ and F− (see 
Fig. 4), which leads to the following definition of F+ and F− : 

Fig. 3. (Cross-)scalogram for the quadrant analysis using the wavelet-based conditional sampling method. The black horizontal dashed line indicates the frequency 
equivalent to 30 min. Panels a-c show data at 20 Hz, and panels d-g show half-hourly averages. In panels d-g, the two black vertical lines indicate the data range in 
panels a-c. Note that scales are different. The data show is from FR-Gri, covering the period from May 13, 2022, 05:30 to May 14, 2022, 06:00.
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PPFD ≤ 10 μmol m− 2 s− 1
{

F+ = w̃c̃+ + w̃c̃−

F− = 0 

PPFD > 10 μmol m− 2 s− 1
{

F+ = w̃c̃+ + 0.5 × w̃c̃− |w̃ṽ−

F− = w̃c̃− |w̃ṽ+ + 0.5 × w̃c̃− |w̃ṽ−
(21) 

Fig. 5 illustrates the 30-minute cross-scalogram for F+ and F− before 
all nocturnal flux is moved to F+. Note that nocturnal F− is, in any case, 
very small and mainly comes from Q3.

2.5. Performance measurements

Comparisons between methods were carried out using mean bias and 
the annual gap-filled CO2 flux balance error. Defined as: 

Mean Error (bias) =
1
N

∑N

n=1

(
NEEx,n − NEEy,n

)
(22) 

Mean Absolute Error =
1
N

∑N

n=1

⃒
⃒NEEx,n − NEEy,n

⃒
⃒ (23) 

Where N equals the amount of data, NEEx,n is the Net Ecosystem 
Exchange calculated using one of the x methods among ECS and DW-EC 
at a time n.

3. Results

3.1. Comparison of the CO2 flux computed by EC and by DW-EC

The initial step of the partitioning method involves calculating the 
net flux using wavelet transform; here, we compare CO2 flux (Net 
Ecosystem Exchange, NEE) derived from ECS and DW-EC methods to 
ensure the DW-EC gives similar results as the ECS. During the photo
synthetically active months (warmer months for FR-Fon and crop sea
sons for FR-Gri), the two sites were carbon sinks with a negative NEE 
(Fig. 6). NEE flux ranged from − 10 to 6 µmol m− 2 s− 1, with stronger 
respiration during winter and spring at the crop site compared to the 
forest site. Daily mean NEE estimated by ECS and DW-EC were very close 
to each other, with R2 above 0.97, mean errors of 0.1 and 0.05 µmol m-2 
s-1 and absolute error of 0.33 and 0.38 µmol m-2 s-1 for FR-Fon and FR- 
Gri, respectively. Standard EC yielded 8 and 12 % larger fluxes than 
wavelet-based EC for FR-Fon and FR-Gri.

During winter, when the trees have lost their leaves and crop sites are 
bare soil, the decrease in photosynthesis transforms sites into sources 
with a positive NEE. As a consequence, NEE in FR-Fon showed an annual 
seasonality, while FR-Gri showed a pattern consistent with the crop 
cycles. We observe a substantial decrease in absolute value in the NEE 
for short periods during summers and springs for all years. Some relate 
to cloudy days, others to high vapour pressure deficit, and in June and 
July 2019, France was hit by short heat waves (Sousa et al., 2020; Pohl 
et al., 2023). In the crop site (FR-Gri), we identify the crop season in the 

Fig. 4. Conceptual scheme for wavelet-based NEE flux partitioning. Quadrants and arrows in the figure show conceivable fluxes during day and night. In quadrants, 
grey arrows show reallocation from unlikable (question mark) and unreasonable (“x”) fluxes towards the most probable actual flux.

Fig. 5. Cross-scalogram of the partitioned fluxes using the wavelet-based conditional sampling method. The black horizontal dashed line indicates the frequency 
equivalent to 30 min. The two black vertical lines indicate the data range in panel a-c in Fig. 3. Note that scales are different for all figures. The data shown is from 
FR-Gri, covering the period from May 13, 2022, 05:30 to May 14, 2022, 06:00.
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spring of both years and the intercrop in Autumn 2021 by the decrease in 
NEE. The harvest is done after senescence when NEE has already shown 
positive values. Finally, the crop site exhibited earlier growth than the 
forest site, as expected due to species-specific differences in phenolog
ical responses. Trees generally require different environmental cues, 
such as specific temperature thresholds or photoperiod conditions, to 
initiate foliar development, resulting in a later onset of growth 
compared to winter crops, which begin their growth phase earlier in the 
year.

A good match is also observed for diel and seasonal patterns: both 
methods show clear and expected patterns for NEE for these ecosystems 
(Fig. 7). In the forest site, during March and April, we can see peaks in 
the ECS-NEE 5th and 95th percentiles, which are lower in DW. These two 
months had the highest non-stationarity in the site, yielding 60 % of the 
observations unreliable. These peaks may be due to early morning 
emissions from the release of accumulated gases as turbulence develops. 
The same ECS-NEE peaks are seen for the crop site but are not system
atically related to the stationarity flag and occur more often. These 

spikes happen more often at night and may be related to advection. A 
windrose analysis does not show a preferential wind direction.

The half-hourly DW- and ECS-NEE data agreed well when both were 
high-quality data, with an R² of 0.98, while medium-quality data 
showed an R2 of below 0.72, and low-quality data showed an R2 below 
0.3. High-quality data showed limited errors on NEE (mean error below 
0.2 µmol m− 2 s− 1 and mean absolute error (MAE) 0.6 µmol m− 2 s− 1), 
while medium and low-quality data showed MAE up to 2.6 µmol m− 2 s− 1 

().

3.2. Example of time-frequency domain representation of the CO2 fluxes

Wavelet-based fluxes, calculated in both frequency and time do
mains, allow visualization of CO2 flux dynamics across both dimensions, 
as illustrated in the cross-scalograms presented in Fig. 8 and Fig. 9 over 
late spring and late fall weekly periods in 2022.

Fig. 8 shows that both sites share a clear daily pattern of daylight 
carbon sequestration and nocturnal emissions. The NEE co-spectra 

Fig. 7. Half-hourly NEE estimated monthly using ECS (blue) and DW (orange). The darker region indicates interquartile (25th and 75th percentile), and the lighter 
region with dotted lines indicates the 5th and 95th percentile. Below the curves, the monthly statistics are shown: the percentage of non-stationarity (STA>0) and low 
turbulence (ITC>0) data, the correlation coefficient (R²), the mean error (ME, µmol m− 2 s− 1), the mean absolute error (MAE, µmol m− 2 s− 1) and the linear fit.

Fig. 6. Daily average CO2 flux computed using wavelet-based (black, DW) and standard EC (grey, ECS). Time series are shown in (a), while (b) shows ECs against 
DW-EC. The fluxes were not gap-filled.
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(Fig. 8.b) shows little information on scales below 2 s (frequencies 
higher than 0.5 Hz) for FR-Fon and below 0.2 s (f > 5 Hz) for FR-Gri. The 
difference is expected as the spectrum depends on height, with smaller 
eddies contributing more to the flux in shorter towers than taller ones 
(Kaimal and Finnigan, 1994).

Fig. 9 shows a lowering of the flux amplitude during colder months, 
varying between − 10 and 5 µmol m− 2 s− 1 compared to warmer months 
(Fig. 8). During this period, in FR-Fon, leaves have fallen, and FR-Gri has 
only very small barley plants and mostly bare soil.

3.3. Co-spectral characteristics of partitioned CO₂ fluxes across seasons 
and stability

In Fig. 10, the co-spectrum profile for the net flux (the same as in 
Fig. 8 and Fig. 9) shows differences when compared to the positive (w̃c̃+) 

and negative (w̃c̃− ) components of the flux. The frequency profiles for 
w̃c̃+ and w̃c̃− were distinct during . late-Spring (Fig. 10.a and c) but 
similar during late-Fall (Fig. 10.b and d).

During a late-spring week, when fluxes were relatively high for both 
sites, the high frequency contributed more to the flux in w̃c̃− than in w̃c̃+. 
For FR-Fon, there is a drop in contribution from frequencies lower than 
50 s (0.02 Hz), and in FR-Gri, a decrease in contribution can be seen for 
frequencies lower than 6 s (0.16 Hz). The higher contribution of lower 
frequencies on the negative part of the CO2 flux suggests large coherent 
structures may, on average, contribute more to the NEE, which is mostly 
negative during the spring, than to the soil respiration, which is positive. 
During a late-fall week, the profiles were very similar, with fluxes close 
to zero, yielding a poorly defined co-spectrum for both sites.

During stable conditions (primarily at night; Figure 11. b, d) and less 
active months (Fig. 10.b, d), the co-spectral profiles of F+ and F− (or 

Fig. 8. CO2 flux and co-spectra during a late-spring week. (a) NEE time-frequency decomposition was derived by DW-EC and averaged every half-hour. Colours 
indicate NEE, and grey indicates missing data. (b) NEE co-spectra over the period computed from the time-frequency decomposition of (a) averaged over time. (c) 
Daily average NEE computed from the NEE time-frequency decomposition integrated over scales up to 30 min (DW, black) and the standard EC method (ECS, grey).

Fig. 9. Same as Fig. 8 but for a late-fall week.
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w̃c̃ + and w̃c̃ − ) become similar with a nearly identical peak. This simi
larity happens when minimal or no photosynthetic activity is expected, 
whereas differences in profiles suggest the presence of distinct simul
taneous processes. This finding underscores a key limitation of the 
method when using atmospheric gases such as CO2 and H2O as tracers. 
Since these gases are abundant in the atmosphere, conditional sampling 
produces small but nonzero partitioned fluxes. For the same reason, the 
quadrant Q3 is not considered an interpretable flux and is instead 
arbitrarily divided into F+ and F− .

3.4. Comparison of the new DW-CS method with well-established flux 
partitioning methods

In this section, we compare the partitioned fluxes using the new DW- 
CS method and, based on the quadrant analysis of w̃c̃ and w̃ṽ, F+ and F− , 
with Reco and GPP from the well-established nighttime (NT) and daytime 
(DT) methods. We used DW-NEE as input for the NT and DT partitioning 
methods to evaluate only the partitioning methods since we observed 
some differences between DW-NEE and ECS-NEE. Overall, the parti
tioning methods agreed well over daily periods (Fig. 12b and c). In 
particular, the NT to DW-CS comparison (Fig. 12.c) shows a mean ab
solute daily error (0.81 µmol m− 2 s− 1 in FR-Fon and 0.65 µmol m− 2 s− 1 

in FR-Gri) lower than the random uncertainty of the net flux (1.03 µmol 
m− 2 s− 1 in FR-Fon and 0.73 µmol m− 2 s− 1 in FR-Gri). The NT method 
compared better with DW-CS than the DT method, with an MAE be
tween DT and DW-CS larger by 0.25 to 0.35 µmol m-2 s-1 than the NT 
and DW-CS.

Beyond differences in mean values, we notice that the DW-CS par
titioning method notably avoids the occurrence of unphysical pulses in 
GPP and Reco, in contrast to both NT and DT. In particular, DT exhibits 
several brief but intense spikes in GPP and Reco, which appear to 
coincide with fluctuations in daily weather conditions. During the 
summer of 2019, the DT Reco spikes corresponded to observed heat 
waves. These overestimations of GPP and Reco by DT are likely due to 
the methodology that can not deal with extreme temperatures or pre
cipitations. NT yielded erroneously positive GPP at the crop site in 
August, after harvest, in October 2021, after harvest and herbicides 
application, and in July 2022, after application of solid manure and 
barley seeding. These management events generate transitory Reco 
fluxes, which cannot be easily handled by the NT or the DT methods 
based on a multiple-day window period. Furthermore, respiration dur
ing these events would originate from the upper soil surface and respond 
more closely to surface temperatures than deeper soil temperatures, 
which the DT and NT methods would not capture. On the contrary, the 
DW-CS partitioning method has the comparative advantage of being free 
of any calibration window.

GPP diel pattern agreed quite well between the DW-CS and the 
standard NT and DT methods (Fig. 13). On the contrary, the Reco diel 
patterns differed significantly. As expected from the standard methods 
equations, NT-Reco followed a daily temperature cycle, increasing 
smoothly with temperature across seasons. DT-Reco values were 
generally higher and showed an abrupt step increase just before sunrise, 
corresponding to the model’s transition between night and day. This 
likely reflects the onset of modelled GPP at dawn, while measured fluxes 
reflect the release of nocturnal storage. The DW-CS- Reco pattern was 
more complex: it remained relatively flat at night, dipped around sunrise 
and sunset and displayed an inverted U-shape during the daytime. 
During spring/peak season, DW estimated Reco was larger during the day 
than at night, especially at the crop site, while the opposite was observed 
during senescence/summer.

3.5. Diel patterns of conditional fluxes and their association with soil and 
plant respiration

A closer inspection of the w̃c̃ fluxes conditioned by w̃ṽ (Figure 14) 
reveals diel pattern resemblance between w̃c̃+|w̃ṽ+ and soil respiration 
(Rsoil) (daytime decrease during certain seasons), and w̃c̃+|w̃ṽ− and plant 
respiration (Rplant) (bimodal, with a maximum during daytime) as found 
in Järveoja et al. (2020). Rsoil is expected to respond to soil temperature 
rather than air temperature, so follow the soil’s delayed warming and 
cooling pattern at the depth where respiration is maximum. We found 
here that w̃c̃+|w̃ṽ+ diel pattern follows soil temperature at 16 cm depth 
for FR-Fon and 30 cm in FR-Gri (differences relate to available mea
surement depths) while w̃c̃+|w̃ṽ− follows rather closely air temperature 
and incoming radiation, suggesting indeed that w̃c̃+|w̃ṽ+ may represent 
soil respiration and w̃c̃+|w̃ṽ− plant respiration. This interpretation is 
consistent with the dual-source respiration model proposed by Wohl
fahrt and Galvagno (2017), who emphasized that ecosystem respiration 
arises from distinct above- and below-ground sources driven by different 
temperature regimes. They showed that phase shifts between air and soil 
temperatures induce a hysteresis in respiration–temperature relation
ships, cautioning against using a single temperature as a driver.

4. Discussion

4.1. Co-spectral characteristics of NEE and the partitioning into positive 
and negative fluxes

The higher measurement height at FR-Fon led to an expected and 
observed shift of the co-spectra to lower frequencies than FR-Gri 
(Fig. 10.a and c). Moreover, the co-spectra of the negative flux compo
nent w̃c̃ − exhibited a lower frequency contribution than the positive 

Fig. 10. Mean CO2 flux in frequency during a late-spring (a, c) and late-fall (b, d) week for w̃c̃ and its positive and negative components. The same data is used in 
Fig. 8 and Fig. 9 for FR-Fon (a, b) and FR-Gri (c, d).
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component w̃c̃ +. These results are confirmed in Fig. 11.a and c which 
show the partitioned fluxes (F+ and F− ) during months with high carbon 
sequestration (in July for FR-Fon and May for FR-Gri).

These findings are consistent with Thomas et al. (2008), who found 
that 60 % of respiration events were associated with small-scale eddies 
(timescales shorter than 0.1–0.05 s), and Scanlon and Albertson (2001), 
who showed that high-frequency eddies transport CO2-enriched air from 
below the canopy.

The transport path can explain the observed differences in the co- 
spectra profile: eddies moving from the canopy top, poor in CO2, 
versus those coming from the soil, rich in CO2. Vegetation affects tur
bulence through sweep and ejection events (Zhu et al., 2007; Poggi 
et al., 2004). The transport through the canopy causes eddies to break 
down into smaller structures along the Kolmogorov cascade as they 
encounter leaves, stems and branches.

We hypothesise that these spectral profile differences would 
diminish in flatter ecosystems (e.g., grasslands) compared to layered 
structures (e.g., forests). Further investigation is needed to determine 
whether partitioning produces equally defensible fluxes across different 
canopy structures.

4.2. On conceptual framework around F− and F+

Our results compared F− with estimated GPP and F+ to estimated 
Reco. We acknowledge that these estimates are subject to conceptual and 
methodological limitations. Notably, the GPP estimate from the NT 
method aligns more closely with ’apparent photosynthesis’ (encom
passing both carboxylation and photorespiration) rather than ’true 
photosynthesis,’ which considers only carboxylation. This discrepancy 
arises because of the extrapolation from nighttime respiration mea
surements to daytime conditions without adequately accounting for 
photorespiration and the suppression of mitochondrial respiration in 
light. Conceptually, F− is more closely aligned with net photosynthesis, 
encompassing carboxylation, photorespiration, and dark respiration. 
However, given the current state of the method, its interpretation is 
likely valid only under conditions where carboxylation dominates, i.e., 
when net photosynthesis represents a carbon sink, since only then does 
the quadrant framework capture the negative relation between CO2 and 
water fluxes. Here, we do not differentiate any further between net, 
apparent and true photosynthesis and refer readers to Wohlfahrt and Gu 
(2015) for a comprehensive discussion of these distinctions and their 
implications.

Further clarification is warranted regarding the interpretation of F+

with Reco, as F+ includes w̃c̃+|w̃ṽ+ (Q1) and w̃c̃+|w̃ṽ− (Q2). While Q1 is 
conceptually straightforward, respiration is a source of CO₂ and H₂O, 

and Q2 requires additional interpretation. Although daytime water 
vapour fluxes are typically positive due to evaporation and transpira
tion, transient negative excursions can occur from turbulent mixing or 
the entrainment of drier air from above the canopy under strong 
convective conditions. When the ejection of these incursions coincides 
with the upward transport of CO₂ from ecosystem respiration, the 
resulting events fall into Q2, characterized by a positive CO₂ flux and 
negative water vapour flux. This association becomes more intuitive at 
night, as condensation leads to net negative water vapour fluxes that 
frequently coincide with CO₂ release from respiration. These patterns 
explain the quadrant analysis without necessarily indicating a physio
logical coupling between water vapour and CO₂ exchange. These pat
terns may also help explain why Q2 events, associated with large-scale 
entrainment and ejection processes, tend to occur at lower frequencies 
than Q1 during the day (Fig. 3) and why, at night, Q2 activity, poten
tially driven by condensation, emerges more prominently during the 
latter part of the nocturnal period, when the soil temperature starts to 
fall (Fig. 14).

4.3. On the comparison between the standard and the new partitioning 
methods and their uncertainties

Results show a good comparison from daily mean partitioned fluxes 
(Fig. 12). The ratios between the nighttime and DW-CS methods esti
mations are closer during periods with large fluxes (). Differences be
tween methods are more pronounced at FR-Fon during the leafy season, 
where DW-CS estimates are lower than NT. This difference is consistent 
with the interpretation of F− as canopy net photosynthesis, which in
cludes Rleaf. The hypothesis that F− represents canopy net photosyn
thesis is supported by spectral analysis, which indicates transport by 
larger eddies. This spectral profile is consistent with fluxes originating 
from the top of the canopy, with fewer obstacles. Consequently, F+ is 
interpreted to represent below-canopy fluxes, therefore including het
erotrophic and root respiration. It is possible that it includes part of the 
below canopy net photosynthesis from low vegetation after periods of 
decoupling.

It is difficult to go beyond these qualitative considerations and esti
mate more precisely the part of GPP and Reco captured by F− and F+. 
Moreover, these ratios likely vary depending on canopy type, 3D 
structure, height, leaf area, and vertical leaf area distribution as reported 
for the Thomas et al. (2008) method (Klosterhalfen et al., 2019a), as well 
as any other factors that influence aerodynamic roughness. A promising 
avenue for numerical validation could involve large-eddy simulation (c. 
f. Zahn et al., 2024).

Although often simplified into single, aggregated GPP and Reco fluxes 

Fig. 11. Mean co-spectra of w̃c̃ , along with F⁺ and F⁻ partitioned fluxes. Data is grouped by neutral and unstable conditions (z/L < 0, a, c) and stable (z/L > 0, b, d) 
conditions. The period corresponds to the peak ecosystem activity in 2022: July for FR-fon and May for FR-Gri. Co-spectra curves are normalized to sum to 1. Arrows 
indicate the scale with maximum values. Monthly results are provided in .
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and estimated using a single temperature driver for all respiration pro
cesses, ecosystem carbon dynamics are far more complex (Fig. 15). 
Ecosystem fluxes arise from multiple sources and canopy layers, each 
responding differently to environmental conditions. This complexity 
becomes particularly evident in the DW-CS F⁺ signal, which captures diel 
variations in Reco and reveals a bimodal pattern (Fig. 13), consistent 
with chamber-based (Järveoja et al., 2020) and isotopic partitioning 
(Wehr et al., 2016) studies. These patterns are attributed by Wehr et al. 
(2016) to the inhibition of leaf respiration in light and by Järveoja et al. 
(2020) to the differential response of Reco to soil temperature and air or 

plant temperature. Our results resonate with the dual-source respiration 
framework (Wohlfahrt and Galvagno, 2017), emphasizing the need to 
distinguish temperature drivers linked to specific ecosystem 
components.

Another interesting finding (Fig. 13) is that during the crop’s peak 
growing season, DW-CS F+ is significantly higher than NT Reco during 
daytime. This increase likely reflects increased autotrophic respiration 
concomitant with high GPP, a feature missed by the NT method, which 
uses nocturnal calibration but is theoretically capturable by DT. This, 
however, was not observed. Strangely, DT’s highest GPP in FR-Gri was 

Fig. 12. (a) Daily averaged CO2 partitioned fluxes. GPP and Reco were calculated using commonly used nigh-time (NT, black) and day-time (DT, grey) partitioning 
methods and F− and F+ were calculated using wavelet-based direct DW-CS (DW, red) partitioning methods, all using DW-NEE as base data. Positive values show Reco, 
and negative values show GPP. Dotted vertical lines show the start or end of the season (calendar years for forest site FR-Fon and cropping season for FR-Gri). (b) 
Daily NT versus DW GPP and Reco (both on the same graph), in grey 1:1, in orange linear fit. On the bottom, statistics for GPP and Reco combined the correlation 
coefficient (R²), the mean error (ME, µmol m− 2 s− 1), the mean absolute error (MAE, µmol m− 2 s− 1) and the linear fit. (c) same as (b) for DT versus DW comparison.

Fig. 13. Diel patterns of Reco and GPP estimated calculated using commonly used nigh-time (NT, black), day-time (DT, grey) and wavelet-based direct DW-CS (DW, 
red) partitioning methods during climatic seasons (for FR-Fon) and the phenophases (for FR-Gri) of green-up, peak season, senescence, and bare soil (excluding 
September 2021 due to intermediate crop). Months are indicated by their first letter in parentheses. Note that Reco and GPP are not on the same scale. Monthly results 
in .
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during senescence, when the weather was warmer, but biologically, the 
plant was not productive anymore.

Thus, a better physiological understanding, supported by indepen
dent methods like understory EC, chambers, isotopic tracers (e.g., 
¹³CO₂), COS, or VOCs, is necessary to characterize the processes isolated 
by DW-CS partitioning.

4.4. On the differences and perspectives of wavelet-based eddy covariance 
compared to conventional method

Unlike traditional EC methods, wavelet analysis does not require 
stationarity (e.g., Torrence and Compo, 1998; Mauder et al., 2007). Our 
results show that this represents around 10 % more high-quality data 
when using DW-EC. Typically this could decrease short gaps, improve 
gap-filling (Moffat et al., 2007; Lucas-Moffat et al., 2022) and limit bias 
related to their filling (Du et al., 2014; Vekuri et al., 2023) for CO2, as 
well as for typically non-stationary surface fluxes like CH4 and N2O 
(Irvin et al., 2021; Mishurov and Kiely, 2011). A potential criticism is 
whether fluxes calculated during non-stationary events are truly inter
pretable. Addressing this concern first requires developing a solution for 

stationarity testing, as conventional methods are not well-suited to these 
conditions.

The stationarity test (STA, Eq. (13)) relies on w and c differing over 5- 
minute and 30-minute intervals. In such cases, the fluctuations wʹ and ć , 
based on w and c, would also be distinct. If instead of wʹ and ć  we use w̃ 
and c̃, the STA test will yield zero as the covariance is computed on a 
detrended series, which remains unchanged, i.e. detrending is per
formed independently of correlation calculation (local flux estimations, 
see Eqs. (9) and (10)). By reformulating Eq. (13) to explicit time and 
frequency, we find a new test which is roughly equivalent to comparing 
the integral of the co-spectrum over the frequency range of 5 to 30 min 
with the integral of the 30-minute co-spectrum (supplementary material 
section A). Applying the new test was beyond the scope of this study but 
highlights a gap in developing a fully wavelet-based EC processing 
chain.

Regarding CO2 flux estimations, wavelet decomposition generally 
underestimates fluxes by 8–12 % compared to EC, likely due to the 
detrending nature of wavelet transforms. We know detrending can lead 
to 2–15 % flux underestimations if not corrected (Rannik and Vesala, 
1999). While low-frequency corrections may reduce this discrepancy, 

Fig. 14. Diel patterns of w̃c̃ +|w̃ṽ + (associated to heterotrophic respiration, Rh) and w̃c̃+|w̃ṽ− (associated to autotrophic respiration, Ra) and Rh’s and Ra’s main 
abiotic controls including air temperature (Tair), soil temperature at 16 cm depth in FR-Fon and 30 cm in FR-Gri (ΔTsoil, showed as deviation from the seasonal mean 
for readability), and photosynthetic photon flux density (PPFD) during climatic seasons (FR-Fon) and the phenophases of green-up, peak season, senescence, and bare 
soil, months indicated in parentheses. (cf. Järveoja et al., 2020, Fig. 4).

Fig. 15. A simplified scheme of ecosystem fluxes containing Gross Primary Production (GPP) ecosystem respiration (Reco). The diagram differentiates between 
overstory and understory components and separates respiration into its key sources: leaf (Rleaf), root (Rroot), and heterotrophic respiration (Rheterotroph). Note that Reco 
= Rleaf + Rroot + Rheterotroph.
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they must be applied cautiously to avoid distorting the signal. Further
more, careful consideration of preprocessing corrections is necessary. 
For instance, time lag and axis rotation can introduce artificial breaks in 
the data. However, frequency-dependent time lags could be helpful for 
sticky compounds like ammonia or VOCs to account for time and phase 
shifts (Ferrara et al., 2012). Wavelet analysis may require new technical 
developments but could offer improvements over standard EC methods.

4.5. Perspectives for direct partitioning using a multi-tracer approach

The conditional sampling method presented here could be further 
expanded by incorporating tracers that differentiate between ecosystem 
sources, such as soil versus plant or heterotrophic versus autotrophic 
processes. Carbonyl sulphide (COS), a proxy for photosynthesis (Maseyk 
et al., 2014), combined with CO2 and H2O fluxes, offers a promising 
route toward finer partitioning of ecosystem fluxes. Similarly, methanol 
emissions, measurable by EC (Loubet et al., 2022), could help differ
entiate soil and plant fluxes (Voyard et al., 2024). In other contexts, 
carbon monoxide has served as a tracer for fossil fuel emissions (Super 
et al., 2017). These more precise tracers may be markers of eddies car
rying process signatures, identifiable in both time and frequency do
mains. One avenue forward could involve distinguishing flux regimes 
based on species co-variation: canopy-driven fluxes marked by CO₂ 
uptake, H₂O release, near-zero CO flux, and anthropogenic fluxes 
characterized by concurrent CO₂ and CO release. The remaining should 
contain sub-canopy fluxes, mainly soil respiration but potentially some 
residual net low vegetation photosynthesis.

Applying wavelet-based conditional sampling to multi-species 
datasets could enhance our ability to resolve ecosystem carbon dy
namics, overcoming the limitations of single-variable approaches.

Further research is needed to conclusively determine which physi
ological processes or fluxes are isolated by this new approach. Direct flux 
measurements from the understory, chamber studies, or isotopic tracers 
such as ¹³CO₂ (e.g., Oikawa et al., 2017) could help distinguish between 
photosynthetic and respiratory contributions. Additionally, conditional 
sampling based on tracers like COS or specific VOCs could aid in 
attributing CO₂ fluxes to autotrophic or heterotrophic sources. However, 
successful application would require identifying tracers predominantly 
produced by a single process or source (e.g., plants or soil microorgan
isms). Finally, resolving contributions from different canopy layers re
mains a significant challenge in ecosystems with both overstory and 
understory vegetation.

5. Conclusions

We proposed and evaluated a novel CO₂ flux partitioning method, 
Discrete Wavelet–Conditional Sampling (DW-CS), using multi-year eddy 
covariance datasets from a temperate mixed forest (FR-Fon) and a 
cropland (FR-Gri) in the Paris Basin, France. The method leverages 
discrete wavelet transforms to isolate scale-dependent fluctuations and 
applies conditional sampling based on water vapour flux to partition net 
CO₂ exchange into its positive (F⁺) and negative (F⁻) components. The 
central empirical assumption, that wavelet decomposition enables sep
aration of positive and negative turbulent "gusts" otherwise entangled in 
the raw signal, is supported by distinct co-spectral signatures between 
the components, particularly under neutral and unstable atmospheric 
conditions.

DW-CS partitioned fluxes compared favourably to gross primary 
productivity (GPP) and ecosystem respiration (Reco) estimates derived 
from the widely used nighttime (NT) method, yielding lower mean ab
solute errors than both the NT–DT comparison and the inherent NEE 
random uncertainty. Notably, F⁺ displayed a diel pattern that diverged 
from the temperature-driven Reco estimates of standard models. During 
periods of high productivity, F⁺ aligned more closely with radiation, 
echoing patterns previously observed in chamber studies. This radiation 
sensitivity could reflect differentiated temperature responses of soil and 

plant respiration, light inhibition effects, or temporal lags between 
photosynthesis and the export of photosynthates to the rhizosphere. 
While these hypotheses remain to be tested, the DW-CS pattern points to 
the need for a closer examination of assumed diel respiration dynamics 
in carbon cycle models.

In contrast to recent model-assisted approaches (e.g., Scanlon et al., 
2019; Zahn et al., 2022), DW-CS is entirely empirical and requires no 
prior assumptions about water use efficiency. It builds on quadrant 
analysis (Scanlon and Albertson, 2001; Thomas et al., 2008) and in
corporates time–frequency decomposition to better support the primary 
assumption that some air parcels are not thoroughly mixed but trans
ported in separate, identifiable, confined eddies. This hypothesis is 
supported by the different spectral signatures from the partitioned 
fluxes.

Although no direct validation of diel Reco patterns was available 
from field measurements, our findings underscore the importance of re- 
evaluating this key component of the CO₂ budget. The DW-CS method 
enables post hoc partitioning of fluxes from existing eddy covariance 
datasets without the need for additional instrumentation. Future work 
could integrate additional tracers or multi-gas observations to refine the 
interpretation of F⁺ and F⁻ and explore their ecosystem-level origins 
more explicitly.

Eddy covariance has improved observations and, indirectly, models 
for the last decades. Wavelet analysis has already been used to calculate 
turbulent fluxes directly. While the flux community would benefit from 
continued and comprehensive comparisons between conventional and 
wavelet-based EC methods, these foundational studies, such as the 
present study, lay the groundwork for developing application-focused 
research. The simplicity and flexibility of DW-CS also make it very 
easy to do (re)analysis. The DW-CS approach represents a promising 
advancement in direct CO₂ flux partitioning, grounded in turbulence 
theory and trace gas co-emission, and holds significant potential for 
scaling up ecosystem carbon monitoring.

Data availability
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this paper is available online and can be accessed at https://doi. 
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Python library named waveletec. Data used can be requested at any time 
and raw data can be recovered in ICOS Data Portal (Dufrêne and Ber
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