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Abstract.  15 

Eddy Covariance (EC) is praised for producing direct, continuous, and reliable flux monitoring for greenhouse gases. For 

CO2, the method has been commonly used to derive gross primary productivity (GPP) and ecosystem respiration (Reco) from 

net ecosystem exchange (NEE). However, standard EC is impacted by non-stationarity, reducing data quality and 

consequently impacting standard partitioning methods that are constructed on simplistic assumptions.  

This work proposes a new wavelet-based processing framework for EC tested over two French ICOS ecosystem sites, a 20 

mixed forest (FR-Fon) and cropland (FR-Gri), over several years. A new direct partitioning method was also developed, 

applying conditional sampling in wavelet decomposed signals. This new empirical method splits positive and negative parts 

of the wavelet decomposed product of the wind vertical component and CO2 dry molar fraction, conditioned by water vapour 

flux, to compute GPP and Reco.  

Results show 17 to 29 % fewer gaps in wavelet-based than with standard EC, varying between sites, day and night. A good 25 

correlation between methods was observed during turbulent and stationary periods (R²=0.99). However, wavelet-based NEE 

was 9% lower than in standard EC, likely related to low-frequency attenuation led by the detrending nature of wavelet 

transform. 

The new wavelet-based direct partitioning provided daily GPP and Reco very similar to night- and day-time model-based 

partitioning methods, with the difference between our method and these standard methods smaller than between them. Our 30 

method did not produce positive GPP, a common error in the night-time method. It also showed Reco seasonal patterns 

coherent with management practices at the crop site (growing season, harvest, manure application), which was not always 

the case for the standard methods. The Reco diel cycle was noticeably different, whereas the standard methods are 
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temperature-driven; our method had a daily pattern correlated to solar radiation and a night-time pattern correlated to soil 

temperature.  35 

Eddy-covariance; wavelet; CO2 flux; partitioning; photosynthesis; respiration; 

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 more than 2°C warming in 2100 in part due to mismatches between implemented policies and 40 

long-term goals (IPCC, 2022a). The warming results from the increase in greenhouse gases (GHG) concentration in the 

atmosphere, which is, in turn, the result of anthropogenic emissions (IPCC, 2021). The largest share of 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 45 

the potential to remove CO2 from the atmosphere. 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. 50 

The international scientific community is leveraging advanced techniques to produce reliable surface-atmosphere GHG flux 

monitoring. 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 standardization of the 

methods and networks has made it the reference measurement for terrestrial ecosystem GHG fluxes (Pastorello et al., 2020).  55 

Continuity is essential to compute annual GHG budgets and long-term soil carbon balance. Despite the attempt to have near-

continuous observations, a fraction of the observation is either missing or non-reliable, resulting in data gaps. These gaps can 

sometimes be due to technical reasons but, most importantly, related to under developed turbulence and non-stationarity of 

the flow, both required to compute reliable fluxes with the standard EC method (Aubinet et al., 2012; Pastorello et al., 2020). 

In FLUXNET2015 (Pastorello et al., 2020), with more than 1500 site-years of data worldwide, 60 % of the CO2 flux is gap-60 

filled. Filling these short gaps is problematic because it can significantly bias the annual GHG budgets (Du et al., 2014; 

Vekuri et al., 2023). 

Efforts have been mobilized to find defensible methods to fill CO2 flux gaps (Falge et al., 2001) and make it part of the 

standard post-processing (Wutzler et al., 2018; Pastorello et al., 2020). From various methods, artificial neural networks 

(ANN) (Papale and Valentini, 2003; Moffat, 2012) and look-up tables (Falge et al., 2001; Reichstein et al., 2005) seem more 65 
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promising than processed-based ones (Moffat et al., 2007). Ensuring enough high-quality data for gap-filling is crucial 

during night-time, for less stationary surface fluxes (CH4, N2O) (Irvin et al., 2021; Mishurov and Kiely, 2011) and 

heterogeneous sites (Aubinet et al., 2002). 

Methods that resolve surface flux in time and frequency do not require stationarity. Continuous Wavelet Transform (CWT) 

(Torrence and Compo, 1998) and Discrete Wavelet Transform (DWT) (Mallat, 1989) are two of these methods that 70 

decompose a signal in time and per scale (Farge, 1992; Farge and Schneider, 2001). These methods are sought in airborne 

campaigns when short-time resolution is needed (Strunin and Hiyama, 2004; Mauder et al., 2007; Desjardins et al., 2018; 

Metzger et al., 2013) and to retrieve outbursts and non-stationary flux (Schaller et al., 2017; Göckede et al., 2019). By not 

requiring stationarity, they yield high-quality data with fewer gaps, hence, more available data for analysis to feed gap-filling 

algorithms and further partitioning. 75 

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 and air humidity (Duffy et al., 

2021).  80 

Standard methods for NEE partitioning involve using photosynthetically 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 involve filtering raw EC data based on the correlation sign between CO2 and H2O mixing 

ratios before calculating the eddy covariance (Thomas et al., 2008; Scanlon and Kustas, 2010; Klosterhalfen et al., 2019; 

Zahn et al., 2022). These methods are called conditional sampling. The Thomas et al. (2008) method assumes that, during 85 

the day time, CO2 and H2O ecosystem fluxes have opposite signs when a parcel of air is coming from the plant crown, which 

is dominated by photosynthesis and have similar signs when air is coming from the ground where respiration dominates. 

This method has been developed and evaluated over a range of canopies and showed a good ability to separate plants (net 

primary production, NPP) from soil sources (soil respiration Rsoil) (Zeeman et al., 2013; Zahn et al., 2022). A similar method 

was developed by (Scanlon and Albertson, 2001; Scanlon and Sahu, 2008; Scanlon and Kustas, 2010), which uses the same 90 

concept and additional considerations on correlations between H2O and CO2 to partition between stomatal and non-stomatal 

CO2 and H2O fluxes. This method also showed consistent H2O and CO2 partitioned fluxes (Scanlon and Kustas, 2012; 

Sulman et al., 2016; Wang et al., 2016; Perez-Priego et al., 2018; Rana et al., 2018; Scanlon et al., 2019). A comparison 

between Thomas et al. (2008) and Scanlon and Kustas (2010) (Klosterhalfen et al., 2019) showed that the latter provided 

overall larger soil flux components than the former. 95 

This study presents a wavelet-based framework for turbulent flux calculation. It also proposes a new partitioning method 

inspired by the conditional sampling concept but uses frequency-resolved fluxes to provide GPP and Reco. We first evaluate 

how many gaps are generated by each flux computing method and how these impact half-hourly statistics, annual carbon 

cycles and standard partitioning. We then evaluate the new partitioning method by comparing it to the standard methods 
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(Reichstein et al., 2005). We use CO2 flux measured in two contrasted ecosystems ICOS sites in a single climatic region, 100 

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 steps 

(Figure 1). 105 

 

Figure 1. Processing steps in standard and wavelet-based Eddy Covariance in this work. 

2.1. Site description 

The study uses data from two French sites located 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 temperatures (11.2-11.5°C annual mean) 110 

and moderately wet (677-700 mm annual precipitation).  

The first site, FR-Gri, is a 19-hectare crop site (Loubet et al., 2011), rotating between maize, wheat, barley, and rapeseed 

with intermediate crops. The measuring system is setup on a short tower that moves from 2 to 4 meters according to the crop 

growth. From this site, we used data from January 2021 to December 2022, consisting of winter rapeseed until 31 July 2021, 

followed by winter wheat from 7 October 2021 to 5 July 2022 and barley seeded on 11 October 2022. The second site, FR-115 

Fon, is a deciduous broadleaf mixed forest mainly composed of oak and a dominant height of 25 meters at the age of 
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100  (Delpierre et al., 2016). The eddy covariance setup is located at 37 meters. 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 analyzer (LI-7200; Li-Cor Inc., Lincoln, NE, 

USA) and a three-dimensional sonic anemometer (Gill HS; Gill Instruments Ltd, Lymington, Hampshire, UK). Both 120 

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 balance of a scalar in the virtual box is used to 

retrieve the expression of the overall ecosystem flux      (g m
−2

 s
−1

). The mass balance includes a storage term (I), an 125 

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): 

              
      

     
 

         
      

  
         

      

  
          

      

                       
  

 
                 

  
 

                 

  
 

                  

                       
   

         

  

 

 

  

 

  

 (1) 

Where S is the ecosystem volumetric flux (g m
−3

 s
−1

), ρd the dry air density, χs the scalar dry mole fraction (mol 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 130 

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            = 0 (Webb et al., 1980). Then, recognising that the integral of S over the height z is            and that 

similarly the integral of 
                    

  
 over z is                        , eq. (1) leads to: 
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Where     
        is the turbulent flux at hm. The ecosystem flux can hence be evaluated from     

         and the storage term 135 

( 
       

  
   

  

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

          is 

computed from a time series of w and    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 three methods to evaluate     
        : the standard eddy covariance method (ECS), and two frequency 

resolved methods, one using a Continuous Wavelet Transform (CW-EC) and the other using a Discrete Wavelet Transform 140 

(DW-EC). 
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From w and   , the standard method consists of calculating the product of the instantaneous deviations of both variables 

from their respective means (covariance); frequency-resolved methods work the same, using, however, a priory decomposed 

instantaneous deviation (Figure 2). 

 145 

Figure 2: Conceptual scheme showing the main processing steps: data pre-processing (1); covariance calculation consisting of 

Reynolds decomposition and product of instantaneous deviation (2) and using frequency decomposition (3); post-processing (4). w 

is the vertical component of the wind velocity,   is the mixing ratio, j represents the frequency scale, bars are for averaging and 

quotation marks are deviations from the mean.  

2.2.1. Data pre-processing 150 

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 time lag default was set to 0.08 s for a 71.1 cm tube with a 5.3 mm inner diameter and 15 L/min flow rate and 

was allowed to vary in its vicinity. 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 155 

corrections to address low and high-frequency losses (Massman and Lee, 2002). These spectral corrections are usually 

applied after flux calculation. 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     
         (step 2 in Figure 2). Typically, the time average 160 

for fluxes is 30 minutes to 1 hour (Rebmann et al., 2018; Pastorello et al., 2020; Aubinet et al., 1999). Turbulent fluctuations 

  
  and    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 equivalent. In sum, the averaging period should thus be 
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stationary and sufficiently long to gather enough data to get a low random error (Lumley and Panofsky, 1964; Kaimal and 

Finnigan, 1994). In general, a 30-minute period satisfies these requirements. 165 

2.2.3. Wavelet Transform methods 

Wavelet transform is a bandpass filter allowing decomposition of a time series into sub-series defined for a given frequency. 

The following steps explain how to perform a frequency-resolved covariance using wavelets (Figure 2, panel 3). More 

details can be found in (Farge, 1992; Torrence and Compo, 1998; 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 170 

example is the Reynolds decomposition that separates a time series into its mean and its instantaneous deviation: 

                      (3) 

In Eq. 3, the mean,           , 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 J sub-series, each representative of a frequency j: 

            

 

   

 (4) 

The wavelet transform is a way to decompose the signal using a mother wavelet    a wave function with finite support (Eq. 

5). Unlike removing an average, wavelet transform yields stationary sub-series (Torrence and Compo, 1998). Considering N 175 

discrete observations with a sampling period   , so that        where n is the time index, we can generate a family of 

wavelets normalized in L²-norm: 

           
    

  
        

  
  (5) 

Where sj is the scaling factor, usually defined using a geometric progression with a maximum limited by the total sampling 

period     :       
   , for         . Here, J is the size of the set of scales, s0 is the smallest resolvable scale, 

approximately 2δt, and δj is the scale factor. The convolution of the signal      with a scaled mother wavelet  , yields the 180 

       , the wavelet coefficient for time series     : 

                      

   

    

 (6) 

From which one can reconstruct the signal: 



8 

 

     
       

       
           

 

   

 (7) 

Cδ is a scale-independent reconstruction factor depending on the chosen mother wavelet function. Note that      is the sum 

of all its components, however at any specific frequency the wavelet transform works such that the decomposed signal 

       averages to zero and should be interpreted as its instantaneous deviation. Note that    is only required for continuous 185 

wavelet decompositions in which the wavelet function is not an orthogonal base. Although this allows an arbitrary set of 

scales to be chosen, providing a more resolved signal spectrum (Arts and van den Broek, 2022; Torrence and Compo, 1998), 

a correction factor C is required to compensate for these overlaps, not required in discrete wavelet decomposition. Applying 

eqns (5 and 6) to   and    we can calculate the total flux as:  

            
                     

            
 

 (8) 

Where     
            is the mean of the product between w and    decomposed signals at frequency j (frequency-resolved 190 

covariance), Cφ is the reconstruction factor depending on the chosen mother wavelet function and determined empirically by 

comparing     
                   

        , where averaging is done over the time index n. When continuous wavelet decomposition is 

used, since it is not an orthogonal base, the sum of the     
            for all j is not strictly equal to     

         as cross-correlations 

between scales are not zero. The empirical factor Cφ is used to correct for this effect (see Supp. Mat. A). When discrete 

decomposition is used, Cφ = 1, since the orthogonality of the wavelet functions, which characterizes DWT, implies that total 195 

energy is conserved and yields independent frequencies, hence cross-correlations between scales is zero. The orthogonal 

base also forces the set of scales to be discrete,      and      , for          (Farge, 1992). The wavelet coefficients 

are then:  

                       (9) 

A great interest in the DWT is that the orthogonality and progressively smaller decomposition make it far cheaper 

computationally than CWT at the expense of a coarser resolution in frequency (Mallat, 1989), making it a good candidate for 200 

time series longer than a couple of weeks without significant difference (see Figure S 1 for a brief comparison). 

Commonly used wavelets functions are the Morlet and the Mexican Hat for continuous decomposition for they are well-

defined in the frequency and time domain (Schaller et al., 2017), and the Daubechies 6 for the discrete decomposition (Table 

1).  

Table 1: Mother wavelets used in this study. Mother wavelet formula,     , empirically derived factors, Cδ and ψ0(0), from 205 
(Farge, 1992) and Cφ (see Figure S 1). 

Name Decomposition      Cδ       Cφ 
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Morlet (kψ= 6) Continuous 
       

  

  0.776       5.271 

DOG (m=2), a.k.a. Marr or Mexican Hat 
Continuous 

   
  

   
   

  

   3.541 0.867 16.568 

Daubechies (k=6) Discrete             1 1 1 

 

In this study, we used the discrete decomposition and the Daubechies (k=6) wavelet (Daubechies, 1988). For comparisons 

with the standard eddy covariance method we compute the covariance by summing scales    smaller than 1800 seconds (30 

min) in eq. (8). Calculations were done using PyWavelets module (Lee et al., 2019). Despiking (Mauder et al., 2013) was 210 

used on each sub-series to eliminate any unrealistic values identified. 

2.2.4. Cone of influence 

Wavelet coefficients calculated with the convolution product in eq. (6) are subject to the influence of neighbours, resulting in 

a time “influence cone” that grows with decreasing frequency (Torrence and Compo, 1998). This cone renders the 

reconstruction unusable at the edges of the dataset and for scaling factors close to the dataset duration. The cone of influence 215 

(COI) is the boundary of the wavelet spectrum, which, exterior to its edge, effects become important. It is defined as: 

                                    (10) 

f is the Fourier factor specific to each wavelet. 

We extended the dataset over periods larger than the period of interest for every averaging time to avoid the cone of 

influence. 

2.3. Timeseries flagging and gap-filling 220 

Previous steps allowed us to calculate           . We still need to verify the EC’s assumptions through a quality check (Figure 1). 

Non-stationarity data for standard EC and periods with a lack of turbulence for both standard and wavelet-based EC are 

considered unreliable and thus flagged and further 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 225 

two tests, one for stationarity and another to verify that turbulence is fully developed (Foken and Wichura, 1996). It is 

important to recall that standard EC cannot be used during non-stationary moments, but wavelet decomposition yields 

stationary sub-series that allow skipping this step.  

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: 230 
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   (11) 

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 turbulent characteristic      . The model is 

calculated as  

 
  

  
  

     
 

 
 

        
   

  

                    

  
 

 
 

   

     

  (12) 

Where   is Coriolis parameter (s
−1

),    friction velocity (m/s), z is the height (m), L Obukhov length (-), and z+ is set to 

1 meter for mathematical convention so that 
   

  
 is dimensionless (Thomas and Foken, 2002). 235 

      
 
  

  
  

     
  

  
  

  
           

 

 
  

  
  

              (13) 

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 when this deviation is below 30% for all applicable tests, as shown in Table 2. 

Table 2: Quality flag categories proposed by Mauder and Foken (2011), based on stationarity and integral turbulence 

characteristics (ITC) tests presented by Foken and Wichura (1996). 

Quality flag Stationarity test (STA) Integral turbulence characteristics test (ITC) 

0 (High) < 30 % < 30 % 

1 (Medium) 31 – 100 % 31 – 100 % 

2 (Low) > 100 % > 100 % 

2.3.2. u  filtering 240 

Further screening is necessary to discard observations below a friction 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 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 245 

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 as with ITC. 
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Once a threshold is defined, observations below this threshold are dropped and gap-filled (Gu et al., 2005; Aubinet et al., 

2012).  

The u* threshold was determined using the REddyProc library in R and was free to vary among seasons (Wutzler et al., 250 

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 (stationary and 

turbulence flag considered) and DW-EC (only turbulence flag considered). We used the Marginal Distribution Sampling 

(MDS) method, the most commonly used gap-filling method (Pastorello et al., 2020). MDS consists of sampling data in the 255 

temporal vicinity of the data to be gap filled, usually a 15-day window, with similar meteorological conditions defined by the 

income shortwave, the air temperature, and the vapour pressure deficit. This subset yields a distribution 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 260 

Flux partitioning refers to the division of the Net Ecosystem Exchange (NEE) into the ecosystem respiration (Reco) and the 

gross primary productivity (GPP). Ecosystem respiration refers to the release of CO2 by organisms during their metabolic 

activities, including autotrophic 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: 

             (14) 

GPP is a flux directed from the atmosphere to the ground (negative), while Reco is from the ground to the atmosphere 265 

(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 

propose here a new method for the wavelet-based flux. 

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 270 

respiration rate is then parametrized using an Arrhenius-type temperature response model for nocturnal measurements and 

projected into the day (Lloyd and Taylor, 1994). 

              
   

 
       

 
 

       
 
 

(15) 
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Where Rref (µmol‧ m−2‧ s−1) is the reference respiration rate at the reference temperature (Tref = 15ºC), 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 estimated every five days using a 15-day window (Reichstein et al., 2005).  275 

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 measurements. NEE is estimated as follows: 280 

     
    

     
      (16) 

Where Reco is a respiration model eq. (15), Rg is the global radiation (Wm−2), α (µmol‧ C‧ J−1) is the initial slope of the 

light response curve, and β (µmol‧ m−2‧ s−1) is the maximum rate of CO2 uptake of the canopy at light saturation. β is 

estimated using an exponentially decreasing function of atmospheric vapour pressure deficit of air (VPD): 

    
   

                     

           

  (17) 

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-285 

air VPD. 

The standard calibration procedure is done in two steps. First, E0 and Rref are estimated using night-time observations. The 

remaining parameters (α, β0, k, and VPD0) and Rref (now using previous estimation as a prior) are fitted using Eq. (16) on 

day-time data.  

Recent studies have proposed the inhibition of leaf respiration in the light as a source of mismatch between EC and 290 

independent Reco measurements (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 downloaded 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 295 

DT-GPP and DT-Reco. 

2.4.3. A new direct wavelet-based 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 and Kustas (2010) have proposed 
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ingenious ways of incorporating prior knowledge of co-processes to compute a model-free partitioning of soil respiration 300 

(Rsoil) and plant net primary productivity (NPP).  

In this study, we take advantage of the frequency decomposition of       using wavelets to go beyond what was done by 

Thomas et al. (2008), thus the name discrete-wavelet based conditional sampling (DW-CS). In an empirical approach we 

conditionally sample the frequency decomposed products           
       to separate positive and negative components of 

the CO2 and H2O fluxes in each frequency j. The underlying empirical assumption is that wavelet decomposition should 305 

allow to trap in each frequency the positive and negative “gusts” which are mixed up in the original signal. For simplicity 

    
       is replaced by    in the following equations:  

     
    

    
    

    
    

    
    

    
    

  (18) 

Where    and   stand for CO2 and H2O,    stands for sampling   when   is positive and the opposite for   , and     stands 

for sampling   when   is true. We could assume that positive CO2 flux (  
 ) is Reco and negative (  

 ) is GPP. However, to 

guarantee physical meaning of GPP we took advantage of GPP’s dependency to light, more precisely photosynthetic photon 310 

flux density (PPFD), and set GPP to zero during night (PPFD ≤ 10 µmol m
−2

 s
−1

). We further considered that the daytime 

(PPFD > 10 µmol m
−2

 s
−1

) negative CO2 fluxes conditioned by negative water vapour fluxes (  
    

 ) as non-realistic and 

therefore attributed it equally to Reco and GPP (see Figure 3), which leads to the following definition or Reco and GPP: 

                     
       

    
  

     
  

                     
       

        
    

  

      
    

        
    

 
  

(19) 

 

Figure 3: Conceptual scheme for wavelet-based NEE flux partitioning.    stands for       

       and    for       
      . 315 

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. 
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2.5. Performance measurements 

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

as:  320 

                  
 

 
                

 

   

  (20) 

                    
 

 
                

 

   

   (21) 

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. CO2 flux computed by EC and DW-EC 

In this section we compare the CO2 flux (or NEE) computed by ECS and DW-EC, and then analyse the additional 325 

information on DW-EC’s cospectra. During the photosynthetically active months (warmer months for FR-Fon and crop 

seasons for FR-Gri), the two sites were carbon sinks with a negative NEE (Figure 4). During winter, when the trees have lost 

their leaves and crop sites are bare soil, the lack of GPP transforms sites into sources with a positive NEE. As a consequence, 

NEE in FR-Fon showed a clear seasonality, while FR-Gri showed a more variable pattern. 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 330 

to high vapour pressure deficit, which indicates air dryness. 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 spring of both years and 

the intercrop in Autumn 2021 by the decrease in NEE. We can also notice that harvest is done long after NEE has become 

positive; this is to bring the crop to maturity after senescence. Finally, the crop site also showed an earlier growth compared 

to the forest site, which is expected as the trees at this site are 100 years old on average and have, therefore, a late foliar 335 

development during the year while the crops were winter crops, which are in their growth stage early during the year. 

Overall, the NEE 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 (R²= 0.97 (0.98), 

ME= 0.1 (0.05) µmol m-2 s-1, MAE= 0.33 (0.38) µmol m-2 s-1, ECS=1.08 (1.12) ×DW linear fit for FR-Fon (FR-Gri)). 
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 340 

Figure 4: (a) NEE cospectra derived by DW-EC and averaged half-hourly. Colours indicate NEE cospectra, and grey for missing 

data. (b) Average for NEE cospectra (black), exclusively negative (blue) and positive (red) values of NEE. (c) Daily average NEE 

computed from the NEE cospectra integrated over 30-minutes−1 (black, DW) and ECS (grey). 

Looking at NEE’s cospectra, we can see a peak around 6 seconds
−1

 (       ) frequency in FR-Gri and around 50 seconds
−1

 

(       ) in FR-Fon (Figure 4 b). The peak frequency is related to the measurement height, being higher on the 2 to 4 345 

meters tower in FR-Gri than on the 37 meters tower FR-Fon (around 10 meters above the canopy). The measurement height 

affects the frequency contribution to the CO2 flux because the height above ground constrains the size of the eddies. Indeed, 

the maximum cospectral frequency is linearly dependent on height and modulated by the wind speed and the stability 

parameter z/L, where L is the Obukhov length (Kaimal and Finnigan, 1994). Indeed, the cospectra calculated using equations 

in (Horst, 1997) peaks at the same 50 seconds
−1

 (6 seconds
−1

) frequency for FR-Fon (FR-Gri). A secondary maximum at 350 

around 30 minutes
−1

 can be seen in the positive and negative NEE cospectra but disappears on the NEE. The cospectra of 

NEE’s positive (φc
+
) and negative (φc

-
) counterparts were overall mirrored with, however, slight differences: a higher 

contribution of higher frequencies on φc
+
 and of lower frequencies on φc

-
 in FR-Fon, suggesting large coherent structures 

may contribute more to GPP (defined mainly by φc
-
) than Reco on average. This was not observed at the crop site. 

Seasonally, NEE (φc) cospectra aligned with theoretical estimations, displaying peaks near the expected frequencies (Figure 355 

S 3). During months with high carbon sequestration (from April to October in FR-Fon and February to June in FR-Gri) and 

under neutral or unstable stratification, the negative (φc-) portion of cospectra exhibited lower-frequency peaks compared to 

the positive (φc+) portion. Conversely, stable conditions prompted the opposite pattern, albeit less pronounced in the crop 

site due to an unexpected secondary peak around 30 minutes
−1

, which softens the distribution on the higher frequencies. This 

secondary peak became most evident from June (stable) and July (neutral and unstable) through November, coinciding with 360 
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the post-harvest period after the primary crop cycle and before Winter sets in. No similar seasonality was seen in the 

theoretical cospectra, which considers micrometeorology conditions. 

Still looking at raw data, both methods show a clear daily and seasonal pattern for NEE expected for these ecosystems 

(Figure 5). Indeed, half-hourly DW- and ECS-NEE were very close to each other (R²= 0.98, Bias=0.14 µmol m−2 s−1, 

MAE=0.58 µmol m−2 s−1, ECs=1.08×DW linear fit, sites combined) when both were high-quality data, deteriorating when 365 

moving to medium and low-quality data (Figure S 2). In the forest site, during March and April, we can see peaks in ECS-

NEE 5
th

 and 95
th

 percentile which are lower in DW. These two months had the highest non-stationarity in the site, yielding 

60% of the observations unreliable. The same ECS-NEE peaks are seen for the crop site but are less closely related to the 

stationarity flag. They could be related to night-time CO2 spikes due to advection from the nearby animal barns (around 600 

m west). 370 

  

Figure 5. 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), 375 
the mean error (ME, µmol m−2 s−1), the mean absolute error (MAE, µmol m−2 s−1) and the linear fit. 

3.2. Effects of flux processing method on data coverage 

In this section we analyse the effect of flux processing methods on the number of data gaps. The quality control steps related 

to turbulence, namely the Integral Turbulence Characteristic (ITC) test and friction velocity threshold (u crit), unsurprisingly 

discarded the most during the night (Rg < 10 Wm
2
) on both the forest (FR-Fon) and the crop site (FR-Gri) (Table 3). This is 380 
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expected since the surface cools during these periods, creating a stable layer near the surface and preventing turbulent 

mixing. u crit impacted more DW-EC than ECS because u crit is calculated at the end of the quality control; thus, for ECS, all 

periods with co-occurrence between non-stationarity and low u   u   u crit) had already been dropped. 

The non-stationarity test flagged a significant amount of data during the day and night. However, considering the co-

occurrence between flags, it impacted more day-time observations when turbulence is usually well-developed. The 385 

difference in the total amount of discarded data between methods reflects this. During night time, ECS discarded around 17 

% more than DW-EC and 20 to 30 % more during day-time (Table 3). 

Table 3: Cumulative percentages of discarded data at each quality control step for the CO2 flux at the two sites. Medium and low-

quality data are replaced. Symbol * means less than 1%. 

Quality control step FR-Gri (2021-22) FR-Fon (2019-22) 

Night Day Night Day 

Missing data 5 % 5 % 10 % 10 % 

Turbulence not fully developed (ITC medium or low)  28 % 14 % 17 % 6 % 

Discrete Wavelet Transform (DW-EC)     

Friction velocity threshold (u*crit = 5
th

/50
th

/95
th
 

percentile) 

10 / 18 / 28 % 1 / 2 / 5 % 12 / 20 / 30 % 2 / 5 / 10 % 

Total  49 % 20 % 42 % 19 % 

Standard (ECS)     

Non-stationarity (STA medium or low) 19 % 20 % 23 % 30 % 

Friction velocity threshold (u*crit = 5
th

/50
th

/95
th
 

percentile) 

6 / 13 / 21 % * / * / 3 % 5 / 11 / 19 % * / 2 / 6 % 

Total 66 % 40 % 60 % 48 % 

Difference between DW-EC and ECS 17% 20% 18% 29% 

 390 

When looking at the length of the gaps (Table 4), we found a decrease in all gap lengths when using DW-EC compared to 

EC. With more observations and narrower gaps, we expect that the DW-EC method would improve the accuracy of any 

commonly used gap-filling methods (Moffat et al., 2007), improving the annual NEE accuracy. 

Table 4: Occurrence of gaps by length for each site identified by EC and DW-EC. One occurrence is a period of 1 or many points 

of gap. In parentheses: percentage of the data concerned by the gap length over total data length. 395 

Gap length (record number) 
FR-Gri FR-Fon 

ECS DW-EC ECS DW-EC 

1-2 2538 (9 %) 2084 (7 %) 5076 (9 %) 2192 (4 %) 

3-5 592 (6 %) 424 (4 %) 1373 (7 %) 600 (3 %) 
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6 and above 711 (44 %) 535 (30 %) 1254 (40 %) 840 (29 %) 

 

3.3 Effects of flux processing method on gap filling 

In this section, NEE measurements using the standard EC (ECS-NEE) were compared with the DW-EC (DW-NEE) method 

to assess degree of their agreement, potential biases, and the reliability of the DW-EC method. Both methods were gap-filled 

using MDS; however, the gap-filling was performed on a different number of data as shown by the quality control filtering 400 

excluding more data in ECs than in DW (Table 3). Daily gap-filled DW- and ECS-NEE agreed well (Figure 6.b), with only 

marginal differences from before gap-filling, suggesting gap-filling was unbiased over a day on these sites. Unexpectedly, 

gap-filled NEE in the forest site had a MAE 0.1 µmol m−2 s−1 higher than raw NEE. To understand the increase in MAE, 

we calculated the RMSE, which showed a decrease from 3.9 µmol m−2 s−1 (raw) to 1.9 µmol m−2 s−1 (gap-filled), 

suggesting MAE distribution got narrower, also confirmed by looking at the quartiles (not shown here). Despite these 405 

differences, on both sites, MAE was of the same order of magnitude as the mean random uncertainty (1.03 µmol m−2 s−1 in 

FR-Fon; 0.73 µmol m−2 s−1 in FR-Gri). 

 

Figure 6. (a) Daily averaged NEE was calculated using ECS (blue) and DW-EC (orange), both gap-filled with the MDS method. 

Dotted vertical lines show the start or end of the seasons (years for FR-Fon and crop season for FR-Gri). (b) Daily DW- and ECS-410 
NEE, in grey 1:1 line, in orange true linear relation. On the bottom 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. 

Overall, daily DW underestimated ECS by 9 %, and half-hourly by 4 % (8 %) in FR-Fon (FR-Gri). This is consistent with 

other flux studies using wavelets (Desjardins et al., 2018; Mauder et al., 2007; Metzger et al., 2013; Schaller et al., 2017), 

which found underestimations between 3% and 9%. Wavelet-based EC way of calculating instant deviation (e.g., w’ and 415 

CO2’) works as a low-frequency filter and detrends the signal instead of simply subtracting the mean as in standard EC. 

Detrending has been found to lead to an underestimation of around 2 % to 15 %, depending on the running mean filtering 

used (Rannik and Vesala, 1999), which would explain the observed underestimations. 
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To disentangle the differences due to gap-filling from those due to the flux computation, we gap-filled the DW-NEE with the 

DW gaps (DW as previously done), and with the gaps from ECS (DW’) (Figure S 9). The comparison between DW’ and DW 420 

yields high correlation (R²= 0.97 (0.98) for FR-Fon (FR-Gri)), small bias (ME=-0.01 (0.05) µmol m−2 s−1) and deviation 

(MAE=0.5 (0.2) µmol m−2 s−1). Based on the small difference between DW (only discards underdeveloped turbulence) and 

DW’ (discards underdeveloped turbulence and non-stationarity) we can conclude that the gap-reduction effect was small for 

these sites. Accounting for the non-stationary conditions would increase (decrease) the annual NEE by 0.01 (0.05) µmol 

m−2 s−1 or around 1 (2) % in FR-Fon (FR-Gri). 425 

3.4 Effects of flux processing method on standard NEE partitioning  

In this section we examine whether the gaps in NEE obtained with ECS- or DW-NEE have an impact on the partitioning of 

NEE in GPP and Reco. Half-hourly observations show that using ECS- or DW-NEE yields similar GPP: R²=0.94 (0.97), 

ME=-0.35 (0.4) µmol m−2 s−1, MAE= 1.0 (0.71) µmol m−2 s−1, ECS=1.07 (1.09)×DW, and similar Reco: R²=0.69 (0.74), 

ME=-0.24 (0.33) µmol m−2 s−1, MAE= 0.48 (0.85) µmol m−2 s−1, ECS=1.05 (1.05)×DW, for NT (DT) method (see daily 430 

mean statistics in Figure S 4). For all cases, DT yielded higher R² than NT; for other statistics, it depended on the site and on 

which variable was considered (GPP or Reco). For instance, NT yielded smaller ME and closer to 1 linear relation than DT in 

the forest site but the opposite in the crop site. Reco estimations using DT method on DW-NEE were higher than on ECS (by 5 

%), while the opposite is true for all the other cases. 

 435 

Figure 7. GPP and Reco daily average from January 2019 to December 2022 using night- (blue) and day-time (orange) 

partitioning on ECS (dashed) and DW-EC (solid). Note that positive values estimate Reco and negative GPP. Dotted vertical lines do 

not influence the data; they assign the start or end of the season (years for FR-Fon forest and crop season for FR-Gri). Inverted 

triangles indicate daily temperature mean (red) or cumulated rain higher than the 99th percentile of that year. 

We note that differences in DT and NT in FR-Fon in June 2022 happened during a several-weeks-long gap (see Figure 4) 440 

and should not be interpreted. While DT estimations show overall good agreement between ECS and DW-EC, NT 
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estimations using DW-NEE yield a smaller GPP and Reco than ECS in June 2020 (FR-Fon) and October 2021 (FR-Gri) 

(Figure 7). On both occasions, NT’s Rref parameter for ECS was at its maximum (Figure S 5). At the end of October 2021, the 

FR-Gri intermediate crop was harvested, and some residues were left on the field. NT cannot distinguish the different carbon 

sources and calculates a single temperature response curve. The increase in Rref led to an increase in Reco exponentially with 445 

the warmer day-time temperatures, forcing a physically inconsistent positive GPP. Interestingly, NT estimations using DW-

NEE were lower, and Rref did seem to follow a smoother seasonal pattern (Figure S 5). In June 2020, a bias could emerge 

from moving from cloudy and rainy to sunny and warmer. 

DT’s light-response model, would avoid the positive GPP problem but would produce estimations more sensitive to dynamic 

day-time conditions. Several occasions where DT estimations are higher than NT coincide with high day-time temperatures 450 

(Summer 2019, August 2021) or intense precipitations (June 2021).  

3.5. Evaluation of the new wavelet-based method for direct flux partitioning 

In this section, we compare the new DW-CS method with NT, both calculated using DW-NEE as basis to compare only the 

partitioning algorithm. NT was chosen as the reference method due to the relative complexity of interpreting DT’s variance 

found in the previous section. However, the results would be similar with DT (see Figure S 6  for a comparison between all 455 

methods).  Overall, the partitioning methods agreed well (Figure 8b) with a mean absolute daily error of 0.81 (0.65) µmol 

m
−2

 s
−1

 in FR-Fon (FR-Gri), lower than random uncertainty, 1.03 (0.73) µmol m
−2

 s
−1

 in FR-Fon (FR-Gri). Comparison 

between the DW-CS method using DW-NEE and NT method using ECS-NEE (Figure S 6, sites combined) yields higher 

bias, absolute daily error, and an increase in the underestimation. This is due to the already existing differences between 

DW- and ECS-NEE (see Figure 6). 460 

   

Figure 8. (a) Daily averaged GPP and Reco calculated using standard nigh-time partitioning (NT, blue) and wavelet-based direct 

partitioning DW-CS (DW, orange), 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 465 
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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. 

In the forest site, differences between DW-CS and NT during Summer 2019 (particularly warm) and 2021 (particularly 

rainy) fall into periods with peak temperatures (June and July 2019, August 2021) or precipitation (August 2019, June 2021).  470 

In the crop site, DW-CS Reco estimations were higher on a few occasions than NT, when NT estimated an erroneously 

positive GPP. In October 2021, this happened after the intermediate crop was harvested and herbicides were used, possibly 

generating a pulse in Reco that was captured by the direct partitioning method. On 26/07/2022, the use of solid manure 

before barley seeding also generated erroneous positive GPP. In August 2021, a similar pulse was observed which happens 

after crop harvesting. 475 

Unsurprisingly, given the methods equation, half-hourly results showed different Reco diel patterns between methods (Figure 

9, DT included in Figure S 8). NT-Reco increased smoothly with temperature; DW-CS- Reco was flatter during the night and 

decreased during sunrise and sunset and showed an inversed U-shape curve during the day. Depending on the developmental 

stage, the day-time Reco can be larger (spring, peak season) or smaller (senescence, summer) than the nigh-time Reco. 

 480 

Figure 9. Diel patterns of Reco and GPP estimated by wavelet-based conditional sampling (DWCS) and by standard night-time 

modelling (NT) during climatic seasons (FR-Fon) and the phenophases 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 Reco and GPP 

are not in the same scale. 

A closer inspection on φc components (Figure 10) reveals diel patterns resemblance between φc
+
|φv

+
 and soil respiration 485 

(Rsoil) (daytime decrease during certain seasons), and φc
+
|φv

-
 and plant respiration (Rplant) (bimodal, with a maximum during 
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daytime) found in (Järveoja et al., 2020). Rsoil responds to soil temperature rather than air temperature and so follow the 

delayed warming and cooling pattern of the soil at the depth where respiration is maximum. We found here that φc
+
|φv

+
 diel 

pattern follows quite well soil temperature around 20 cm depth (at 16 (30) cm depth for FR-Fon (FR-Gri) due to difference 

in available measurement depths) while φc
+
|φv

-
 follows rather closely air temperature and incoming radiation. 490 

 

Figure 10. Diel patterns of φc
+|φv

+ (associated to heterotrophic respiration, Rh) and φc
+|φv

- (associated to autotrophic respiration, 

Ra) and Rh’s and Ra’s main abiotic controls including air temperature (Tair), soil temperature at 16 (30) cm depth in FR-Fon (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 495 
parentheses. (cf. (Järveoja et al., 2020) Fig. 4) 

4. Discussion 

4.1. On the differences between standard- and DW-EC 

Results suggest that the DW method successfully captures the NEE dynamics observed by standard EC on a half-hourly 

(Figure 4) and annually (Figure 6) basis, highlighting its potential as a reliable alternative for flux analyses. The proposed 500 

DW-EC method obtained around 20% more high-quality data by not requiring stationarity. Naturally, reducing the gap 

fillings to zero is impossible since a certain amount of gap filling will always be necessary, even without technical problems 

and insufficient turbulence. Still, gap-filling is essential for retrieving continuous data series, but its use should be limited to 

the strict necessity. Even largely employed methods, such as Marginal Distribution Sampling (MDS), has shown poorer 

performance during night-time due to fewer observations (Moffat et al., 2007) and higher latitudes due to a skewed radiation 505 

distribution (Vekuri et al., 2023). Part of this is because standard EC method cannot handle non-stationary CO2 flux, flagging 
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it as unreliable. Still, the increase in high-quality data can help improve the performance of gap-filling itself (Moffat et al., 

2007), even if this benefit did not seen to be relevant for our two sites. 

The DW underestimation most probably emerges from the detrending nature of wavelet transform. The decomposition 

effectively disentangles each frequency, subtracting trends or fluctuations from the signal that span periods longer than the 510 

frequency under consideration. In this case, low-frequency correction could help decrease the difference between EC and 

DW, since in other contexts it has shown to reduce the difference between EC calculated using different detrending 

strategies (including no detrending) to as low as 1 % (Mauder et al., 2021; Moncrieff et al., 2006; Rannik and Vesala, 1999). 

Differently, including DW’s lower frequencies (> 30 minutes
−1

) is not as simple since although it requires to make 

assumption on the cospectra in the low-frequency range as well as that lower frequencies use more ‘neighbour’ data making 515 

continuity of good quality data more of an issue. 

To enforce comparison between methods, using the same pre-processing corrections was important. However, some relevant 

questions should be raised about this choice. Time lag and axis rotation corrections, in particular, transform w and CO2, 

creating artificial breaking points between observations of two neighbour half-hours. Both corrections were built for ECS, 

where each half-hour is separated from the other. Wavelet decomposition, however, does use neighbour values at all times 520 

and will assign these breaks to corresponding frequencies. We employed the commonly used double rotation method for axis 

rotation, but planar fit, often recommended, should prevent these breaking points. Finnigan et al. (2003) have shown that 30-

min double-rotation is equivalent to high pass filtering, but may also add up part of the horizontal fluxes into the vertical 

flux, thereby biasing the measured flux. 

On another aspect, for sticky compounds such as ammonia (Ferrara et al., 2012) or VOCs (Loubet et al., 2022), the time lag 525 

may be different for different concentration fluctuation frequencies. Using the wavelet decomposition to retrieve frequency 

dependent time lags may be tested, especially for ammonia which have shown to lead to systematic underestimation of eddy 

covariance fluxes, and show asymmetrical correlation functions (Ferrara et al., 2012 Fig 5). In sum, further wavelet-based 

flux calculations may require revisiting some current pre-processing methods. 

4.2. On the seasonal differences in the cospectra  530 

NEE cospectra matched reasonably well with standard modelled cospectra (Horst, 1997) in peak and shape (Figure S 3). The 

forest site showed low-frequency attenuation, which is less visible in the crop site. Positive (φc
+
) and negative (φc

-
) parts 

showed seasonal patterns not seen in the theoretical curve, suggesting it shall be explained by something different than 

micrometeorological factors (wind speed or Obukov length) and measuring height (for the agricultural site) obtained from 

the modelled cospectra (Horst, 1997). Indeed, φc
-
 is expected to come mainly from the leaves, while φc

+
 is from the ground 535 

and leaves and brought up from in-canopy by injection. Intuitively, the second process moves eddies forward on the 

Kolmogorov cascade by encountering obstacles between ground and canopy, while the first coming from the top of the 

canopy is less influenced by obstacles. This difference in eddy size transporting the signal would explain why, during 

photosynthetically active months, φc
-
 shows lower frequencies than φc

+
 during neutral and unstable conditions (mostly 
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daytime). The seasonality would thus come from the absence (presence) of leaves and crops, which leads to a reduced 540 

(increased) number of “obstacles”. In stable conditions (mostly night), the same pattern is not seen because φc
-
 is expected to 

be small, and indeed, at times, it differs significantly from the characteristic NEE cospectra.  

Of course, cospectra analysis is not a specificity of DW nor any frequency decomposed method; Fourrier transform may be 

used in post-processing spectral corrections. Wavelets remain however advantageous by not requiring stationarity. Wind-

velocity coordinate rotations may however be performed over longer periods than 30 min. Planar fit approaches should 545 

therefore be preferred. 

4.3. On partitioning methods and possible sources of error 

In standard practice, a modelled response of NEE to light, water, and temperature over days is used to split it into GPP and 

Reco. The standard night-time method (NT) employs a nocturnal temperature response model to estimate Reco (Reichstein et 

al., 2005), while day-time (DT) incorporates a light response curve to estimate both GPP and Reco during day-time (Keenan 550 

et al., 2019; Lasslop et al., 2010). We could expect little difference when comparing the same partitioning method on 

standard EC and wavelet-based fluxes, given their similarity (Figure 6). 

However, a particularly interesting result can be seen in August 2021 in FR-Gri, when the increase in high-quality data in 

DW-NEE made NT’s estimation undoubtedly more reasonable compared to its prediction using ECS-NEE (Figure 7). On this 

occasion, NT relying on ECS projected an unrealistic rise in absolute GPP following intermediate crop harvest and herbicide 555 

application. Conversely, NT based on DW-EC showed the expected absolute GPP decrease, albeit with implausible positive 

GPP values (a known issue for the NT method). Nonetheless, standard model-based partitioning yielded somewhat different 

estimations at times (Figure 7), despite being informed by relatively similar input data (Figure 6), underscoring model-based 

uncertainty. In addition to that, by rendering partitioning contingent on distinct periods, spatial heterogeneity becomes an 

issue (Wehr et al., 2016). Direct partitioning methods are based on single 30-minute periods and are, therefore, relatively 560 

free from this issue, given that neighbourhood influence is limited. 

Measuring directly GPP and Reco at the ecosystem level poses challenges, yielding inconclusive comparative studies. A more 

direct way of measuring Reco is by using dark chambers (Järveoja et al., 2020) or using carbon isotopes (more precisely the 

ratio between 
13

C to 
12

C) (Wehr et al., 2016). However, Reco by NT partitioning was found 25% higher than isotopic-derived 

Reco fluxes in a deciduous temperate forest during June-July (Wehr et al., 2016) and 16 % to 22 % higher than automatic dark 565 

chambers observations in a peatland (Järveoja et al., 2020). This is often attributed to models' limited capacity to replicate 

diel patterns (Wehr et al., 2016; Keenan et al., 2019; Griffis et al., 2004; Järveoja et al., 2020). In particular the dynamics of 

root-microbe-soil system is not well characterised. Some large-scale girdling experiments however show that soil respiration 

is highly correlated to photosyntate supply to roots: respiration was found to be reduced by 37 % within 5 days (54% in 1-2 

months), after stopping the supply of photosynthates to roots (Högberg et al., 2001). 
13

C labelling studies further showed a 570 

35 hours half-life of soil respiratory efflux in a forest (Högberg et al. 2008). NT’s nocturnal calibration on respiration does 

not account for photosynthate transfer processes. In addition to that, the inhibition of leaf respiration by light is estimated to 
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cause systematic overestimation of daytime ecosystem basal respiration estimated using NT (Wehr et al., 2016; Keenan et 

al., 2019). In sum, these references indicate that respiration dial pattern may be much more complex than what is currently 

include in temperature response models. 575 

In sthis study, we propose a new direct partitioning method, the discrete wavelet-based conditional sampling (DW-CS), 

based on the conditional sampling of frequency decomposed w and     
 product (Eq. (18). Overall, daily mean NT 

estimations were 12 (22) % higher than DW-CS for GPP (Reco). Much noticeably, the DW-CS Reco diel cycle unveils a 

bimodal trend (Figure 9) which as previously observed by thorough chamber methods measurements (Järveoja et al., 2020) 

and on the 
13

C/
12

C derived estimations (Wehr et al., 2016). This diurnal variation was attributed in Wehr et al. (2016) to the 580 

inhibition of leaf respiration in light, and in Järveoja et al. (2020) to the differential response of Reco to soil temperature and 

air or plant temperature. Another notioceable result show in Figure 9, is that during the crop’s peak growing season, DW-CS 

Reco is much higher than NT Reco during the day. This increase may be explained by an increase in autotrophic respiration 

concomitant with higher GPP from plant growth during that period. This feature cannot obviously be captured by the NT 

method which uses nocturnal calibration. 585 

In Figure 10, the similarities between φc
+
|φv

+
 (φc

+
|φv

-
) and Rsoil (Rplant) from Järveoja et al., (2020) indicate the potential to 

perform even further detailed partitioning. The similarities may relate to soil evaporation being higher than plant evaporation 

when a respiration signal (φc
+
) is measured. Indeed, Rplant and GPP are both dependent on stomata and so a cut in GPP, for 

instance due to lower incoming radiation induced by cloud or shadowing, could cause either or both stomatal closure and a 

decrease in plant surface temperature. Whether by physical constraint or condensation, during these moment Rplant would 590 

come with a negative water flux (φc
+
|φv

-
). Evaluating the proposed partitioning method would require measuring Reco, Rsoil 

and Rplant at the field scale, which require further research. 

4.4 Perspectives on using wavelet-based EC for less gap-filling and direct partitioning 

In this study, we have explored how including non-stationary fluxes, which are omitted by standard EC method, modified 

the computed CO2 flux and further gapfilling. These periods carry real information on the surface flux. For instance, 595 

dynamic light environments can trigger rapid but non-coordinated photosynthesis and stomatal response (McAusland et al., 

2016), possibly leading to non-stationary NEE. When filtered out, those non-stationary events effectively “blinds” the gap-

filling methods and final users from these transition events. 

Similarly, non-homogeneous footprints are often encountered in ecosystem monitoring sites, although everything is done to 

minimise these conditions. Agricultural fields and sub-urban and urban areas are especially prone to source heterogeneity, 600 

mainly in the shape of a local intensive anthropogenic source (animal grazing on the field, animal barns, tractors, roads, 

chimneys) that may also lead to changes in CO2 concentrations and fluxes with wind direction and hence non-stationarity in 

these components (Crawford and Christen, 2015). Thus, even if the impact is arguably small on monthly and annual net flux 

budgets on ecosystem towers, using DW-EC becomes especially relevant in setups or situations with multiple local sources 

that are hard to isolate. 605 



26 

 

Intermittent turbulence was identified as the main problem for nocturnal EC, which is leads to the u* filtering  approach 

(Aubinet, 2008). It is important to note that in certain cases of such intermittent turbulence, a non-stationary flux may be 

delayed from the process that generated this flux. Indeed, when very low turbulence is followed by a burst of wind (ejections 

or sweeps), measured flux includes releasing accumulated stock (Katul et al., 2006; Kaimal and Finnigan, 1994). As a 

consequence, including non-stationary fluxes retrieved by DW in the standard model-based partitioning methods, which do 610 

not consider these peaks as night-time delayed respiration, may lead to biased gapfilling. This bias, however,  should affect 

less direct partitioning using DW-CS, which exclusively relies on data from the same snapshot of time. 

The conditional sampling method presented here could be further developed to use soil and plant, heterotrophic and 

autotrophic or even biogenic and anthropogenic tracers like carbon and water isotopes to improve our understanding of the 

carbon cycling in an ecosystem. Including co-produced gases can be the key to perform more elaborated attribution of fluxes 615 

to ecosystem compartments. Carbonyl sulphide (COS) is a known tracer of photosynthesis (Maseyk et al., 2014). Combining 

CO2 flux with COS flux together with H2O would lead to a way to further partition GPP and Reco. In another context, carbon 

monoxide has been used to identify fossil fuel emissions (Super et al., 2017). Wavelet-based conditional sampling emerges 

as a promising framework for integrating such data, either directly as proposed here or through hybrid methods in which 

more elaborated models could be used to refine the partitioning method. 620 

5. Conclusions 

Discrete Wavelet-based Eddy Covariance (DW-EC) yielded around 17 % and 29 % fewer gaps than standard Eddy 

Covariance (ECS) over four years of data in a forest site (FR-Fon) and two years in a crop site (FR-Gri) in the French 

Parisian region, respectively. We can expect even larger gap differences in perturbated environments (topography, 

inhomogeneous areas). The half-hour high-quality NEE (stationary and within well-developed turbulence) computed by 625 

wavelets were highly correlated to standard eddy covariance (R²= 0.98 for both FR-Fon and FR-Gri), worsening for medium 

(0.73 and 0.52) and low-quality (0.03 and 0.0) data. At the daily scale, this correlation was kept (R²= 0.97), but with a slight 

bias with DW around 9% lower than ECs (mean error = 0.1 and 0.18 µmol m s−1, mean absolute error = 0.42 and 0.39 µmol 

m
−2

 s
−1

, ECs=1.09×DW by linear fitting for FR-Fon and FR-Gri). This effect is likely related to the detrending nature of 

wavelet decomposition which leads to low-frequency attenuation of the flux. The supposed advantage of reduced gaps for 630 

DW-EC lead to sensibly similar NEE budgets: +2 (−1) % in FR-Fon (FR-Gri) when compared to DW-EC forced to have the 

same gaps as ECS. This suggests that for standard sites (mostly homogeneous and flat) moving towards DW-EC would not 

significantly improve the annual budget. However, partitioning using ECS- and DW-NEE yielded different GPP and Reco, 

particularly for the night-time method (NT), where more high-quality observations made estimations arguably more credible 

in the crop site. 635 

A new partitioning method is proposed, combining discrete wavelet transform and conditional sampling (DW-CS). The 

method splits positive and negative parts of the product of the wavelet decomposed vertical component of the wind, w’(j), 
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and a scalar, χs’(j).  The underlying empirical assumption is that wavelet decomposition should allow to trap in each 

frequency the positive and negative “gusts” which are mixed up in the original signal. Further including PPFD and         , 

to attribute unrealistic CO2 fluxes, led to a method for estimating Reco and GPP. Compared to DW-CS, Night-time 640 

partitioning (NT) showed better correlation and smaller errors than day-time methods. Mean absolute errors between NT and 

DW-CS (0.8 and 0.65 µmol m
−2

 s
−1

 in FR-Fon and FR-Gri) were lower than the NEE random uncertainty (1.03 and 0.73 

µmol m
−2

 s
−1

 in FR-Fon and FR-Gri). But most noticeably, DW-CS led to a different Reco diel pattern compared to 

temperature only driven models, with a daily respiration pattern that follows radiation (and hence GPP) and a night-time 

pattern that follows soil respiration. This diel pattern was already observed using chambers and has some ground to be more 645 

realistic than the standard NT and DT approaches: this pattern may reflect either a differentiated temperature response from 

soil and plants, a light inhibition response from plants, or a time shift between photosynthates production and their transport 

to roots. Our DW-CS approach was not validated by field measurements of net flux components to confirm that this 

respiration pattern was really happening in the observed sites. This study however strongly suggests to further evaluate Reco 

diel pattern as it may have strong impacts on how global CO2 cycle is modelled. The DW-CS we present here should be 650 

further tested and refined as it has the benefit of integrating at the field scale without needing extra measurements which also 

allows reprocessing of old data. We also note that DW-CS could be developed to incorporate other tracers like COS to better 

partition the CO2 fluxes between ecosystem compartments.  

Eddy covariance has improved observations and, indirectly, models for the last decades. This study shows that standardising 

wavelets for EC measurements can be operational using discrete wavelets decomposition. This would be very beneficial as it 655 

includes non-stationary data, and hence reduce gaps, and allows a look into transitory process. The simplicity and flexibility 

of DW-EC make it also very easy for (re)analysis. The method would be powerful for CH4 and N2O fluxes which are highly 

non-stationary and mode difficult to gap-fill, as well as in urban setups for the same reasons. The new direct partitioning 

method shows great promises in providing fully-observation-based partitioning at the field scale. However, partitioning 

methods, in general, and our new wavelet-based method in particular, need further validation experiments across ecosystems 660 

and environmental conditions.  
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A Demonstrating covariance can be calculated using decomposed signals 

Assuming two time series variables, x and y, the sum of the               for all frequencies, j is not strictly equal to the 

covariance           . Indeed, we have: 

               
 

   
    

 

   

                       
    

   
       

 

   
    

   
       

   
 

(A.1) 

For discrete wavelet transform DWT, the orthogonality of the wavelets base implies independent frequencies, i.e.   
   

        

  for    , hence               
   

         
   . For continuous wavelet transform CWT, a coefficient Cφ is introduced to ensure 995 

energy conservation and correct for cross-correlations of x and y between scales j, leading to: 

                           
 

 (A.2) 

Cφ depends on the wavelet chosen (Table 1) Alternatively, a direct formulation of the covariance was proposed by (Torrence 

and Compo, 1998) based on          and          the wavelet coefficients for time series x and y: 

           
    

   
                  

 

   

   

   
 (A.3) 

Where    is a scale-independent reconstruction factor depending on the chosen mother wavelet function (Table 1).  
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 1000 

Figure S 1. Covariance is calculated using the standard equation (           in black), DWT considering cross-correlation (    
                 in 

blue), and ignoring it (    
            in orange), idem for CWT plus without Cφ (dotted orange), using covariance equation from 

Torrence and Compo (1998) (CWTTC1998). Top 20 Hz data before time averaging, bottom half-hour average. Data for FR-Gri 

03/05/2022. 
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Figure S 2. Half-hourly NEE calculated using ECS and DW-EC grouped by quality flags. high: well developed turbulence (ITC < 

30 %) and stationary (STA < 30 %), medium: at least one of the tests higher than 30 % but both lower than 100%, low: at least 

one of the tests higher than 100 %. In grey 1:1 and in orange linear relation. No gap filling was used. 1010 
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Figure S 3. Monthly mean cospectra of w’CO2’ (φc), its positive and negative parts, and modelled cospectra following Horst (1997) 

grouped by stratification status. Cospectra curves sum to 1. Horst (1997) cospectra are calculated using measured mean wind 

speed, displacement height and Obukhov length. Peak frequencies are shown with an arrow. 
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Figure S 4. Correlation Matrix for GPP (orange, bottom-left) and Reco (blue, upper-right) estimations, sites combined. NT and DT 

partitioning methods were used with NEE calculated using standard EC (ECNT and ECDT, respectively) and discrete wavelets 

(DWNT and DWDT). 
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Figure S 5. (a) Parameters estimated for night-time partitioning method (NT). (a) Parameters estimated for day-time partitioning 

method (DT). 
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Figure S 6. Correlation Matrix for GPP (orange, bottom-left) and Reco (blue, upper-right) estimations, sites combined, using the 

following partitioning methods: NT, DT (with light inhibition), DW-CS (DWCS), φc, and ECCS (same partitioning as DWCS but 

used for       
  without wavelet decomposition). The diagonal shows flux distribution. 1030 
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Figure S 7. Ratios of daily ecosystem respiration (Reco) estimated by a standard night-time modeling approach (NT) and measured 

by discrete wavelet conditional sampling (DW). Symbols indicate ratios of daily NT and DW for the years 2019–2022; the red line 

represents the block-average (window size = 14 days) with shaded bands indicating ±1 standard error. Horizontal line represents 

unity of the ratio. Vertical dotted lines represent the start or end of the season (calendar years for forest site FR-Fon and crop 1035 
season for FR-Gri). 
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Figure S 8. Monthly averaged half-hourly GPP and Reco estimations using NT, DT and DW methods. The darker region indicates 

interquartile (25th and 75th percentile), and the lighter region with dotted lines indicates the 5th and 95th percentile. 
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Figure S 9. Seasonally cumulated sum for NEE in Figure 6 (a) including additionally discrete-wavelet-based NEE forcing same 

gaps as ECS (DW’-EC). 


