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A R T I C L E  I N F O   
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A B S T R A C T   

While the eddy covariance (EC) technique is a well-established method for measuring water fluxes (i.e., evap-
oration or ’evapotranspiration’, ET), the measurement is susceptible to many uncertainties. One such issue is the 
potential underestimation of ET when relative humidity (RH) is high (>70%), due to low-pass filtering with some 
EC systems. Yet, this underestimation for different types of EC systems (e.g. open-path or closed-path sensors) has 
not been characterized for synthesis datasets such as the widely used FLUXNET2015 dataset. Here, we assess the 
RH-associated underestimation of latent heat fluxes (LE, or ET) from different EC systems for 163 sites in the 
FLUXNET2015 dataset. We found that the LE underestimation is most apparent during hours when RH is higher 
than 70%, predominantly observed at sites using closed-path EC systems, but the extent of the LE underesti-
mation is highly site-specific. We then propose a machine learning based method to correct for this underesti-
mation, and compare it to two energy balance closure based LE correction approaches (Bowen ratio correction, 
BRC, and attributing all errors to LE). Our correction increases LE by 189% for closed-path sites at high RH 
(>90%), while BRC increases LE by around 30% for all RH conditions. Additionally, we assess the influence of 
these corrections on ET-based transpiration (T) estimates using two different ET partitioning methods. Results 
show opposite responses (increasing vs. slightly decreasing T-to-ET ratios, T/ET) between the two methods when 
comparing T based on corrected and uncorrected LE. Overall, our results demonstrate the existence of a high RH 
bias in water fluxes in the FLUXNET2015 dataset and suggest that this bias is a pronounced source of uncertainty 
in ET measurements to be considered when estimating ecosystem T/ET and WUE.   

1. Introduction 

Terrestrial evaporation or ’evapotranspiration’ (ET) estimates 
(referring to the sum of all evaporation sources such as plant transpi-
ration, T, as well as soil and surface evaporations, E) are important for 
understanding terrestrial ecosystems, and evaluating ecosystem and 
Earth system models (Fisher et al., 2017), as ET integrates many 
terrestrial biosphere processes, including the water cycle (E, T), carbon 
cycle (T and photosynthesis trade-off), and energy cycle (latent heat 
flux, hereafter, LE) (Monteith, 1965). Global and regional ET is often 
estimated from remote sensing process-based models (e.g., Miralles 
et al., 2011; Mu et al., 2007, Mu, 2011) and land surface models (e.g., 
Lawrence et al., 2007; Wartenburger et al., 2018), but these estimates 
are inconsistent and show high uncertainty (Miralles et al., 2016; Pan 
et al., 2020; Zhang et al., 2016). 

One of the most common methods to measure ET at ecosystem scales 
is the eddy covariance (EC) technique, which can provide long-term, 
near-continuous, and high temporal resolution observations. However, 
water fluxes measured with EC systems suffer from potential errors 
related to low- and high-pass filtering (Foken, 2008; Franssen et al., 
2010; Leuning et al., 2012; Mauder et al., 2020). Low-pass filtering er-
rors are caused by, for instance, averaging over finite paths or volumes, 
the finite time response of instruments, sensor separation, and tube 
attenuation, which results in high-frequency signal loss (Fratini et al., 
2012; Haslwanter et al., 2009; Ibrom et al., 2007; Mammarella et al., 
2009; Massman and Ibrom, 2008). High-pass filtering errors result from 
a part of the flux being missed during the typical 30-min averaging 
period due to longer time-scale eddies, especially in tall canopies 
(Leuning et al., 2012; Mauder et al., 2020). The low-pass filtering may 
result in a flux loss that varies both by the type of the gas analyzer used: 
open-path and closed-path or enclosed-path infrared gas analyzers, as 
well as by the set-up of the sensors: inline/inlet filters (Nordbo et al., 
2014), tube length for the closed-path and enclosed-path analyzers and 
tube heating, etc. For instance, closed-path analyzers in general work in 
almost all weather conditions and record data over a long time span. In 
contrast, open-path analyzers are more affected by adverse weather 
conditions (Haslwanter et al., 2009; Heusinkveld et al., 2008; Mauder 
et al., 2008) and for this reason, are more prone to missing data. How-
ever, open-path analyzers have the advantage of very low energy con-
sumption, minimal maintenance requirements, and superior spectral 
response characteristics (Burba et al., 2008). Closed-path analyzers with 
long tubes suffer from additional low-pass filtering effects as relative 
humidity (RH) increases the need for corrections to avoid biases in 

measured LE (Foken, 2008; Franssen et al., 2010; Leuning et al., 2012; 
Mauder et al., 2020). Some studies simply removed the periods when RH 
exceeds 95% (Hu and Lei, 2021; Knauer et al., 2018; Li et al., 2019), 
however, although RH is usually elevated during and after rain events, it 
can also be high early in the morning, before rain events or independent 
of local rain. Therefore, RH-dependent corrections need to be applied to 
minimize the potential underestimation of LE. Ibrom et al. (2007) were 
the first to systematically describe the RH-dependent low-pass filtering 
effect and proposed an empirical approach to fit the spectral transfer 
function in RH bins. Then, a physical model was suggested to address 
this issue by Massman and Ibrom (2008) and became part of the com-
munity eddy covariance post-processing software EddyPro, but it is not 
clear whether, or, to what extent, this RH dependent low-pass filter 
correction has been routinely applied in the post-processing of the ET 
flux data. Therefore, within the FLUXNET2015 dataset, it remains un-
known to which extent LE is underestimated at high levels of RH for each 
site. 

EC measured ET is also often used as a reference to understand the 
physiological basis of water–carbon–energy coupling (Stoy et al., 2019; 
Xu et al., 2018; Zhang et al., 2019). As such, ET (or LE, in energy flux 
units, W⋅m− 2) is an indispensable variable to derive key physiological 
parameters, such as surface or canopy conductance and the relationship 
between gross CO2 assimilation and canopy conductance (inversely 
related to the marginal carbon cost of water to the plant) (Bonan et al., 
2014; Groenendijk et al., 2011; Medlyn et al., 2017; Medlyn, 2011). 
However, this often requires the separation of the biological signal (T) 
from the total ET. Ecosystem T can be estimated by many observational 
techniques such as sap-flow measurements (hereafter TSAP, Cammalleri 
et al., 2013; Poyatos et al., 2021, 2016), carbonyl sulfide uptake (Wehr 
et al., 2017), isotopes (Ma and Song, 2019; Xiao et al., 2018), or, by 
deploying above and below canopy EC systems (Paul-Limoges et al., 
2020). These techniques tend to be limited by either monetary or labor 
expenses and have their own uncertainties as well as challenges when 
scaling plant level measurements to the ecosystem scale (Kool et al., 
2014; Sun et al., 2019; Xiao et al., 2018). The relatively sparse avail-
ability of independent T measurements compared to the amount of EC 
data, such as in the widely used FLUXNET2015 dataset (Pastorello et al., 
2017), has pushed the community to explore and develop approaches to 
separate T and E from EC measurements (Nelson et al., 2020; Scott et al., 
2021; Stoy et al., 2019). For example, Zhou et al. (2016) and Nelson 
et al. (2018) proposed data-driven ET partitioning methods (Z16, N18), 
specifically designed to take advantage of the existing large amounts of 
EC data. Both N18 and Z16 estimate T based on estimating water use 
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efficiency (WUE) empirically. While these two approaches are rather 
simple to implement, they are sensitive to the uncertainties in input data 
(Nelson et al., 2020). Therefore, it is necessary to explore to which 
extent T/ET and WUE are affected by the uncertainties in the forcing ET. 

In this study, we quantity (1) the extent to which hourly LE is 
underestimated from intermediate to high RH conditions (> 50% RH) 
for different types of EC systems in the FLUXNET2015 dataset. (2) We 
then propose a machine learning based empirical approach to correct LE 
underestimation under high RH conditions (the High Relative Humidity 
Correction, HRHC). (3) We also compare the HRHC approach with the 
most commonly used LE correction approaches, such as the Bowen ratio 
energy balance closure based LE correction (hereafter, BRC; Foken, 
2008; Pastorello et al., 2020) and the approach of ascribing the residual 
errors of the energy balance closure entirely into LE (hereafter, AEIL; 
Amiro, 2009; Wohlfahrt and Widmoser, 2013). Next, (4) we apply two 
ET partitioning methods, N18 and Z16, to estimate ecosystem T based on 
the uncorrected and corrected ET (in total three versions per partition-
ing method). Finally, (5) we compare the different versions of EC-based 
T estimates with independent sap flow based T estimates at the daily 
scale. 

2. Data and method 

2.1. EC data 

EC measurements from 163 FLUXNET2015 sites (Pastorello et al., 
2020) datasets were employed in this study (description of sites in 
supplementary Table S1), consisting of 54 sites with closed-path gas 
analyzers (hereafter, closed-path sites), 102 sites with open-path gas 
analyzers (hereafter, open-path sites), as well as 7 sites with 
enclosed-path gas analyzers (hereafter, enclosed-path sites). For the 
FLUXNET2015 sites which had updated data (after 2014) in the 
ICOS-2018 (Drought 2018 Team and ICOS Ecosystem Thematic Centre, 
2020) data product, the data from ICOS-2018 was used to have a longer 
timeseries. Where possible, the sensor type was confirmed by the site 
principal investigator ‘PI’. Since the number of enclosed-path EC sites 
was limited to only seven sites, the following sections focus primarily on 
open-path and closed-path EC sites when referring to the analysis among 
sites in the FLUXNET2015 dataset. At sites which changed sensors, the 
time periods with the longest continuous use with one sensor was used in 
the analysis. 

Fig. 1 shows the number of sites for each year. Besides, we intro-
duced two sites which have paired open-path and enclosed-path gas 
systems (due to the lack of the availability of paired open-path and 
closed-path systems), ES-LMa (Savannas) and IT-Trf (Deciduous Nee-
dleleaf Forests), to better compare the RH-dependent effect for different 
sensors. Flux measurements and meteorological data, including net ra-
diation (Rn, W⋅m− 2), sensible heat flux (H, W⋅m− 2), LE (W⋅m− 2), ground 
heat flux (G, W⋅m− 2), air temperature (TA, ◦C), and their related quality 
control flags, were used to perform the analysis. ET (mm⋅hour− 1) was 
derived from LE using the latent heat of vaporization as a function of TA 
(ET = LE

(2.501− 0.00237∗TA)∗106, Stull, 1988). Estimates of GPP (μmol CO2 

m− 2⋅s− 1) were derived from partitioning algorithms based on nighttime 
net ecosystem exchange data (Reichstein et al., 2005). A more 
comprehensive list of variables (including variable descriptions) can be 
found in supplementary Table S2. 

Since flux measurements are not available at the half-hourly scale for 
all participating sites, data were aggregated to hourly resolution for 
greater consistency. Periods with negative LE and low residual LE (Rn-H- 
G < 10 W⋅m− 2) were removed in the whole analysis. The friction ve-
locity filter used for carbon flux was also applied to remove periods with 
‘low turbulence’. Moreover, periods with reported negative RH were 
excluded to reduce noise in the analysis. G was set to 0 to execute the 
HRHC for sites without G measurements (31 sites), because the effect of 
omitting G is very small compared to the overall variability and uncer-
tainty (Figure S1). 

2.2. Latent energy ratio and LE corrections 

Based on the energy balance equation, the LE ratio (LER) is defined 
here as: 

LER =
LE

Rn − H − G
. (1)  

where LER = 1 indicates a full energy balance closure. The storage term 
(energy in the air profile between ground surface and hygrometer, e.g., 
energy storage in the canopy) was not included in LER as it is chal-
lenging to measure and is not provided as a standard variable in the 
FLUXNET2015 and ICOS-2018 datasets. Even so, we explored the rele-
vance of the storage terms in three selected sites (LE storage at two 
savanna sites with enclosed-path systems, ES-LM1 and ES-LM2, and both 
H storage and LE storage at one deciduous needle-leaf forest (IT-Trf), see 
Section 4.1 and Figure S7). 

In this work, the proposed high relative humidity correction 
approach (HRHC) was compared to two other energy balance closure 
approaches (BRC and AEIL). The conceptual difference between the 
strategies of BRC and HRHC, as well as the flowchart of HRHC are shown 
in Fig. 2, with a detailed explanation of all approaches in the subsequent 
subsections. 

2.2.1. High relative humidity correction (HRHC) 
The HRHC (Zhang, 2022), based on a machine learning algorithm 

(eXtreme Gradient Boosting, Chen and Guestrin, 2016), was adopted to 
model the non-linear trend of LER along with RH. In this work, the al-
gorithm was further set a negatively monotonical constrained by RH to 
enforce the decreasing response of LER to RH, due to the fact that the 
extent of LE underestimate increases with RH (Massman and Ibrom, 
2008), meaning that only decreases in LER relative to RH were modeled. 
The correction is based on the predicted LER (LERpred), which was 
modeled using only RH as a predictor, where LERpred describes the 
general trend of decreasing LER with RH for the site (one model per site). 
Due to the skewed distribution of LER, which may bias the model per-
formance, we trained and predicted logarithmically converted LER 
(ln(LER)): 

ln(LER) = f (RH). (2) 

Fig. 1. Counts of open-, closed-, and enclosed-path sites from 1992 to 2014 in 
the FLUXNET2015 and 2015–2018 from ICOS-2018 datasets (if FLUXNET2015 
sites are also in ICOS-2018 datasets). The number in each bar is the number of 
sites in that year. The y-axis is in percentage to highlight the ratio of sensors 
used in each year. The overall dataset is composed of two parts: FLUXNET2015 
and ICOS-2018 starting from 2014. The bold red line represents the year 2014; 
Data from the ICOS-2018 dataset is retained for those sites that are represented 
in both datasets. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.) 
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Based on the LERpred, a reference value (LERref ) for each site was 
determined as the LERpred at (or closest to) 50% RH (LERref =

LERpred[RH≃50%]), 

LERref = LERpred[RH≃50%]. (3) 

Then, a correction factor (FCor) for each hourly measurement was 
calculated as the ratio of LERref to the corresponding LERpred (based on 
RH for that hour). 

FCor =
LERref

LERpred
. (4) 

Finally, the corrected LE (LEcor) was then calculated as the original 
(measured) LE multiplied by FCor, which is always greater than one. To 
prevent unexpected and extremely high levels of corrections, the 
maximum LEcor was constrained to be below LEresid, where LEresid refers to 
residual LE from the energy balance closure equation (Rn − H − G), 

LEcor = min
(
LEoriginal ∗FCor,max

(
LEoriginal, LEresid

))
. (5)  

2.2.2. Bowen ratio energy balance closure correction (BRC) 
The BRC is widely used to achieve energy balance closure at daily 

scales, with the correction factors equally distributed to H and LE at sub- 
daily scales (Pastorello et al., 2020). Two key distinguishing differences 
between the BRC and HRHC are that 1) HRHC corrects only LE and only 
at high relative humidity compared to BRC that corrects LE and H in-
dependent of RH. This implies that the decreasing trend of LE with 
increasing RH remains after BRC (Fig. 2). 2) The HRHC does not enforce 
full energy balance closure like BRC but corrects LE at high RH to ach-
ieve an energy balance closure value typically observed at intermediate 
humidity at that site. 

2.2.3. All errors in energy imbalance into LE correction (AEIL) 
The LE estimate by AEIL was proposed based on the assumption that 

the other terms in the energy balance (i.e., Rn, H, and G) can be 
measured with sufficient accuracy and confidence, or assumed negli-
gible, so that the lack of closure in the energy balance can be attributed 
to measurement deficiencies in LE (Amiro et al., 2006; Loescher et al., 
2005), and this LE estimate was shown to be less accurate at the 
sub-daily scale than at the daily, weekly, and seasonal scales as there is 
more scatter among the daily data (Amiro, 2009). In this work, we 
aggregate the hourly data to daily data to diagnose if the LE estimate 
with this method is broadly applicable to FLUXNET2015 sites. 

2.3. Methods for estimating transpiration (T) 

2.3.1. Estimation of transpiration via Nelson et al. (2018, TN18) 
The N18 (Nelson et al., 2018) algorithm predicts plant WUE 

(WUEpred, μmol CO2 mmol− 1 H2O) by training a model on the ecosystem 
WUE (GPP/ET) at the sub-daily scale using a quantile random forest 
model (Breiman, 2001; Meinshausen, 2006) during the periods when the 
surfaces are dry (i.e. surface evaporation is low) and plants are photo-
synthetically active. The estimated T (hereafter, TN18) is then calculated 
using the WUEpred from the model and the GPP (TN18 = GPP/WUEpred). 
For more details see Nelson et al. (2018). 

2.3.2. Estimation of transpiration via Zhou et al. (2016, TZ16) 
The Z16 (Zhou et al., 2016) algorithm was proposed based on the 

concept of uWUE (μmol CO2 hPa0.5 mmol− 1 H2O) with consideration of 
the VPD effect at the ecosystem scale, which is defined as: 

uWUE =
GPP ∗

̅̅̅̅̅̅̅̅̅̅
VPD

√

ET
. (6) 

Two versions of uWUE are then estimated based on this concept: the 
potential uWUE (uWUEp) and the apparent uWUE (uWUEa), which are 
slopes from a quantile regression (at the 95th percentile) and linear 
regression, between GPP⋅

̅̅̅̅̅̅̅̅̅̅
VPD

√
and ET for a single year and each day in 

the year, respectively, so that ecosystem T (hereafter TZ16) can be 
approximated by: 

TZ16 = ET⋅
uWUEa
uWUEp

. (7)  

2.3.3. Estimation of transpiration via sap flow 
Sap flow data was collected from 10 sites in the SAPFLUXNET 

database (Poyatos et al., 2021) which are co-located with corresponding 
EC towers (four at open-path sites and six at closed-path sites, see 
Table S3). Plant T estimates were then upscaled to ecosystem-scale T 
following the description in Nelson et al. (2020), where the average 
normalized sap flow per unit basal area per species was multiplied by the 
basal area of each species in the stand and summed to total stand-level T. 
One key difference between Nelson et al. (2020) and the data here is that 
the upscaling was performed at hourly scales and then aggregated to 
daily T values rather than upscaling directly to daily values. To allow 
comparisons between the EC and sap flow based T estimates, the Pear-
son correlation was calculated in a bi-weekly step window between TSAP 
and EC-based T (TN18 and TZ16) to account for any temporal changes in 

Fig. 2. Conceptual strategies of HRHC and BRC at hourly scales (a) and the flowchart of HRHC (b). The dashed green line indicates the full energy balance closure at 
hourly scales. The gray points represent the original LE, the blue points represent LE after applying HRHC, and the orange points represent LE after applying BRC. 
Gray rectangles indicate the preparation for the original data, blue rectangles indicate the estimation of Fcor, and the green rectangle indicates the corrected LE. One 
schematic diagram is shown in Figure S2 to explain how to compute FCor. (For interpretation of the references to color in this figure legend, the reader is referred to 
the web version of this article.) 
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the sap flow measurement systems such as changes in the number of 
sensors or wounding effects. 

3. Results 

3.1. Original LER and corrected LER 

3.1.1. Original LER 
To assess the extent to which LE is affected by RH for open-path, 

closed-path and enclosed-path EC sites, we analyzed the trend of LER 
against binned RH (bins correspond to the central value, ±5% RH, 
hereafter referenced only by the central value e.g. RH55%). As LER for 
different sites is not at the same amplitude, all LER data are reported as 
relative LER (RLER, relative to the median value at RH55%) for better 
comparability across sites. 

Fig. 3 shows how the original (i.e. LE data directly reported from 
FLUXNET with no correction) RLER varies with RH across sites. The 
trend of original RLER shows a clear RH effect for all three EC system 
types at low and high RH conditions, while the magnitude is weaker for 
open-path sites at high RH compared to closed and enclosed-path sites, 
with RLER dropping to around 0.88 at RH95% for the open-path sites. For 
closed-path sites, RLER decreased more markedly, reaching around 0.33 
at RH95%. For enclosed-path sites, LE loss at high RH is even stronger 
than for closed-path sites, with a RLER of 0.27 at RH95%. 

3.1.2. HRHC-based LER 
Fig. 4 shows the FCor and HRHC-based RLER changes along RH bins. 

For all sites, FCor starts to exceed 1 around RH65%. For the closed-path 
and enclosed-path sites, the median values of FCor are higher than three 
at RH95%, while for open-path sites FCor is around 1.1. The RLER after 
applying HRHC for all sites is at, or slightly higher than, one for all bins 
above RH35%. The slightly higher median values result from the fact that 
the correction only increases LE thus leaving any errors where the 
measured LER was higher than would be expected, resulting in a slight 
positive correction bias (see Eq. (5)). However, the effect is small with a 
flat response of RLER to increasing RH. We also presented the distri-
bution of FCor for 6 selected sites in Figure S3. 

The absolute and relative changes in LE after applying HRHC are also 
presented in order to quantitatively examine the correction (Fig. 5). 
Correspondingly to Fig. 4a, the absolute and relative changes in LE also 
start to be positive from around RH65%. Meanwhile, the increase in LE 
fluxes for closed-path and enclosed-path sites are higher than for the 
open-path sites. For instance, at RH95%, the median values of absolute 

changes in LE are 12 W⋅m− 2 and 15 W⋅m− 2 for closed-path and enclosed- 
path sites, respectively, while it is 3 W⋅m− 2 for open-path sites. How-
ever, even though the absolute changes are not so dramatic, the relative 
changes for all types are pronounced, especially for the closed-path and 
enclosed-path sites (189% and 264%, respectively). The distribution of 
absolute changes in LE for six sites (Figure S4), and a comparison of 
original and corrected LE values for the same six sites (Figure S5) are 
also provided. 

3.1.3. BRC-based LER 
The BRC correction was already implemented in the FLUXNET2015 

dataset according to the ONEFLUX pipeline. Here, we show the RLER 
using the provided data (Figure S6), and the changes in LE with BRC 
corrected data (Fig. 6). The RH-dependent errors still persist, and the 
most absolute changes in LE occur at moderate RH conditions for all 
sites. The relative changes in LE are almost constant across RH bins, 
consistent with the design of the method. 

3.2. Influence of LE correction on EC-based T estimates 

Fig. 7 shows the effect of the HRHC and BRC on T estimates from 
different partitioning methods (TN18, TZ16) in terms of the relative 
changes of T/ET and WUE (WUE = GPP/T) for both open-path (Fig. 7b, 
7d) and closed-path sites (Fig. 7a, 7c). Overall, the N18 method was 
more affected by the HRHC corrected LE than Z16, with the TN18-based 
WUE being reduced by almost 18% at high RH conditions for closed- 
path sites and by 5% for open-path sites. Correspondingly, the TN18- 
based T/ET was increased by 4% for closed-path sites. In contrast, the 
TZ16-based WUE were only slightly affected and T/ET were reduced by 
5% for closed-path sites after applying the HRHC. The main difference 
between the HRHC and BRC corrections was that, for the latter, WUE 
consistently decreased by 20–25% for both T partitioning methods 
across all RH conditions. Overall, the BRC correction had minimal in-
fluence on T/ET. 

In order to evaluate the performance of the three correction methods, 
we compared EC-based T estimates to an independent T estimate, TSAP. 
Fig. 8 shows correlation coefficients between TSAP and EC-based T es-
timates (using both original ET, as well as HRHC, BRC, and AEIL cor-
rected ET) by TN18 and TZ16 partitioning methods for both open-path and 
closed-path EC sites. Overall, there were no pronounced changes in the 
correlation with TSAP between the HRHC and BRC compared to the 
uncorrected (original) TZ16 and TN18 for both open-path and closed-path 
sites. However, the relationship between TSAP and EC-based T after AEIL 
correction was strongly compromised, indicating that simply attributing 
all residual energy to LE is inappropriate across all RH conditions, with 
the effect stronger for the Z16 than the N18 method. 

4. Discussion 

4.1. RH effect on LE measurements 

The LER variations with RH in the FLUXNET2015 dataset show a 
systematic increase from low to intermediate RH conditions indepen-
dent of sensor type. LER then decreases from intermediate to high RH, 
where this decline is substantially larger for closed-path and enclosed- 
path sensors compared to open-path sensors. In the following para-
graphs, we discuss potential mechanisms for this pattern and their im-
plications for systematic biases in eddy covariance based LE 
measurements. 

LER measures the relative energy balance closure gap and reflects all 
potential errors in the accounting of the energy balance. Measurements 
of net radiation are typically much more accurate compared to the 
turbulent fluxes (LE and H) measured by eddy covariance and are thus 
unlikely to be a major source of a systematic bias (Foken, 2008; Mauder 
et al., 2020; Wilson et al., 2002). Mismatches of the radiometric and 
eddy covariance footprint can be contributing to the energy balance 

Fig. 3. The original relative LER (RLER) from all sites across RH bins at the 
hourly scale. RLER is LER relative to the median value at RH55%. The dots are 
the median value and the short horizontal lines are the mean value of the boxed 
data. The solid lines connect the median value to show that the overall pattern 
of RLER varies for open-, closed-, and enclosed-path sites. Boxes indicate 
interquartile ranges and gray vertical lines indicate the range of the data in each 
box. Data outside the interquartile range are not shown here to simplify the 
figure and clearly show the patterns. Bins with less than 500 h of data are not 
plotted. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
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closure gap, in particular at individual times and for heterogeneous sites 
(Leuning et al., 2012; Mauder et al., 2020; Stoy et al., 2013), while it 
seems implausible that this could explain the large systematic energy 
balance closure gap observed across the entire network and the 

systematic pattern varying with RH. Likewise, uncertainties in the 
ground heat flux and the omission of other energy storage terms are also 
unlikely to play an important role in the overall systematic patterns of 
the energy balance closure gap across FLUXNET because they are 

Fig. 4. (a) FCor and (b) HRHC-based relative LER (RLER) from all sites across RH bins at the hourly scale. The dots are the median value and the short horizontal 
lines are the mean value of the boxed data. The solid lines connect the median value to show the overall pattern. Boxes indicate interquartile ranges and gray vertical 
lines indicate the data ranges in each box. Data outside the interquartile range are not shown here to simplify the figure and clearly show the patterns. Bins with less 
than 500 h of data are not plotted. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 5. (a) Absolute and (b) relative changes in LE after applying HRHC for all sites across RH bins at the hourly scale. The dots are the median value and the short 
horizontal lines are the mean value of the boxed data. The solid lines connect the median value. The numbers above boxes represent median values. Boxes indicate 
interquartile ranges and gray vertical lines indicate the ranges of the data in each box. Data outside the interquartile range are not shown here to simplify the figure 
and clearly show the patterns. Bins with less than 500 h of data are not plotted. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 

Fig. 6. (a) Absolute and (b) relative changes in LE from BRC corrected data for all sites across RH bins at the hourly scale. The numbers of close- and open-path sites 
are less than the numbers in previous figures as the BRC was not executed at several sites. The dots are the median value and the short horizontal lines are the mean 
value of the boxed data. The solid lines connect the median value. The numbers above boxes represent median values. Boxes indicate interquartile ranges and gray 
vertical lines indicate the ranges of the data in each box. Data outside the interquartile range are not shown here to simplify the figure and clearly show the patterns. 
Bins with less than 500 h of data are not plotted. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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quantitatively too small (Wilson et al., 2002; Figure S1, S7). 
Errors in measuring the vertical wind speed by the sonic anemometer 

under certain wind directions (“angle of attack”) can cause systematic 
underestimation, in particular of H (Nakai et al., 2006; Nakai and Shi-
moyama, 2012). However, this cannot explain the observed pattern of 
LER with RH. Our finding of increasing LER from low to intermediate RH 
independent of sensor type is consistent with the mesoscale circulation 
hypothesis (Brötz et al., 2014; Mauder et al., 2007, 2008, 2021; Roo 
et al., 2018; Zhou et al., 2018) because the differential heating of the 
landscape triggering large-scale eddies becomes more important with 

increasing dryness, reflected here by decreasing RH. Accepting this 
hypothesis implies that the energy balance closure gap at low RH is more 
attributable to errors in H rather than LE and thus justifies why our LE 
correction method operates only at high RH. The decreasing trend of 
LER from intermediate to high RH, along with the pronounced differ-
ence in severity of the decline between open-path and closed-path sen-
sors, cannot be explained by the mesoscale circulation hypothesis, but 
points to biases related to the measurement instruments and setup. 

A systematic underestimation of LE at high RH in closed-path sys-
tems is a known problem in the community. To account for this problem, 

Fig. 7. Relative change of WUE (top row) and T/ET (bottom row) to daytime mean RH at daily scale for closed-path and open-path sites after the correction applied 
(HRHC, BRC). The dots are the median values which are connected by the solid lines. Only days with a mean temperature above 5 ◦C, at least 1 mm/day of ET, and 
where both partitioning methods could be applied, were included. 

Fig. 8. Bi-weekly step window correlation analysis between TSAP and EC-based T against RH at the daily scale for closed-path (panels (a) and (c), 6 sites) and open- 
path (panels (b) and (d), 4 sites) sites. Note that for each box, data were filtered from all significant (p < 0.1) coefficients. The different color of the box indicates the 
correlation coefficients for EC-based T, which were estimated based on different versions of ET over all referred sites. 
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spectral correction methods have been developed and time lag correc-
tions take the effect of RH specifically into account for closed-path 
sensors (Ibrom et al., 2007; Massman and Ibrom, 2008). The fact that 
we are still observing a large and systematic decline of LER at high RH in 
FLUXNET2015 suggests that spectral correction methods were not, or 
not properly, systematically applied, or do not fully correct for the 
observational biases. The spectral corrections are done by the site PIs 
before the standardized ONEFLUX processing (Pastorello et al., 2020). 
Our findings highlight the importance of documenting the choice and 
details of the applied spectral corrections and call for revisiting the 
problem along with a reprocessing of the data for future data releases. 

Since enclosed-path gas analyzers were designed to combine the 
advantages of closed-path and open-path systems and minimize high- 
frequency attenuation errors (Burba et al., 2012; Metzger et al., 2015; 
Novick et al., 2013), it was surprising to see that the LER decline at high 
RH for enclosed-path analyzers was comparable to closed-path sensors. 
However, the set-up correction proposed by Metzger et al. (2015) and 
later routinely implemented, concerning heated intake tube and rain cup 
shape were probably not implemented in the datasets belonging to the 
current analysis. Therefore, the behavior of enclosed path analyzers has 
to be further evaluated. Accounting for RH in the spectral correction or 
not for one site shows a large impact on the LER decline with RH, and 
further indicates that the correction accounting for RH is still not fully 
effective at high RH (Figure S8). 

The weak but systematic decline of LER from intermediate to high 
RH observed for open-path systems was unexpected because there is no 
sampling tube and associated attenuations of high frequencies. It could 
arise from sensors getting wet and contaminating the optical window as 
open-path sensors are exposed to an outdoor environment (Burba et al., 
2008; Haslwanter et al., 2009; Heusinkveld et al., 2008). However, such 
conditions should be flagged and discarded automatically by the device. 
We also see no systematic difference between an open-path and an 
enclosed-path system that ran in parallel at ES-LMa (Figure S9), sug-
gesting that this seems unlikely to explain the observed pattern. 

Another possible explanation for the decline of LER from interme-
diate to high RH seen in open-path systems is due to violations of the EC 
theory due to weak turbulence that are expected to be more frequent 
under high RH conditions. Indeed, we found that the RLER decline with 
RH for open-path sites gets stronger when we retain data with low tur-
bulence (Figure S10), which implies that low turbulence errors are likely 
impacting H and LE measurements in all eddy covariance systems and 
that the u*-filtering for carbon exchange should also be applied to en-
ergy fluxes in the future. However, the HRHC correction also utilized the 
u*-filtering filter from the NEE quality flags to avoid including such 
errors in the correction. Ruling out rain or low turbulence errors, 
another plausible explanation is the separation of the water concentra-
tion measurements and the sonic anemometer, because particular at-
mospheric conditions like stable stratification paired with a weak flux 
and signal pose large challenges for spectral corrections that appear to 
be not fully effective (Heusinkveld et al., 2008). Given that the tem-
perature measurements often come directly from the sonic anemometer 
while water concentration measurements come from the open-path gas 
analyzer, separation could also indicate that energy balance non-closure 
at high RH conditions are more related to LE for open-path systems, thus 
justifying the HRHC correction in all cases, though more detailed studies 
would be required to confirm this hypothesis. 

The underestimation of LE at high RH implies also a likely systematic 
underestimation of interception evaporation, as rainfall coincides with 
high RH (van Dijk et al., 2015). We quantified the absolute and relative 
changes in corrected LE during rain events and during the following 3 h 
for the closed-path and enclosed path sites, showing that LE increased by 
11 W⋅m− 2 (0.38 mm/day in water flux units) and 16 W⋅m− 2 (0.55 
mm/day in water flux units) for the closed-path sites and enclosed-path 
sites, respectively (Figure S11). 

In summary, the most plausible explanations for the observed sys-
tematic variations of LER with RH are: (1) the underrepresentation of 

large-scale eddies due to mesoscale circulations causing an underesti-
mation of primarily H at the range of low to intermediate RH, and (2): 
remaining issues with spectral corrections causing underestimation of 
LE at the range of intermediate to high RH, which is much more severe 
for closed-path and enclosed-path compared to open-path systems. The 
proposed HRHC corrects the systematic LE underestimation at high RH 
to a typical energy balance closure level of the site, while it does not 
force full energy balance closure due to the expected biases in H, and to a 
lesser extent in LE, that are not accounted for (Fig. 4). The majority of 
the LE underestimation effect is expected to be dependent on the fre-
quency of maintaining/replacing tubes and filters, thus the proposed 
HRHC could be done in corresponding temporal segments if these dates 
would be available as metadata. The BRC method forces full closure 
assuming an unbiased Bowen ratio, while the above considerations 
make clear that there are systematic biases in the measured Bowen ratio 
along the RH gradient. As a consequence, LE corrected by the Bowen 
ratio still shows systematic biases with RH. Likewise, there is no theo-
retical justification for the residual approach (AEIL), especially for low 
and intermediate RH conditions that are most frequent overall. Thus, 
correcting LE according to AEIL causes overestimation of LE that seems 
implausible (Fig. 4, Jung et al., 2019) and can also deteriorate the cor-
respondence to sap flux measurements (Fig. 8). 

4.2. Effect of LE correction on T estimation 

The different influences of HRHC on T estimated by N18 and Z16 can 
be explained by the different mechanisms of the two algorithms (Fig. 7). 
While the N18 method allows WUE dynamics to be flexible in time, the 
flexible nature also comes with the risk of the method becoming sensi-
tive to errors in the training data (Nelson et al., 2018). For instance, N18 
trains a model on the WUEe (GPP/ET) during the growing seasons (GPP 
is greater than 0.05 μmol⋅C⋅m− 2⋅s− 1 for each half hour and greater than 
0.5 gC⋅m− 2⋅day− 1 for each day, in addition to TA being higher than 5 ◦C 
for each half hour) with dry surfaces. The mask for filtering the periods is 
not directly related to RH, but estimated from surface wetness instead. 
Therefore, the LE values at high RH conditions are also selected to train 
the model in the algorithm. Any errors in the estimated LE would in-
fluence in the calculated WUEe the model is trained on and would be 
reflected in the predicted WUE used to calculate T. In the case of high RH 
errors, the underestimated original LE would result in an overestimated 
predicted WUE and thus lower T estimates, meaning the estimated WUE 
from N18 is lower after applying HRHC at high RH (see Fig. 7). In 
contrast, for the Z16 method, T estimates are based on WUE calculated 
via an estimated slope between the LE (ET) and GPP which is predom-
inantly influenced by large fluxes, and thus the HRHC corrections which 
are mainly associated with small magnitudes have a minimal impact on 
the resulting T estimates. Therefore, the effects of the HRHC correction 
are primarily seen in the T/ET values, as the increases in ET from the 
correction are only seen in the denominator. In the case of the BRC 
correction, as all LE values are increased uniformly, both the N18 and 
Z16 methods attribute the increase to WUE and the T/ET ratios are 
relatively unchanged. 

Though the influence of the HRHC correction on T estimates is 
different among the two ET partitioning methods, the overall changes in 
estimated patterns of T are relatively small compared to other potential 
sources of uncertainty. The analysis with sap flow (Fig. 8) also supports 
this interpretation, as the correlation coefficients remain unchanged for 
the original, HRHC, and BRC correction methods across all RH bins, with 
the exception of the AEIL correction. Thus, in the context of T estima-
tions, the differences between most LE corrections are a small factor 
compared to the uncertainties in the scale differences when comparing 
sap flow and eddy covariance measurements. Likely a multifaceted 
approach, such as comparisons between LE and weighing lysimeters 
(Mauder et al., 2021; Paulus et al., 2021) and broader scale comparison 
between T estimates from EC and independent data sources, might have 
the potential to help understand the potential errors in EC-based T 
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estimates. 

5. Conclusion 

We analyzed the influence of gas analysis types for 163 sites in the 
FLUXNET2015 dataset on potential errors influencing the measured 
water vapor fluxes. Closed-path gas analyzers dominated the network 
until around the year 2000 when open-path gas analyzers became 
available and then widely used. We confirmed that the underestimation 
of hourly LE at high RH (RH > 70%) is observed in the FLUXNET2015, 
particularly with closed-path EC sites. We also reported that LE is 
underestimated, to a lesser extent, under high RH conditions at sites 
with open-path gas analyzers. While the systematic errors in closed-path 
systems found in the synthesis dataset are likely primarily attributed to 
tube effects, the underlying mechanisms for RH-related errors impacting 
all systems still need to be comprehensively investigated. 

The proposed High Relative Humidity Correction provides a flexible 
machine-learning approach to consistently correct LE estimates from 
different EC systems for the existing error at high RH conditions. In 
contrast, current methods to correct energy balance closure in the 
existing dataset, such as the Bowen ratio based energy balance closure 
and energy balance residual methods, close the energy budget but are 
not justified by the state-of-the-art understanding of the energy balance 
closure gap. The T estimates from two ET partitioning methods showed 
contracting responses to the LE corrections, however the changes were 
relatively small overall in magnitude, particularly when compared to the 
uncertainties of comparing EC and sap flow based estimates of T. 

In closing, the high RH errors in LE are present in the existing syn-
thesis and broadly used data, like the FLUXNET2015 dataset (the 
focused dataset of the current study). These errors will remain in future 
datasets if not correctly addressed by the setup (heating) of sensors and 
processing (spectral corrections) of data. For this reason, future studies 
based on energy fluxes should take these effects into consideration. In 
addition, it is advisable, whenever possible, to re-process the EC raw 
data by applying one of the available spectral corrections that take into 
consideration the RH, and in general, it is crucial to save and share the 
metadata related to the set-up (type of IRGA) and processing applied. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Data availability 

Data can be downloaded from the FLUXNET2015 and ICOS-2018 
websites. The code for applying High Relative Humidity Correction is 
in https://doi.org/10.5281/zenodo.7083230 

Acknowledgments 

We thank associated PIs for confirming the sensor types and spectral 
corrections. RP acknowledges support from the Spanish State Research 
Agency (DATAFORUSE, RTI2018–095297-J-I00) and the Alexander von 
Humboldt Foundation (Germany). AC thanks project ELEMENTAL (CGL 
2017–83538-C3–3-R, MINECO-FEDER). WW is supported by an 
Australian Research Council DECRA Fellowship (DE190101182). DP 
thanks for the support of the ENVRI-FAIR H2020 project (GA 824068). 
This work used eddy covariance data acquired and shared by the 
FLUXNET community, including these networks: AmeriFlux, AfriFlux, 
AsiaFlux, CarboAfrica, CarboEuropeIP, CarboItaly, CarboMont, China-
Flux, Fluxnet-Canada, GreenGrass, ICOS, KoFlux, LBA, NECC, OzFlux- 
TERN, TCOS-Siberia, TERENO, and USCCC. The ERA-Interim rean-
alysis data are provided by ECMWF and processed by LSCE. The 

FLUXNET eddy covariance data processing and harmonization were 
carried out by the European Fluxes Database Cluster, the AmeriFlux 
Management Project (supported by the U.S. Department of Energy’s 
Office of Science under Contract No. DE-AC02–05CH11231), and Flux-
data project of FLUXNET, with the support of CDIAC and ICOS 
Ecosystem Thematic Center, and the TERN OzFlux, ChinaFlux, and 
AsiaFlux offices. 

Supplementary materials 

Supplementary material associated with this article can be found, in 
the online version, at doi:10.1016/j.agrformet.2022.109305. 

References 

Amiro, B., 2009. Measuring boreal forest evapotranspiration using the energy balance 
residual. J. Hydrol. (Amst.) 366, 112–118. https://doi.org/10.1016/j. 
jhydrol.2008.12.021. 

Amiro, B.D., Barr, A.G., Black, T.A., Iwashita, H., Kljun, N., McCaughey, J.H., 
Morgenstern, K., Murayama, S., Nesic, Z., Orchansky, A.L., Saigusa, N., 2006. 
Carbon, energy and water fluxes at mature and disturbed forest sites, Saskatchewan, 
Canada. Agric. For. Meteorol. 136, 237–251. https://doi.org/10.1016/j. 
agrformet.2004.11.012. Advances in Surface-Atmosphere Exchange - A Tribute to 
Marv Wesely.  

Bonan, G.B., Williams, M., Fisher, R.A., Oleson, K.W., 2014. Modeling stomatal 
conductance in the earth system: linking leaf water-use efficiency and water 
transport along the soil–plant–atmosphere continuum. Geosci. Model Dev. 7, 
2193–2222. https://doi.org/10.5194/gmd-7-2193-2014. 

Breiman, L., 2001. Random Forests. Mach. Learn. 45, 5–32. https://doi.org/10.1023/A: 
1010933404324. 

Brötz, B., Eigenmann, R., Dörnbrack, A., Foken, T., Wirth, V., 2014. Early-morning flow 
transition in a valley in low-mountain terrain under clear-sky conditions. Boundary- 
Layer Meteorol. 152, 45–63. https://doi.org/10.1007/s10546-014-9921-7. 

Burba, G., Schmidt, A., Scott, R.L., Nakai, T., Kathilankal, J., Fratini, G., Hanson, C., 
Law, B., McDermitt, D.K., Eckles, R., Furtaw, M., Velgersdyk, M., 2012. Calculating 
CO2 and H2O eddy covariance fluxes from an enclosed gas analyzer using an 
instantaneous mixing ratio. Glob. Chang. Biol. 18, 385–399. https://doi.org/ 
10.1111/j.1365-2486.2011.02536.x. 

Burba, G.G., McDERMITT, D.K., Grelle, A., Anderson, D.J., Xu, L., 2008. Addressing the 
influence of instrument surface heat exchange on the measurements of CO2 flux 
from open-path gas analyzers. Glob. Chang. Biol. 14, 1854–1876. https://doi.org/ 
10.1111/j.1365-2486.2008.01606.x. 

Cammalleri, C., Rallo, G., Agnese, C., Ciraolo, G., Minacapilli, M., Provenzano, G., 2013. 
Combined use of eddy covariance and sap flow techniques for partition of ET fluxes 
and water stress assessment in an irrigated olive orchard. Agric. Water Manage., Soil 
Irrig. Sustain. Pract. 120, 89–97. https://doi.org/10.1016/j.agwat.2012.10.003. 

Chen, T., Guestrin, C., 2016. XGBoost: a scalable tree boosting system. In: Proceedings of 
the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data 
Mining, KDD ’16. Association for Computing Machinery, New York, NY, USA, 
pp. 785–794. https://doi.org/10.1145/2939672.2939785. 

Drought 2018 Team and ICOS Ecosystem Thematic Centre, 2020. Drought-2018 
Ecosystem Eddy Covariance Flux Product For 52 Stations in FLUXNET-Archive 
Format. https://doi.org/10.18160/YVR0-4898. 

Fisher, J.B., Melton, F., Middleton, E., Hain, C., Anderson, M., Allen, R., McCabe, M.F., 
Hook, S., Baldocchi, D., Townsend, P.A., Kilic, A., Tu, K., Miralles, D.D., Perret, J., 
Lagouarde, J.-.P., Waliser, D., Purdy, A.J., French, A., Schimel, D., Famiglietti, J.S., 
Stephens, G., Wood, E.F., 2017. The future of evapotranspiration: global 
requirements for ecosystem functioning, carbon and climate feedbacks, agricultural 
management, and water resources. Water Resour. Res. 53, 2618–2626. https://doi. 
org/10.1002/2016WR020175. 

Foken, T., 2008. The energy balance closure problem: an overview. Ecol. Appl. 18, 
1351–1367. https://doi.org/10.1890/06-0922.1. 
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Stojanović, M., Suárez, J.C., Sun, G., Szatniewska, J., Tatarinov, F., Tesař, M., 
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