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Abstract. The Tibetan Plateau (TP) is warming rapidly, with future projections suggesting continued warming
that may amplify climate–carbon feedbacks. However, sparse in-situ observations and pronounced spatial hetero-
geneity in vegetation, soil moisture, and climate have limited our understanding of these ecosystem responses.
Here, we present a continuous record of carbon and energy fluxes measured at a landscape scale (∼ 30 ha
(0.3 km2)) in an alpine steppe ecosystem on the TP from July 2018 to June 2019. The dataset yields a cumulative
net ecosystem exchange (NEE) of−12.6±16.4 g C m−2, indicating a near carbon-neutral budget. Flux measure-
ments were quality-filtered, retaining 33 %–44 % of high-quality data across fluxes, and gap-filled to produce a
complete seasonal record using two complementary approaches, marginal distribution sampling (MDS) and
random forest (RF), with RF outperforming MDS for all the fluxes. Eddy covariance measurements represent
integrated fluxes over their footprint area, which are often much smaller than most model grids or remote sens-
ing pixels, particularly in grassland ecosystems. Owing to the higher measurement height (19 m) at this site, the
footprint climatology (90 % source area≈ 280 000 m2) closely aligns with the spatial coverage of a Moderate
Resolution Imaging Spectroradiometer (MODIS) 500 m pixel (∼ 250000 m2), making this dataset particularly
suitable for future landscape-scale comparisons and satellite product validation. The data include quality flags in-
dicating observed or gap-filled values, uncertainty estimates, footprint diagnostics, and auxiliary meteorological
variables (air and soil temperature, soil moisture, radiation, relative humidity, vapour pressure deficit). The data
described in this manuscript provides a robust foundation for examining carbon–climate interactions in alpine
environments and supporting ecosystem modeling (https://doi.org/10.5880/GFZ.TKVR.2026.001, Pillai et al.,
2026).

1 Introduction

Recent advances in ecosystem monitoring increasingly em-
phasize flux measurements at larger spatial scales, enabling
better integration with satellite remote sensing products and
Earth system models (Joiner and Yoshida, 2021; Jung et
al., 2009; Turner et al., 2004; Wang et al., 2025a; Xiao et
al., 2011, 2012; Yuan et al., 2025). While plot (< 0.1 ha)

and ecosystem (< 10 ha) scale studies remain essential for
process-level understanding, landscape-scale (> 10 ha up to
several km2) observations are crucial for capturing spatial
heterogeneity and providing flux estimates that are represen-
tative at regional scales. The Tibetan Plateau (TP), with an
average elevation exceeding 4000 m a.s.l. (above sea level)
and covering more than 2.5 million km2 (Wu, 2001), presents
the world’s largest alpine grassland distribution area (Wang
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et al., 2021). Despite being in one of the most extreme envi-
ronmental conditions on Earth, these ecosystems play a vital
role in the exchange of water, energy, and carbon (Liu et al.,
2024), with an estimated vegetation carbon sequestration po-
tential of about 229.25 Tg from its alpine grasslands in 2020
(Cai et al., 2025) .

The eddy covariance (EC) technique is the most robust
and widely applied approaches for directly quantifying wa-
ter, energy, and carbon fluxes between the land surface and
the atmosphere (Aubinet et al., 2012; Baldocchi, 2014, 2020;
Burba and Anderson, 2010; Mauder et al., 2021). The avail-
ability of EC-based carbon flux observations accelerated the
research on the spatial dynamics of the biogeochemical pro-
cesses (Ma et al., 2025; Melaas et al., 2013; Wang et al.,
2020, 2021). By offering high-resolution, direct measure-
ments of carbon fluxes, EC observations have enabled more
detailed and accurate analysis of these dynamics and their in-
teractions with climate. Most EC flux measurements of the
grassland ecosystems are obtained from low measurement
heights (2–3 m above ground). The short vegetation height of
grasslands allows the use of lower towers, which are logisti-
cally simpler and more cost effective. However, this config-
uration limit the measurement footprint to small, localized
areas and may not adequately represent the spatial variability
needed for validation of satellite-derived flux products and
regional models (Chu et al., 2018).

Here, we present carbon (CO2) and energy flux mea-
sured with an EC system mounted at 19 m above ground
in an alpine steppe on the TP. The measurement height
substantially expanded the observational footprint, allow-
ing a broader assessment of landscape-scale ecosystem–
atmosphere exchanges in this unique high-altitude environ-
ment. The footprint covers a broader area that includes alpine
steppe with subtle vegetation density variations, more pro-
ductive and wetter patches near the lakeshore, and occasional
inclusion of the adjacent lake surface. By integrating across
the microtopographic and ecological heterogeneity charac-
teristic of alpine steppe ecosystems, these observations en-
able new assessments of flux variability at spatial scales rel-
evant to satellite remote sensing and ecosystem modelling.
Such landscape-scale flux measurements are essential for
validating satellite-derived carbon and energy flux products
and for constraining regional ecosystem models that seek to
capture spatial variability in land–atmosphere exchanges.

2 Materials and methods

2.1 Site description and measurements

The Nam Co Station for Multi-sphere Observation and Re-
search (NAMORS) is located about 220 km north of the Ti-
betan capital Lhasa (Fig. 1), on the southeast shore of the
Nam Co Lake (30°46′ N, 90°57′ E, 4730 m a.s.l.). Strong sea-
sonality with long, cold winters and short but moist summers
is the characteristic climate prevailing in the Nam Co region

(Köppen–Geiger: ET, Tundra). The mean daily temperature
ranged between−22 to 14 °C during the period 2006 to 2017
(Nieberding et al., 2020b). The mean annual temperature ob-
served according to the data from 2006 to 2017 was mostly
below zero and ranged from−1.6 to 0 °C. The monthly mean
temperature remained above zero in May, June, July, August,
and September in all the years. The majority of the precipita-
tion was observed from May to October (Anslan et al., 2020)
with peaks either in August, July, or September. The mean
annual precipitation is 405.6 mm, with the minimum and
maximum precipitation ranging from 291.1 mm (2015) and
568.8 mm (2010), respectively. The soil in the regions is typ-
ical alpine steppe soil with very low clay content (Zhu et al.,
2015), sustaining a mixed steppe vegetation with C3 species
like Stipa purpurea and Kobresia pygmaea with a very low
plant height of 1 to 10 cm. The growing season mostly starts
at the end of April or the beginning of May and extends till
September, with maximum biomass in late July or August.
The annual mean surface soil temperature in the study area
was found to be around 9.0 °C, with mean daily values rang-
ing from −20.1 to 34.8 °C. Surface soil moisture remained
low throughout 2006–2017, with maximum value reaching
up to 29 %.

The micro-meteorological station at NAMORS consists of
a 52 m tall planetary boundary layer (PBL) tower. The station
is equipped with instruments (Table 1) measuring air tem-
perature (Tair) and relative humidity (RH) at five different
levels (1.5, 2, 4, 10, 20 m), wind speed and wind direction
at three different levels (1.5, 10, 20 m), soil moisture (SMC)
and soil temperature (Tsoil) at six different depths (0, 10,
20, 40, 80, 160 cm), soil heat flux at two different depths
(10, 20 cm), radiation (short and long wave at 1.5 m), air pres-
sure, precipitation (PPTN), and a photosynthetic photon flux
density sensor (PPFD- from 2013). For detailed information
on instruments, see Ma et al. (2009).

The first long-term (2005–2019) eddy covariance dataset
of carbon and water fluxes from the same site, measured
at 3 m height (3 m EC), has been published by Nieberding
et al. (2020a, b). In this study, to evaluate the fluxes at a
larger spatial scale (landscape scale), a measurement unit
with a CSAT3 ultrasonic anemometer and Li-7500RS open-
path infrared gas analyser was installed on the PBL tower at
19 m a.g,l. (19 m EC) from July 2018 onwards (Pillai et al.,
2026). The source area of the 19 m EC measurement covers
a substantially broader area than that of the previously pub-
lished 3 m EC dataset, encompassing alpine steppe with sub-
tle vegetation density variations, more productive and wetter
patches near the lakeshore, and occasional inclusion of the
adjacent lake surface. These spatial differences in vegetation
and surface cover within the 19 m footprint are integral for
understanding how heterogeneity in the footprint composi-
tion influences the overall carbon dynamics within the alpine
steppe ecosystem (Chu et al., 2021; Tuovinen et al., 2019).
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Table 1. Meteorological variables measured at site Nam Co.

Meteorological Variable Unit Instrument
variables code

Air Temperature Tair °C Vaisala HMP 45D
Soil Temperature Tsoil °C Datamark PT100
Soil Moisture SMC % IMKO Trime EZ
Relative humidity RH % Vaisala HMP 45D
Vapour pressure deficit VPD hPa Derived
Wind direction WD deg from north Vaisala WAV151
Wind Speed WS m s−1 Vaisala WAA151
Incoming shortwave radiation Rg W m−2 Kipp&Zonen CNR1
Incoming long-wave radiation LWD W m−2 Kipp&Zonen CNR1
Net Radiation Rn W m−2 Kipp&Zonen CNR1
Ground heat flux G W m−2 Hukseflux

Figure 1. (A) The study area at the NAMORS station – SRTM DEM (SRTM DEM data by NASA and USGS, public domain), (B) Google
Earth imagery showing the location of the Nam Co station on the TP (© Google Earth), (C) the 95 % footprint climatology overlaid on the
colour-coded NDVI map derived from Sentinel 2 imagery acquired on 20 May 2019, (D) the eddy covariance (EC) measurement system at
Nam Co (Photo credit: Felix Nieberding) consisting of a CSAT3 ultra sonic anemometer and an LI-7500RS open path infrared gas analyzer,
(E) footprint contours representing the cumulative source area over the measurement period overlaid on Sentinel 2 imagery acquired on
20 May 2019 (Colour Infrared composite of the bands 8-4-3; Sentinel-2 imagery © Copernicus, European Union, ESA).
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2.2 Eddy covariance raw data processing and quality
filtering

The EC method quantifies the CO2 exchange between the
surface and the overlying atmosphere by measuring the co-
variance between fluctuations in vertical wind velocity and
CO2 mixing ratio (Baldocchi, 2003). The 10 Hz one-year
data acquired at the Nam Co site at a height of 19 m were
used to calculate the 30 min averaged fluxes of CO2 (NEE),
water vapor (H2O), sensible heat (H ), and latent heat (LE)
using the raw data processing software EddyPro (v7.0.9, LI-
COR Inc.). The standard EC correction procedures, like de-
spiking, coordinate rotation, detrending, data quality flag-
ging, lag time correction, frequency response correction-
s/spectral corrections, SND correction, and Webb–Pearman–
Leuning (WPL) corrections, were applied (Table 2).

The data quality flagging policy, according to Foken et
al. (2005) and Sabbatini et al. (2018), was used to remove
low-quality fluxes. The combined flag attains the values 0, 1,
and 2, where “0” is for best quality fluxes, “1” for fluxes suit-
able for general analysis, such as annual budgets, and “2” for
fluxes that should be discarded from the results dataset. Only
records with quality flags 0 and 1 were used for further pro-
cessing and analysis, and those with quality flag 2 were re-
tained in the data set but excluded from flux computation. In
addition, NEE were excluded when both the LE and H car-
ried a quality flag of 2, or when one of them had a flag of 2
and the other a flag of 1. This ensures that NEE is retained
only when the energy fluxes used in the WPL correction are
of sufficiently high quality, as low-quality H and LE mea-
surements can propagate errors into the corrected NEE.

To remove statistical outliers, an interquartile range (IQR)-
based filter was applied on a daily scale. Values out-
side the range defined by 1.5 times the IQR from
the first and third quartiles were considered outliers.
Further filtering was based on hard statistical flags
exported from EddyPro. Specifically, spike detection
flags (spikes_hf) and skewness and kurtosis diagnostic flags
from both the low-frequency (skewness_kurtosis_sf) and
high-frequency (skewness_kurtosis_hf) domains were used.
These flags were parsed to extract quality indicators for CO2,
H2O, and temperature signals. Only observations passing all
relevant statistical checks (i.e., flagged as 0) were retained
for each flux component. This multi-stage filtering process
ensured that only physically plausible and statistically robust
flux data were used in subsequent analyses.

As an additional quality control step, physiologically im-
plausible night-time NEE values were removed. Night-time
was defined as periods with incoming shortwave radia-
tion (Rg) equal to zero, during which photosynthetic CO2
uptake is not expected. NEE values less than zero under these
conditions, indicating apparent night-time net CO2 uptake
were considered non-physical and set to missing. This step
was implemented to avoid introducing artifacts into the sub-

sequent friction velocity (u∗) threshold estimation and flux
gap-filling procedures.

Periods with insufficient turbulent mixing were excluded
based on the u* threshold estimated using the bootstrapped
seasonal approach implemented in the REddyProc R pack-
age (Papale et al., 2006; Wutzler et al., 2018). This procedure
partitions the data into seasons and applies bootstrapping
within each season to derive a distribution of u∗ thresholds.
Thresholds were calculated for each season, based on 100
bootstrap samples. Three uncertainty scenarios (U05, U50,
U95) corresponding to the 5th, 50th, and 95th percentiles
of the u∗ distribution were extracted. The thresholds ranged
from 0.09 m s−1 (U05) to 0.36 m s−1 (U95) across seasons,
with the U50 values varying between 0.21 and 0.27 m s−1.
All three u∗ scenarios were retained and applied throughout
the flux processing workflow (gap-filling and partitioning),
allowing us to quantify uncertainty in annual and seasonal
estimates of ecosystem fluxes due to u∗ filtering.

2.3 Biometeorological data

The meteorological variables used for gap-filling the eddy
covariance-derived fluxes include Rg, Tair, vapour pressure
deficit (VPD), u∗, Tsoil, RH, and SMC. Several of these key
meteorological variables, particularly Tsoil, SMC, Rg, RH,
and VPD, contained long gaps during the winter months.
To ensure continuity in the meteorological variables, short
gaps were first filled using the Marginal Distribution Sam-
pling (MDS) method (Falge et al., 2001; Reichstein et al.,
2005), while longer gaps were filled using downscaled ERA5
reanalysis data tailored to the site level. Hourly data for
soil temperature, soil water content, radiation, and RH at
9 km grid scale were obtained from the ECMWF 5th gen-
eration (ERA5) reanalysis data (C3S, 2018; Copernicus Cli-
mate Change Service, 2019) and were linearly interpolated
to half-hourly intervals to match the temporal resolution of
EC flux measurements. These interpolated datasets were then
downscaled to the site level using in situ meteorological ob-
servations. Downscaling was achieved by developing empiri-
cal models based on overlapping periods between ERA5 and
observed site-level data. Linear regression models were used
for most variables. However, for cases where linear models
failed to capture nonlinear relationships, random forest (RF)
models were applied.

2.4 Gap filling and flux partitioning

Marginal distribution sampling (MDS) algorithm (Falge et
al., 2001; Reichstein et al., 2005) and RF (Breiman, 2001;
Stekhoven and Bühlmann, 2012) were used for gap filling.
To evaluate the accuracy of each method, we performed a
cross-validation approach by artificially masking 20 % of the
valid data for each flux variable (NEE, LE, and H ). We re-
peated this procedure 10 times with different random seeds.
Model predictions were then compared to the withheld true
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Table 2. Flux data processing modules used in the EddyPro software (v. 7.0.9, LI-COR Inc.).

Spike removal following Vickers and Mahrt (1997) with the following plausibility ranges:
vertical wind vector (W )= 10.0σ , CO2 = 7.0σ , H2O = 7.0σ , all other variable= 7.0σ

Skewness (skw) and kurtosis (kur) with the following hard-flag (hf) and soft-flag (sf):
skewness limit: hf=±2.0, sf=±1.0; kurtosis lower limit: hf= 1.0, sf= 2.0; kurtosis upper limit: hf= 8.0, sf= 5.0

Axis rotation: double rotation

Detrend method: linear detrending

Time lag correction method: covariance maximization

Correction for air density fluctuations: application of WPL terms to fluxes (Webb et al., 1980)

Spectral corrections: analytic high-pass filtering (Moncrieff et al., 2005) and analytic low-pass filtering
(Moncrieff et al., 1997)

Quality check: Mauder and Foken (2006) – (0-1-2 system)

Random uncertainty estimation: Finkelstein and Sims (2001)

Definition of the Integral turbulence scale (ITS): cross-correlation first crossing 1/e

Maximum correction period: 10.0 (s)

values using statistical metrics including root mean square
error (RMSE) and its standard deviation (SD).

2.4.1 Marginal distribution sampling (MDS)

The data gaps in the flux measurements after all quality con-
trols were filled using the REddyProc R package (Wutzler
et al., 2018) to apply the MDS gap-filling algorithms. This
approach fills gaps by identifying periods with similar me-
teorological conditions and temporal proximity, using both
the fluxes and driving environmental variables, thereby ac-
counting for temporal autocorrelation and conditional sim-
ilarity (Reichstein et al., 2005). The half-hourly NEE val-
ues were partitioned into gross primary productivity (GPP)
and ecosystem respiration (Reco) using the day time based
method of Lasslop et al. (2010), which uses the common rect-
angular hyperbolic light-response curve (Falge et al., 2001)
to model NEE. The method accounts for the temperature sen-
sitivity of Reco and includes VPD limitation on GPP.

2.4.2 Random Forest (RF)

High-altitude EC sites often experience substantial data gaps
following quality control filtering, due to harsh environmen-
tal conditions and limitations in instrument maintenance. Al-
though MDS is widely used as a standard method for gap-
filling in many flux networks, especially for short to medium
gaps, its accuracy may decline in the presence of longer
or more frequent gaps. In such cases, machine learning ap-
proaches like RF can offer improved performance by captur-
ing complex, nonlinear relationships between environmental
drivers and fluxes (Irvin et al., 2021; Kalhori et al., 2024). Al-
though originally developed for modelling tabular data, RF

has recently been applied to gap-filling flux data in EC re-
search (Wang et al., 2025b; Zhang et al., 2023). In this study,
RF-based gap filling was implemented using the missForest
package in R (Stekhoven and Bühlmann, 2012). The same
predictor variables used in the MDS method were applied,
allowing for a direct comparison of their performance under
similar conditions.

2.5 Uncertainty estimation

EC flux measurements are subject to uncertainties arising
from various sources. These include both systematic uncer-
tainty, due to limited sensor maintenance, and random uncer-
tainty, which arises from the stochastic nature of turbulence
and footprint variability (Loescher et al., 2006). To com-
prehensively characterize the overall uncertainty in the flux
estimates, we considered multiple components like random
flux error (RE), gap-filling model uncertainty (standard devi-
ation of the gap-filled estimate), and the friction velocity (u∗)
threshold uncertainty. RE associated with the measurements
was calculated using the mathematically rigorous and fully
implemented approach by Finkelstein and Sims (2001). Gap-
filling model uncertainty comes from the model structure
in the MDS gap-filling. The value reflects how confident
the gap-filling is under given meteorological conditions. The
u∗ threshold uncertainty arises from the uncertainty in select-
ing the friction velocity threshold, which affects the fraction
of data filtered and the subsequent gap-filling, thereby influ-
encing the final flux estimates.

For each half-hourly record, uncertainty was assigned us-
ing RE for observed fluxes and gap-filling standard devi-
ation for gap-filled values. These half-hourly uncertainties
were then propagated to daily and monthly sums using root-
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sum-of-squares error propagation, assuming independence
of components. The u* threshold uncertainty was reported
separately as the spread of flux estimates across different
threshold scenarios. This approach provides a robust char-
acterization of both statistical (measurement and gap-filling)
and methodological (u∗ threshold) uncertainties in the re-
ported carbon fluxes.

2.6 Footprint

The relative contribution from each element of the surface
area source/sink to the measured vertical flux at a specific
point in time, for specific atmospheric conditions and surface
characteristics, is termed “flux footprint” (Kljun et al., 2015;
Leclerc and Foken, 2014; Vesala et al., 2008). The measure-
ment height, along with surface roughness and wind direc-
tion, determines the dimension of the area contributing to a
given flux measurement. Above a homogenous surface and
under turbulent mixing conditions, the fluxes do not vary in
space and contribute equally to the flux strength; hence, the
height of a sensor should not influence the measurements.
However, the height of the sensor and atmospheric conditions
matter on an inhomogeneous surface because the measured
signal at the sensor depends on the part of the surface that
has the strongest influence (Schmid, 2002).

The major approaches used in footprint modelling include
analytical models, Lagrangian stochastic particle dispersion
model (LPDM), large eddy simulations (LES), and closure
models (Vesala et al., 2008). The current study used the Ko-
rmann and Meixner (KM) footprint model (more details in
Kormann and Meixner, 2001) to analyze the influence of
the source area on the measured fluxes. The KM model is
based on a modification of the analytical solution of the
advection-diffusion equation for power law profiles of the
mean wind velocity and eddy diffusivity. The model uses
parameters like EC measurement height (zm) in meter (m),
roughness length (z0) in m, mean wind speed (WS) in m s−1,
Monin–Obukhov length (L) in m, the standard deviation of
crosswinds (sv) in m s−1, friction velocity (ustar) in m s−1,
and wind direction (WD) in degrees (Table S1 in the Sup-
plement). All variables were obtained from the processed
EC data in EddyPro, except for z0, which was dynamically
calculated for each half-hourly period using the Kormann
and Meixner (2001) approach based on the measured ustar,
WS, WD, L, and zm with quality control flags applied to fil-
ter invalid values.

Half-hourly KM footprint probability matrices were gen-
erated and overlaid with the land cover map (Fig. S2). The
land cover map was created by visual interpretation of cloud-
free Sentinel-2 Level-1C (L1C) MSI imagery acquired for
the site. The data were downloaded for cloud-free dates from
Google Earth Engine. All bands were downloaded separately
and stacked into multi-band images across multiple dates to
facilitate visual comparison during digitisation. The base im-
age used for digitisation was acquired on 20 May 2019. Each

stacked image had a spatial resolution of 10 m. Digitization
of land cover units was performed on a colour infrared RGB
composite using bands 8 (Near Infrared; 833 nm), 4 (Red;
665 nm), and 3 (Green; 560 nm). For each half-hourly pe-
riod, the footprint probability of each pixel was multiplied
by a binary mask of each land cover class (1 if the pixel
belongs to that class, 0 otherwise), and the weighted values
were summed over all pixels to calculate the fractional con-
tribution of each class to the total footprint area.

2.7 Energy balance closure

Energy balance closure (EBC) was calculated using the tur-
bulent fluxes (H+LE) and the available (Rn−G) energy us-
ing the 30 min measurements. Observations from the grow-
ing season were used for the calculation. Net radiation (Rn)
was calculated from the incoming and outgoing shortwave
and long-wave radiation. The incoming long-wave radia-
tion (LWD) was unavailable due to sensor failure for the
entire published dataset period. In order to provide an esti-
mate of the energy balance closure during this period, we es-
timated LWD following the approach of Brutsaert (1975), us-
ing Tair, RH, and cloud cover fraction (estimated using Rg).
The method was tested and calibrated using the period dur-
ing which LWD at the site was available (2006–2017). The
ground heat flux (G) measurements were shifted forward by
30 min, taking the soil measurement lag into consideration
(Li et al., 2015).

For the published dataset period, the EBC at the study site
showed 75 % closure. This is consistent with previously and
recently published results from the Nam Co region: Bier-
mann et al. (2014): 70 %, Li et al. (2015): 78 %, and Wang et
al. (2026): 82.8 %. The small variations between these values
could be likely due to the different measurement footprints in
the complex heterogeneous terrain at Nam Co. These values
fall within the energy balance closure range (60 % to 90 %)
reported for EC systems in complex and heterogeneous ter-
rain (Foken, 2008; Foken et al., 2011; Twine et al., 2000; Yao
et al., 2011).

3 Results

3.1 Data and quality filtering

The data described in this article extend from 14 July 2018
to 8 June 2019, with all times reported in China Standard
Time (CST, UTC+8). Raw data coverage was high (91 %–
93 % for NEE,LE, andH ), but decreased progressively with
each QA/QC step. The fractions of best quality data retained
after all quality filtering were 32.8 %, 43.8 %, and 35.1 % for
NEE, LE, and H , respectively. Figure 2 illustrates the data
availability of NEE and energy fluxes, and Table S2 sum-
marizes the percentage of data retained after each filtering
stage, providing a transparent record of dataset quality and
reuse potential.
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Figure 2. Time series of half-hourly fluxes from July 2018 to June 2019. (a) Net ecosystem exchange (NEE), (b) latent heat flux (LE), and
(c) sensible heat flux (H ). For each flux, the black points represent the original measured values, while the grey points indicate gap-filled
fluxes using marginal distribution sampling (MDS). The dashed red vertical lines indicate the start of 2019. Units are µmol m−2 s−1 for NEE
and W m−2 for LE and H . To enhance visual clarity, the y axis was truncated. The values outside the displayed range are omitted from the
figure but remain included in the dataset and analysis.

The dataset also includes site-measured meteorological
variables, meteorology from ERA5 reanalysis data, and the
ERA5 meteorology data downscaled to the site level. The
temporal coverage of site-measured variables, mainly soil
parameters (Tsoil, SMC), RH, VPD, and Rg was approx-
imately 50 % or higher, with longer gaps during winter
months. To provide continuous coverage, these measure-
ments are complemented by downscaled ERA5 estimates at
the site level. The downscaled estimates showed a strong
agreement with observed site-level measurements, with R2

values exceeding 0.93. The RMSEs of the downscaled Tsoil,
SMC, Rg, RH, and VPD were 0.58 °C, 0.002 %, 116 W m−2,
3.41 %, and 0.65 hPa, respectively (Fig. S1 in the Supple-
ment, Table S3). These results indicate that the gap-filled me-
teorological data reliably capture site-level conditions.

3.2 Gap filling

Among the two gap-filling methods (MDS & RF) evalu-
ated, RF consistently outperformed MDS across all flux
variables (NEE, LE, and H ). The accuracy of the gap-

filling methods was summarized in Table S4. For NEE,
the mean RMSE decreased from 0.66± 0.04 µmol m−2 s−1

with MDS to 0.52± 0.06 µmol m−2 s−1 with RF. For energy
fluxes, the mean RMSE declined from 29.13±0.67 W m−2 to
4.42±0.59 W m−2 for LE, and from 18.55±0.74 W m−2 to
10.54± 0.46 W m−2 for H . Both MDS-based and RF-based
gap-filled values are included in the dataset, with quality
flags indicating whether values are observed or gap-filled.

3.3 Source area contribution

The overall footprint contributions during the study pe-
riod, based on the half-hourly data, indicated that the main
steppe (MSteppe) was the dominant source area, accounting
for 69.4± 22.3 % (mean±SD) of the flux footprint. Lake
surfaces, vegetation on the lake shore, and the vegetation on
SW contributed 14.4± 16.6 %, 6.9± 5.8 %, and 6.2± 6.0 %
respectively (Table 3). The spatial distribution of each land
cover class used in the footprint analysis is shown in Fig. S2.
The wind-sector weighted footprint contributions (Fig. 3) il-
lustrate how the relative importance of each land cover class
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Table 3. Overall contributions of land cover classes to the
eddy covariance flux footprint at the 19 m tower. Values are re-
ported as mean± standard deviation (SD, %), based on filtered
data with best quality flag (qc_flag= 0). MSteppe=Main Steppe;
SW=Southwest. The corresponding wind-sector polar plot (Fig. 3)
illustrates how these contributions vary with wind direction.

Land cover class Fraction of footprint (%)

MSteppe 69.4± 22.3
Lake 14.4± 16.6
Lake Shore 6.9± 5.8
Vegetation SW 6.2± 6.0
Others 0.7± 2.0
Station 2.3± 3.4

Figure 3. Wind-sector weighted footprint contributions of land
cover classes to the eddy covariance fluxes at the 19 m tower. Each
sector represents an 8-point compass division of wind directions.
The radial length shows the percentage contribution of each land
cover class to the flux footprint, and stacked colours indicate the rel-
ative percentage contribution of different land cover classes within
each wind sector. Data were filtered for qc_flag= 0.

varies with wind direction. The relatively large standard de-
viations reflect high temporal variability in source area con-
tributions, driven by changes in wind direction and atmo-
spheric stability. Footprint distances indicate that the me-
dian contribution (d50) originated from 351 m, with 80 % of
the flux (d80) captured within 784 m and 90 % (d90) within
1.28 km of the tower, demonstrating the landscape-scale rep-
resentativeness of the measurements.

3.4 Flux uncertainty estimation

Half-hourly NEE uncertainties, combining RE and gap-
filling uncertainty (NEE_U50_fsd), exhibited clear diur-
nal and seasonal patterns (Fig. 4a). The RE remained
lower than the NEE_U50_fsd with medians of 0.43 and
0.67 µmol m−2 s−1, respectively. A similar pattern was ob-
served for LE (RE= 7.10 and LE_U50_fsd= 28.61 W m−2)
and H (RE= 3.86 and H_U50_fsd= 23.90 W m−2).

During the growing months (May, June, July, August,
and September), mid-daytime (10–14 h) uncertainties aver-
aged 1.34 µmol m−2 s−1, compared to 0.43 µmol m−2 s−1 in
winter (October - April). Nighttime (Rg< 5) uncertainties
were lower overall and showed smaller seasonal differences
(GS mean 0.66 vs. winter mean 0.43 µmol m−2 s−1). These
results indicate that measurement and gap-filling uncertain-
ties are generally higher during periods of high flux activity
(daytime in the growing season) and lower at night and in
winter. A full set of descriptive statistics is provided in Ta-
ble S5.

Daily uncertainties, propagated from half-hourly values
using root-sum-of-squares, were smaller than half-hourly
values, with a mean of 0.11 µmol m−2 s−1, a median of
0.09 µmol m−2 s−1, and a maximum of 0.63 µmol m−2 s−1

(Fig. 4b). The interquartile range of half-hourly NEE (grey
ribbons in Fig. 4a) was consistently larger than the statisti-
cal uncertainty, particularly during the growing season, high-
lighting the contribution of natural variability to overall flux
dynamics.

Similar diurnal and seasonal patterns of uncertainty were
observed for LE andH (Figs. S3 and S4), with higher uncer-
tainties during the growing season and generally lower values
in the non-growing season. During the growing season, day-
time uncertainties exceeded nighttime values, whereas in the
non-growing season, nighttime uncertainties were compara-
ble to or slightly higher than daytime values.

Methodological uncertainty associated with the u∗ thresh-
old exhibited distinct seasonal behaviour (Fig. 5). For NEE
and H , u∗ threshold-related uncertainty was highest during
winter. In contrast, for LE, u∗ threshold-related uncertainty
was present throughout the year but increased during peri-
ods of active surface–atmosphere exchange. Overall, statis-
tical uncertainty dominated during periods of active fluxes,
whereas methodological uncertainty could exceed statistical
uncertainty for NEE and H in winter.

4 Discussion

4.1 Data quality, gap-filling and uncertainty

The dataset presented here provides a continuous record of
carbon and energy fluxes from an alpine steppe environ-
ment on the Tibetan Plateau, measured at 19 m a.g.l. to cap-
ture landscape-scale processes. Overall, the data exhibit high
quality and completeness, despite the harsh climate and lo-

Earth Syst. Sci. Data, 18, 5627–5641, 2026 https://doi.org/10.5194/essd-18-5627-2026



N. D. Pillai et al.: A year-long eddy covariance dataset over an Alpine Steppe on the central Tibetan Plateau 5635

Figure 4. (a) Diurnal cycle of net ecosystem exchange (NEE) for each month from July 2018 to June 2019. The orange line represents the
mean gap-filled NEE (U50). Blue shaded ribbons indicate ±1σ combined uncertainty, including both random measurement error and gap-
filling uncertainty. Grey shaded ribbons show the interquartile range (25th–75th percentile) of half-hourly NEE values, reflecting day-to-day
variability; (b) daily mean net ecosystem exchange (NEE) from July 2018 to June 2019. The orange line represents the daily mean gap-filled
flux (U50). Blue shaded ribbons indicate the propagated daily uncertainty, combining random measurement error and gap-filling uncertainty.

gistical constraints typical of high-altitude regions. The raw
data coverage exceeded 90 % across all fluxes, but subse-
quent filtering and quality control reduced the proportion of
high-quality fluxes to around one-third to one-half of the to-
tal, which is in line with the reductions typically reported for
alpine eddy covariance datasets (Hiller et al., 2008; Nieberd-
ing et al., 2020a). While this reduction highlights the chal-
lenges of ensuring reliable measurements in complex envi-
ronments, the provision of detailed quality flags alongside
each flux value allows users to tailor data usage according to
their specific needs.

Among the two widely adopted gap-filling methods,
RF consistently outperformed MDS across all flux variables,
reducing root mean square errors by 20 %–80 % depend-
ing on the flux. This improvement likely reflects the ability
of RF to capture non-linear relationships between fluxes and
their drivers when the gaps are large (Irvin et al., 2021). Al-

though RF produced more accurate gap-filled values in this
case, MDS remains a valuable method, especially due to its
wide adoption in FLUXNET and other synthesis efforts. By
including both MDS and RF-based gap-filled values in the
dataset, we allow users to choose the approach most appro-
priate for their intended analyses.

Uncertainty analyses revealed distinct seasonal and diur-
nal patterns, with higher uncertainties during the growing
season and daytime, when fluxes are largest and most vari-
able (Richardson et al., 2006). Statistical uncertainties from
random error and gap-filling were generally dominant, but
methodological uncertainty related to the u∗ threshold be-
came more important during winter for NEE andH , and dur-
ing periods of active surface–atmosphere exchange for LE.
While daily aggregations substantially reduced uncertainty,
caution is necessary when interpreting short-term flux vari-
ability. The inclusion of multiple uncertainty estimates in this
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Figure 5. Monthly aggregated fluxes at the Nam Co site from August 2018 to May 2019: (a) net ecosystem exchange of CO2 (NEE, g C m−2

per month), (b) latent heat flux (LE, W m−2), and (c) sensible heat flux (H , W m−2). Shaded blue ribbons indicate the spread between the
5 % and 95 % u∗ filtering scenarios. Orange (NEE), green (LE), and red (H ) lines and points represent the median estimate (50 % scenario).
Vertical error bars denote the total monthly uncertainty, including random error and gap-filling uncertainty. Grey background shading high-
lights the non-growing season (NGS, October–April), while unshaded periods represent the growing season (GS, May–September). Partial
months (July 2018 and June 2019) were omitted to avoid bias.

dataset enhances its value for model benchmarking and data–
model integration, providing users with the flexibility to ac-
count for different error sources.

4.2 Footprint analysis and implications

The footprint analysis ensures that the dataset is representa-
tive of the target ecosystem type, the “alpine main steppe”.
At the same time, contributions from adjacent surfaces, in-
cluding lake water, shoreline vegetation, and mixed south-
west vegetation, accounted for approximately 25 %–30 % of
the footprint. These secondary sources may influence cer-
tain flux components, particularly latent heat fluxes, due to
differences in surface energy balance between steppe and
aquatic environments. The NW sector remained inherently
mixed (MSteppe, Lake, Lake Shore), with a considerable
contribution from lake (14.4± 16.6 %, mean±SD over the

study period). For half-hours when the footprint is dominated
by mixed contributions (e.g., the NW sector), the flux sig-
nal cannot be decomposed into surface-type-specific com-
ponents without introducing additional assumptions. How-
ever, the footprint contribution diagnostics included in the
dataset allow users to identify and select time periods where
the footprint is dominated by a single class such as MSteppe,
enabling flux estimates that are effectively representative of
that surface type alone. In contrast, lake and lake shore are
almost never the dominant contributor to the footprint on
their own, so flux estimates specific to these surfaces can-
not be reliably isolated from this dataset. We note that this
filtering approach is optional and intended for users seeking
surface-specific flux estimates. Since footprint-dominant pe-
riods are linked to wind direction, removing non MSteppe
timestamps creates gaps that are not random but clustered
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by wind sector. Gap-filling such clustered, extended gaps is
more uncertain than gap-filling the short, scattered gaps in
the original dataset. Users should account for this added un-
certainty when calculating cumulative or aggregated fluxes
from a filtered subset.

The footprint distances (median ∼ 350 m, 80 % within ∼
780 m, 90 % within∼ 1200 m) are consistent with landscape-
scale representativeness and align with expectations for low-
roughness open steppe environments. The spatial scale of the
measurements integrates a greater degree of land cover het-
erogeneity compared to the 3 m EC system previously oper-
ated at this site (Nieberding et al., 2020a), whose smaller,
more homogeneous footprint primarily sampled the main
steppe area alone. Unlike the typical EC system on grass-
lands, which represents a smaller footprint area, the larger
footprint achieved by the current measurement setup allows
for a more representative comparison and validation with
satellite GPP products such as Moderate Resolution Imaging
Spectroradiometer (MODIS). The area encompassing 90 %
of the footprint climatology over the study period corre-
sponds to a source area of approximately 280 000 m2, closely
matching the area of a single MODIS pixel (∼ 250000 m2),
making the dataset a valuable resource for potential data
users. Spatial representativeness may vary under wind direc-
tions or stability conditions. The inclusion of footprint diag-
nostics and the input variables needed to derive footprints in
the dataset allows users to evaluate this variability directly
for their specific applications. The larger footprint, together
with the auxiliary meteorological variables provided in this
dataset, further supports its use in land surface and ecosys-
tem models requiring landscape-scale representation of veg-
etation, soil moisture, and temperature heterogeneity.

Taken together, the dataset provides a transparent and
high-quality record of ecosystem–atmosphere exchanges in
a sparsely monitored region. Its strengths include high raw
data coverage, the application of two complementary gap-
filling approaches, detailed footprint characterization, and a
thorough assessment of uncertainties. These elements ensure
that the dataset provides a reliable reference for short-term
analyses of carbon and energy dynamics in high-elevation
grassland systems on the TP and forms a valuable founda-
tion for future long-term monitoring efforts.

Scale mismatch continues to be one of the major issues
in model-data integration and satellite validation. The mag-
nitude and sign of biases associated with relating individ-
ual tower footprints to the spatial extent of model or satel-
lite data products vary considerably across sites, with fixed-
extent approaches introducing errors of 4 %–20 % for EVI
and 6 %–20 % for dominant land-cover (Chu et al., 2021).
By capturing a larger footprint through 19 m measurement
height at this site, the dataset reduces spatial mismatch be-
tween the flux footprint and commonly used satellite prod-
ucts such as MODIS, providing flux observations that are
more comparable to the MODIS grid cell (105–106 m2).

This improves their suitability for satellite-product evalua-
tion, model benchmarking, and upscaling studies.

5 Code and data availability

The data set and the R scripts were uploaded to
GFZ Data Services and will be freely available at
https://doi.org/10.5880/GFZ.TKVR.2026.001 (Pillai et al.,
2026). The data sets are published under a Creative Com-
mons Attribution 4.0 International (CC BY 4.0) license.

6 Conclusion

Here, we present a continuous record of carbon and energy
fluxes measured at a landscape scale in an alpine steppe
ecosystem on the Tibetan Plateau, covering the period from
July 2018 to June 2019. Despite the challenges of eddy co-
variance measurements in this harsh environment, rigorous
quality control ensured the reliability of the dataset. Along-
side fluxes with accompanying quality flags, the dataset
includes results from dual gap-filling approaches, detailed
half-hourly footprint characterization, auxiliary meteorologi-
cal measurements, and comprehensive uncertainty estimates,
providing transparency and usability for diverse applications.
Data are provided at three temporal resolutions (half-hourly,
daily, and monthly) for fluxes, along with separate datasets
for site meteorology and ERA5 reanalysis data. By integrat-
ing across the heterogeneous alpine steppe landscape, this
dataset fills a critical observational gap in one of the world’s
most climate-sensitive regions and provides a robust foun-
dation for ecosystem process studies, model evaluation, and
satellite product validation.

Supplement. The supplement related to this article is available
online at https://doi.org/10.5194/essd-18-5627-2026-supplement.

Author contributions. NP, CW, MH, and TS conceptualized the
study. NP and CW processed the raw data and did the quality con-
trol. FN contributed to instrumentation, data acquisition. TS con-
ceived the project, acquired funding, and supervised the project.
NP carried out the investigation, formal analysis, visualization, and
preparation of the original draft. All authors contributed to review-
ing and editing the original draft.

Competing interests. The contact author has declared that none
of the authors has any competing interests.

Disclaimer. Publisher’s note: Copernicus Publications remains
neutral with regard to jurisdictional claims made in the text, pub-
lished maps, institutional affiliations, or any other geographical rep-
resentation in this paper. The authors bear the ultimate responsibil-
ity for providing appropriate place names. Views expressed in the

https://doi.org/10.5194/essd-18-5627-2026 Earth Syst. Sci. Data, 18, 5627–5641, 2026

https://doi.org/10.5880/GFZ.TKVR.2026.001
https://doi.org/10.5194/essd-18-5627-2026-supplement


5638 N. D. Pillai et al.: A year-long eddy covariance dataset over an Alpine Steppe on the central Tibetan Plateau

text are those of the authors and do not necessarily reflect the views
of the publisher.

Acknowledgements. We thank Yaoming Ma for supporting field
work logistics and permitting and for the opportunity to mount ad-
ditional sensors on the PBL tower.

To enhance the language and legibility of the manuscript, the
authors used ChatGPT (https://chatgpt.com/, last access: Novem-
ber 2025). The output of this service was reviewed and edited by
the authors as needed. The authors take full responsibility for the
content of the presented manuscript.

Financial support. This research has been supported by the
Deutscher Akademischer Austauschdienst, German Academic
Exchange Service New Delhi (grant no. 57597951). Nithin D. Pillai
was supported by the DAAD Graduate School Scholarship Pro-
gramme (GSSP). This research is a contribution to the International
Research Training Group “Geoecosystems in transition on the
Tibetan Plateau (TransTiP)”, funded by the Deutsche Forschungs-
gemeinschaft (DFG) (grant no. 317513741/GRK 2309).

The article processing charges for this open-access
publication were covered by the GFZ Helmholtz Centre
for Geosciences.

Review statement. This paper was edited by Birgit Heim and re-
viewed by Thomas Foken and one anonymous referee.

References

Anslan, S., Azizi Rad, M., Buckel, J., Echeverria Galindo, P., Kai,
J., Kang, W., Keys, L., Maurischat, P., Nieberding, F., Reinosch,
E., Tang, H., Tran, T. V., Wang, Y., and Schwalb, A.: Reviews
and syntheses: How do abiotic and biotic processes respond to
climatic variations in the Nam Co catchment (Tibetan Plateau)?,
Biogeosciences, 17, 1261–1279, https://doi.org/10.5194/bg-17-
1261-2020, 2020.

Aubinet, M., Vesala, T., and Papale, D. (Eds.): Eddy Covari-
ance: A Practical Guide to Measurement and Data Analysis,
Springer Netherlands, Dordrecht, https://doi.org/10.1007/978-
94-007-2351-1, 2012.

Baldocchi, D.: Measuring fluxes of trace gases and energy between
ecosystems and the atmosphere – the state and future of the
eddy covariance method, Global Change Biol., 20, 3600–3609,
https://doi.org/10.1111/gcb.12649, 2014.

Baldocchi, D. D.: Assessing the eddy covariance technique
for evaluating carbon dioxide exchange rates of ecosystems:
past, present and future, Global Change Biol., 9, 479–492,
https://doi.org/10.1046/j.1365-2486.2003.00629.x, 2003.

Baldocchi, D. D.: How eddy covariance flux measure-
ments have contributed to our understanding of Global
Change Biology, Global Change Biol., 26, 242–260,
https://doi.org/10.1111/gcb.14807, 2020.

Biermann, T., Babel, W., Ma, W., Chen, X., Thiem, E., Ma,
Y., and Foken, T.: Turbulent flux observations and modelling

over a shallow lake and a wet grassland in the Nam Co
basin, Tibetan Plateau, Theor. Appl. Climatol., 116, 301–316,
https://doi.org/10.1007/s00704-013-0953-6, 2014.

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

Brutsaert, W.: On a derivable formula for long-wave radia-
tion from clear skies, Water Resour. Res., 11, 742–744,
https://doi.org/10.1029/WR011i005p00742, 1975.

Burba, G. G. and Anderson, D. J.: A Brief Practical Guide to Eddy
Covariance Flux Measurements: Principles and Workflow Ex-
amples for Scientific and Industrial Applications, LI-COR Bio-
sciences, https://doi.org/10.13140/RG.2.1.1626.4161, 2010.

Cai, W., Xu, L., Wen, D., Zhou, Z., Li, M., Wang, T., and He,
N.: The carbon sequestration potential of vegetation over the
Tibetan Plateau, Renew. Sustain. Energ. Rev., 207, 114937,
https://doi.org/10.1016/j.rser.2024.114937, 2025.

Chu, H., Baldocchi, D. D., Poindexter, C., Abraha, M., Desai, A. R.,
Bohrer, G., Arain, M. A., Griffis, T., Blanken, P. D., O’Halloran,
T. L., Thomas, R. Q., Zhang, Q., Burns, S. P., Frank, J. M.,
Christian, D., Brown, S., Black, T. A., Gough, C. M., Law,
B. E., Lee, X., Chen, J., Reed, D. E., Massman, W. J., Clark,
K., Hatfield, J., Prueger, J., Bracho, R., Baker, J. M., and Mar-
tin, T. A.: Temporal Dynamics of Aerodynamic Canopy Height
Derived From Eddy Covariance Momentum Flux Data Across
North American Flux Networks, Geophys. Res. Lett., 45, 9275–
9287, https://doi.org/10.1029/2018GL079306, 2018.

Chu, H., Luo, X., Ouyang, Z., Chan, W. S., Dengel, S., Biraud,
S. C., Torn, M. S., Metzger, S., Kumar, J., Arain, M. A., Arke-
bauer, T. J., Baldocchi, D., Bernacchi, C., Billesbach, D., Black,
T. A., Blanken, P. D., Bohrer, G., Bracho, R., Brown, S., Brun-
sell, N. A., Chen, J., Chen, X., Clark, K., Desai, A. R., Du-
man, T., Durden, D., Fares, S., Forbrich, I., Gamon, J. A.,
Gough, C. M., Griffis, T., Helbig, M., Hollinger, D., Humphreys,
E., Ikawa, H., Iwata, H., Ju, Y., Knowles, J. F., Knox, S. H.,
Kobayashi, H., Kolb, T., Law, B., Lee, X., Litvak, M., Liu,
H., Munger, J. W., Noormets, A., Novick, K., Oberbauer, S.
F., Oechel, W., Oikawa, P., Papuga, S. A., Pendall, E., Prajap-
ati, P., Prueger, J., Quinton, W. L., Richardson, A. D., Rus-
sell, E. S., Scott, R. L., Starr, G., Staebler, R., Stoy, P. C.,
Stuart-Haëntjens, E., Sonnentag, O., Sullivan, R. C., Suyker, A.,
Ueyama, M., Vargas, R., Wood, J. D., and Zona, D.: Representa-
tiveness of Eddy-Covariance flux footprints for areas surround-
ing AmeriFlux sites, Agr. Forest Meteorol., 301–302, 108350,
https://doi.org/10.1016/j.agrformet.2021.108350, 2021.

Copernicus Climate Change Service: ERA5-Land monthly aver-
aged data from 1950 to present, Copernicus Climate Change Ser-
vice [data set], https://doi.org/10.24381/CDS.68D2BB30, 2019.

C3S: ERA5 hourly data on single levels from 1940 to present, C3S
[data set], https://doi.org/10.24381/CDS.ADBB2D47, 2018.

Falge, E., Baldocchi, D., Olson, R., Anthoni, P., Aubinet, M.,
Bernhofer, C., Burba, G., Ceulemans, R., Clement, R., Dol-
man, H., Granier, A., Gross, P., Grünwald, T., Hollinger, D.,
Jensen, N.-O., Katul, G., Keronen, P., Kowalski, A., Lai, C.
T., Law, B. E., Meyers, T., Moncrieff, J., Moors, E., Munger,
J. W., Pilegaard, K., Rannik, Ü., Rebmann, C., Suyker, A.,
Tenhunen, J., Tu, K., Verma, S., Vesala, T., Wilson, K., and
Wofsy, S.: Gap filling strategies for defensible annual sums of
net ecosystem exchange, Agr. Forest Meteorol., 107, 43–69,
https://doi.org/10.1016/S0168-1923(00)00225-2, 2001.

Earth Syst. Sci. Data, 18, 5627–5641, 2026 https://doi.org/10.5194/essd-18-5627-2026

https://chatgpt.com/
https://doi.org/10.5194/bg-17-1261-2020
https://doi.org/10.5194/bg-17-1261-2020
https://doi.org/10.1007/978-94-007-2351-1
https://doi.org/10.1007/978-94-007-2351-1
https://doi.org/10.1111/gcb.12649
https://doi.org/10.1046/j.1365-2486.2003.00629.x
https://doi.org/10.1111/gcb.14807
https://doi.org/10.1007/s00704-013-0953-6
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1029/WR011i005p00742
https://doi.org/10.13140/RG.2.1.1626.4161
https://doi.org/10.1016/j.rser.2024.114937
https://doi.org/10.1029/2018GL079306
https://doi.org/10.1016/j.agrformet.2021.108350
https://doi.org/10.24381/CDS.68D2BB30
https://doi.org/10.24381/CDS.ADBB2D47
https://doi.org/10.1016/S0168-1923(00)00225-2


N. D. Pillai et al.: A year-long eddy covariance dataset over an Alpine Steppe on the central Tibetan Plateau 5639

Finkelstein, P. L. and Sims, P. F.: Sampling error in eddy corre-
lation flux measurements, J. Geophys. Res., 106, 3503–3509,
https://doi.org/10.1029/2000jd900731, 2001.

Foken, T.: The energy balance closure problem: an overview, Ecol.
Appl., 18, 1351–1367, https://doi.org/10.1890/06-0922.1, 2008.

Foken, T., Göockede, M., Mauder, M., Mahrt, L., Amiro, B., and
Munger, W.: Post-Field Data Quality Control, in: Handbook of
Micrometeorology, vol. 29, edited by: Lee, X., Massman, W.,
and Law, B., Kluwer Academic Publishers, Dordrecht, 181–208,
https://doi.org/10.1007/1-4020-2265-4_9, 2005.

Foken, T., Aubinet, M., Finnigan, J. J., Leclerc, M. Y.,
Mauder, M., and Paw U, K. T.: Results Of A Panel
Discussion About The Energy Balance Closure Correction
For Trace Gases, B. Am. Meteorol. Soc., 92, ES13–ES18,
https://doi.org/10.1175/2011BAMS3130.1, 2011.

Hiller, R., Zeeman, M. J., and Eugster, W.: Eddy-Covariance
Flux Measurements in the Complex Terrain of an Alpine
Valley in Switzerland, Bound.-Lay. Meteorol., 127, 449–467,
https://doi.org/10.1007/s10546-008-9267-0, 2008.

Irvin, J., Zhou, S., McNicol, G., Lu, F., Liu, V., Fluet-Chouinard,
E., Ouyang, Z., Knox, S. H., Lucas-Moffat, A., Trotta, C., Pa-
pale, D., Vitale, D., Mammarella, I., Alekseychik, P., Aurela, M.,
Avati, A., Baldocchi, D., Bansal, S., Bohrer, G., Campbell, D.
I., Chen, J., Chu, H., Dalmagro, H. J., Delwiche, K. B., De-
sai, A. R., Euskirchen, E., Feron, S., Goeckede, M., Heimann,
M., Helbig, M., Helfter, C., Hemes, K. S., Hirano, T., Iwata,
H., Jurasinski, G., Kalhori, A., Kondrich, A., Lai, D. Y., Lo-
hila, A., Malhotra, A., Merbold, L., Mitra, B., Ng, A., Nilsson,
M. B., Noormets, A., Peichl, M., Rey-Sanchez, A. C., Richard-
son, A. D., Runkle, B. R., Schäfer, K. V., Sonnentag, O., Stuart-
Haëntjens, E., Sturtevant, C., Ueyama, M., Valach, A. C., Var-
gas, R., Vourlitis, G. L., Ward, E. J., Wong, G. X., Zona, D.,
Alberto, Ma. C. R., Billesbach, D. P., Celis, G., Dolman, H., Fri-
borg, T., Fuchs, K., Gogo, S., Gondwe, M. J., Goodrich, J. P.,
Gottschalk, P., Hörtnagl, L., Jacotot, A., Koebsch, F., Kasak, K.,
Maier, R., Morin, T. H., Nemitz, E., Oechel, W. C., Oikawa, P.
Y., Ono, K., Sachs, T., Sakabe, A., Schuur, E. A., Shortt, R., Sul-
livan, R. C., Szutu, D. J., Tuittila, E.-S., Varlagin, A., Verfail-
lie, J. G., Wille, C., Windham-Myers, L., Poulter, B., and Jack-
son, R. B.: Gap-filling eddy covariance methane fluxes: Com-
parison of machine learning model predictions and uncertainties
at FLUXNET-CH4 wetlands, Agr. Forest Meteorol., 308–309,
108528, https://doi.org/10.1016/j.agrformet.2021.108528, 2021.

Joiner, J. and Yoshida, Y.: Vegetation CollectionGlobal
MODIS and FLUXNET-derived Daily Gross Pri-
mary Production, V2, ORNL DAAC [data set],
https://doi.org/10.3334/ORNLDAAC/1835, 2021.

Jung, M., Reichstein, M., and Bondeau, A.: Towards global
empirical upscaling of FLUXNET eddy covariance obser-
vations: validation of a model tree ensemble approach
using a biosphere model, Biogeosciences, 6, 2001–2013,
https://doi.org/10.5194/bg-6-2001-2009, 2009.

Kalhori, A., Wille, C., Gottschalk, P., Li, Z., Hashemi, J., Kem-
per, K., and Sachs, T.: Temporally dynamic carbon dioxide and
methane emission factors for rewetted peatlands, Commun. Earth
Environ., 5, https://doi.org/10.1038/s43247-024-01226-9, 2024.

Kljun, N., Calanca, P., Rotach, M. W., and Schmid, H. P.:
A simple two-dimensional parameterisation for Flux Foot-

print Prediction (FFP), Geosci. Model Dev., 8, 3695–3713,
https://doi.org/10.5194/gmd-8-3695-2015, 2015.

Kormann, R. and Meixner, F. X.: An Analytical Footprint Model
For Non-Neutral Stratification, Bound.-Lay. Meteorol., 99, 207–
224, https://doi.org/10.1023/A:1018991015119, 2001.

Lasslop, G., Reichstein, M., Papale, D., Richardson, A. D.,
Arneth, A., Barr, A., Stoy, P., and Wohlfahrt, G.: Separa-
tion of net ecosystem exchange into assimilation and res-
piration using a light response curve approach: critical is-
sues and global evaluation, Global Change Biol., 16, 187–208,
https://doi.org/10.1111/j.1365-2486.2009.02041.x, 2010.

Leclerc, M. Y. and Foken, T.: Footprints in Microme-
teorology and Ecology, Springer, Berlin, Heidelberg,
https://doi.org/10.1007/978-3-642-54545-0, 2014.

Li, M., Babel, W., Chen, X., Zhang, L., Sun, F., Wang, B., Ma,
Y., Hu, Z., and Foken, T.: A 3-year dataset of sensible and la-
tent heat fluxes from the Tibetan Plateau, derived using eddy co-
variance measurements, Theor. Appl. Climatol., 122, 457–469,
https://doi.org/10.1007/s00704-014-1302-0, 2015.

Liu, Y., Zhang, X., Du, X., Du, Z., and Sun, M.: Alpine grass-
land greening on the Northern Tibetan Plateau driven by cli-
mate change and human activities considering extreme tem-
perature and soil moisture, Sci. Total Environ., 916, 169995,
https://doi.org/10.1016/j.scitotenv.2024.169995, 2024.

Loescher, H. W., Law, B. E., Mahrt, L., Hollinger, D. Y., Campbell,
J., and Wofsy, S. C.: Uncertainties in, and interpretation of, car-
bon flux estimates using the eddy covariance technique, J. Geo-
phys. Res., 111, https://doi.org/10.1029/2005jd006932, 2006.

Ma, C., Duan, S.-B., Xu, C., Qin, W., Wang, F., and He, L.: Spatio-
temporal simulation of net ecosystem productivity in the Tibetan
Plateau region using multi-scale data assimilation for terrestrial
ecosystem process model, Agr. Forest Meteorol., 366, 110471,
https://doi.org/10.1016/j.agrformet.2025.110471, 2025.

Ma, Y., Wang, Y., Wu, R., Hu, Z., Yang, K., Li, M., Ma, W., Zhong,
L., Sun, F., Chen, X., Zhu, Z., Wang, S., and Ishikawa, H.: Re-
cent advances on the study of atmosphere-land interaction ob-
servations on the Tibetan Plateau, Hydrol. Earth Syst. Sci., 13,
1103–1111, https://doi.org/10.5194/hess-13-1103-2009, 2009.

Mauder, M. and Foken, T.: Impact of post-field data process-
ing on eddy covariance flux estimates and energy balance clo-
sure, Meteorol. Z., 15, 597–609, https://doi.org/10.1127/0941-
2948/2006/0167, 2006.

Mauder, M., Foken, T., Aubinet, M., and Ibrom, A.:
Eddy-Covariance Measurements, in: Springer Hand-
book of Atmospheric Measurements, edited by: Foken,
T., Springer International Publishing, Cham, 1473–1504,
https://doi.org/10.1007/978-3-030-52171-4_55, 2021.

Melaas, E. K., Richardson, A. D., Friedl, M. A., Dragoni, D.,
Gough, C. M., Herbst, M., Montagnani, L., and Moors, E.: Using
FLUXNET data to improve models of springtime vegetation ac-
tivity onset in forest ecosystems, Agr. Forest Meteorol., 171–172,
46–56, https://doi.org/10.1016/j.agrformet.2012.11.018, 2013.

Moncrieff, J., Clement, R., Finnigan, J., and Meyers, T.: Averag-
ing, Detrending, and Filtering of Eddy Covariance Time Series,
in: Handbook of Micrometeorology, vol. 29, edited by: Lee, X.,
Massman, W., and Law, B., Kluwer Academic Publishers, Dor-
drecht, 7–31, https://doi.org/10.1007/1-4020-2265-4_2, 2005.

Moncrieff, J. B., Massheder, J. M., De Bruin, H., Elbers, J., Fri-
borg, T., Heusinkveld, B., Kabat, P., Scott, S., Soegaard, H., and

https://doi.org/10.5194/essd-18-5627-2026 Earth Syst. Sci. Data, 18, 5627–5641, 2026

https://doi.org/10.1029/2000jd900731
https://doi.org/10.1890/06-0922.1
https://doi.org/10.1007/1-4020-2265-4_9
https://doi.org/10.1175/2011BAMS3130.1
https://doi.org/10.1007/s10546-008-9267-0
https://doi.org/10.1016/j.agrformet.2021.108528
https://doi.org/10.3334/ORNLDAAC/1835
https://doi.org/10.5194/bg-6-2001-2009
https://doi.org/10.1038/s43247-024-01226-9
https://doi.org/10.5194/gmd-8-3695-2015
https://doi.org/10.1023/A:1018991015119
https://doi.org/10.1111/j.1365-2486.2009.02041.x
https://doi.org/10.1007/978-3-642-54545-0
https://doi.org/10.1007/s00704-014-1302-0
https://doi.org/10.1016/j.scitotenv.2024.169995
https://doi.org/10.1029/2005jd006932
https://doi.org/10.1016/j.agrformet.2025.110471
https://doi.org/10.5194/hess-13-1103-2009
https://doi.org/10.1127/0941-2948/2006/0167
https://doi.org/10.1127/0941-2948/2006/0167
https://doi.org/10.1007/978-3-030-52171-4_55
https://doi.org/10.1016/j.agrformet.2012.11.018
https://doi.org/10.1007/1-4020-2265-4_2


5640 N. D. Pillai et al.: A year-long eddy covariance dataset over an Alpine Steppe on the central Tibetan Plateau

Verhoef, A.: A system to measure surface fluxes of momentum,
sensible heat, water vapour and carbon dioxide, J. Hydrol., 188–
189, 589–611, https://doi.org/10.1016/S0022-1694(96)03194-0,
1997.

Nieberding, F., Wille, C., Fratini, G., Asmussen, M. O., Wang,
Y., Ma, Y., and Sachs, T.: A long-term (2005–2019) eddy
covariance data set of CO2 and H2O fluxes from the Ti-
betan alpine steppe, Earth Syst. Sci. Data, 12, 2705–2724,
https://doi.org/10.5194/essd-12-2705-2020, 2020a.

Nieberding, F., Ma, Y., Wille, C., Fratini, G., Asmussen, M. O.,
Wang, Y., Ma, W., and Sachs, T.: A long term hourly eddy covari-
ance dataset of consistently processed CO2 and H2O Fluxes from
the Tibetan Alpine Steppe at Nam Co (2005–2019), Zenodo [data
set], https://doi.org/10.5281/zenodo.3733202, 2020b (data also
available at: https://doi.org/10.11888/Meteoro.tpdc.270333).

Papale, D., Reichstein, M., Aubinet, M., Canfora, E., Bernhofer, C.,
Kutsch, W., Longdoz, B., Rambal, S., Valentini, R., Vesala, T.,
and Yakir, D.: Towards a standardized processing of Net Ecosys-
tem Exchange measured with eddy covariance technique: algo-
rithms and uncertainty estimation, Biogeosciences, 3, 571–583,
https://doi.org/10.5194/bg-3-571-2006, 2006.

Pillai, N. D., Wille, C., Nieberding, F., Helbig, M., and Sachs, T.:
Year-long eddy covariance measurements of carbon and energy
fluxes in an alpine steppe on the Tibetan Plateau, GFZ Data Ser-
vices [data set], https://doi.org/10.5880/GFZ.TKVR.2026.001,
2026.

Reichstein, M., Falge, E., Baldocchi, D., Papale, D., Aubinet,
M., Berbigier, P., Bernhofer, C., Buchmann, N., Gilmanov, T.,
Granier, A., Grünwald, T., Havránková, K., Ilvesniemi, H.,
Janous, D., Knohl, A., Laurila, T., Lohila, A., Loustau, D., Mat-
teucci, G., Meyers, T., Miglietta, F., Ourcival, J., Pumpanen,
J., Rambal, S., Rotenberg, E., Sanz, M., Tenhunen, J., Seufert,
G., Vaccari, F., Vesala, T., Yakir, D., and Valentini, R.: On
the separation of net ecosystem exchange into assimilation and
ecosystem respiration: review and improved algorithm, Global
Change Biol., 11, 1424–1439, https://doi.org/10.1111/j.1365-
2486.2005.001002.x, 2005.

Richardson, A. D., Hollinger, D. Y., Burba, G. G., Davis, K. J.,
Flanagan, L. B., Katul, G. G., William Munger, J., Ricciuto, D.
M., Stoy, P. C., Suyker, A. E., Verma, S. B., and Wofsy, S. C.:
A multi-site analysis of random error in tower-based measure-
ments of carbon and energy fluxes, Agr. Forest Meteorol., 136,
1–18, https://doi.org/10.1016/j.agrformet.2006.01.007, 2006.

Sabbatini, S., Mammarella, I., Arriga, N., Fratini, G., Graf, A.,
Hörtnagl, L., Ibrom, A., Longdoz, B., Mauder, M., Merbold,
L., Metzger, S., Montagnani, L., Pitacco, A., Rebmann, C.,
Sedlák, P., Šigut, L., Vitale, D., and Papale, D.: Eddy covari-
ance raw data processing for CO2 and energy fluxes calcula-
tion at ICOS ecosystem stations, Inte. Agrophys., 32, 495–515,
https://doi.org/10.1515/intag-2017-0043, 2018.

Schmid, H. P.: Footprint modeling for vegetation atmosphere ex-
change studies: a review and perspective, Agr. Forest Meteorol.,
113, 159–183, https://doi.org/10.1016/S0168-1923(02)00107-7,
2002.

Stekhoven, D. J. and Bühlmann, P.: MissForest – non-parametric
missing value imputation for mixed-type data, Bioinformat-
ics, 28, 112–118, https://doi.org/10.1093/bioinformatics/btr597,
2012.

Tuovinen, J.-P., Aurela, M., Hatakka, J., Räsänen, A., Virtanen, T.,
Mikola, J., Ivakhov, V., Kondratyev, V., and Laurila, T.: Interpret-
ing eddy covariance data from heterogeneous Siberian tundra:
land-cover-specific methane fluxes and spatial representative-
ness, Biogeosciences, 16, 255–274, https://doi.org/10.5194/bg-
16-255-2019, 2019.

Turner, D. P., Ollinger, S. V., and Kimball, J. S.: In-
tegrating Remote Sensing and Ecosystem Process Mod-
els for Landscape- to Regional-Scale Analysis of the Car-
bon Cycle, BioScience, 54, 573, https://doi.org/10.1641/0006-
3568(2004)054[0573:IRSAEP]2.0.CO;2, 2004.

Twine, T. E., Kustas, W. P., Norman, J. M., Cook, D. R.,
Houser, P. R., Meyers, T. P., Prueger, J. H., Starks, P. J.,
and Wesely, M. L.: Correcting eddy-covariance flux underesti-
mates over a grassland, Agr. Forest Meteorol., 103, 279–300,
https://doi.org/10.1016/S0168-1923(00)00123-4, 2000.

Vesala, T., Kljun, N., Rannik, Ü., Rinne, J., Sogachev,
A., Markkanen, T., Sabelfeld, K., Foken, Th., and
Leclerc, M. Y.: Flux and concentration footprint mod-
elling: State of the art, Environ. Pollut., 152, 653–666,
https://doi.org/10.1016/j.envpol.2007.06.070, 2008.

Vickers, D. and Mahrt, L.: Quality Control and Flux Sam-
pling Problems for Tower and Aircraft Data, J. Atmos.
Ocean. Tech., 14, 512–526, https://doi.org/10.1175/1520-
0426(1997)014<0512:QCAFSP>2.0.CO;2, 1997.

Wang, B., Ma, Y., Hu, Z., Li, X., Ma, W., Chen, X., Han, C., Xie,
Z., Wang, Y., Li, M., Ma, B., Shi, X., Li, W., and Cai, Z.: Quan-
tifying the spatial-seasonal patterns of land–atmosphere water,
heat and CO2 flux exchange over the Tibetan Plateau from an
observational perspective, Earth Syst. Sci. Data, 18, 1147–1164,
https://doi.org/10.5194/essd-18-1147-2026, 2026.

Wang, T., Zhang, Y., Yue, C., Wang, Y., Wang, X., Lyu, G., Wei,
J., Yang, H., and Piao, S.: Progress and challenges in remotely
sensed terrestrial carbon fluxes, Geo-spatial Inform. Sci., 28, 1–
21, https://doi.org/10.1080/10095020.2024.2336599, 2025a.

Wang, X., Che, T., Xiao, J., Wang, T., Tan, J., Zhang, Y., Ren, Z.,
Geng, L., Wang, H., Xu, Z., Liu, S., and Li, X.: A post-processed
carbon flux dataset for 34 eddy covariance flux sites across the
Heihe River basin, China, Earth Syst. Sci. Data, 17, 1329–1346,
https://doi.org/10.5194/essd-17-1329-2025, 2025b.

Wang, Y., Zhu, Z., Ma, Y., and Yuan, L.: Carbon and wa-
ter fluxes in an alpine steppe ecosystem in the Nam Co
area of the Tibetan Plateau during two years with contrasting
amounts of precipitation, Int. J. Biometeorol., 64, 1183–1196,
https://doi.org/10.1007/s00484-020-01892-2, 2020.

Wang, Y., Xiao, J., Ma, Y., Luo, Y., Hu, Z., Li, F., Li,
Y., Gu, L., Li, Z., and Yuan, L.: Carbon fluxes and en-
vironmental controls across different alpine grassland types
on the Tibetan Plateau, Agr. Forest Meteorol., 311, 108694,
https://doi.org/10.1016/j.agrformet.2021.108694, 2021.

Webb, E. K., Pearman, G. I., and Leuning, R.: Correction of
flux measurements for density effects due to heat and wa-
ter vapour transfer, Q. J. Roy. Meteorool. Soc., 106, 85–100,
https://doi.org/10.1002/qj.49710644707, 1980.

Wu, T.: The Qinghai–Tibetan Plateau: How High Do Ti-
betans Live?, High Altit. Med. Biol., 2, 489–499,
https://doi.org/10.1089/152702901753397054, 2001.

Wutzler, T., Lucas-Moffat, A., Migliavacca, M., Knauer, J.,
Sickel, K., Šigut, L., Menzer, O., and Reichstein, M.:

Earth Syst. Sci. Data, 18, 5627–5641, 2026 https://doi.org/10.5194/essd-18-5627-2026

https://doi.org/10.1016/S0022-1694(96)03194-0
https://doi.org/10.5194/essd-12-2705-2020
https://doi.org/10.5281/zenodo.3733202
https://doi.org/10.11888/Meteoro.tpdc.270333
https://doi.org/10.5194/bg-3-571-2006
https://doi.org/10.5880/GFZ.TKVR.2026.001
https://doi.org/10.1111/j.1365-2486.2005.001002.x
https://doi.org/10.1111/j.1365-2486.2005.001002.x
https://doi.org/10.1016/j.agrformet.2006.01.007
https://doi.org/10.1515/intag-2017-0043
https://doi.org/10.1016/S0168-1923(02)00107-7
https://doi.org/10.1093/bioinformatics/btr597
https://doi.org/10.5194/bg-16-255-2019
https://doi.org/10.5194/bg-16-255-2019
https://doi.org/10.1641/0006-3568(2004)054[0573:IRSAEP]2.0.CO;2
https://doi.org/10.1641/0006-3568(2004)054[0573:IRSAEP]2.0.CO;2
https://doi.org/10.1016/S0168-1923(00)00123-4
https://doi.org/10.1016/j.envpol.2007.06.070
https://doi.org/10.1175/1520-0426(1997)014<0512:QCAFSP>2.0.CO;2
https://doi.org/10.1175/1520-0426(1997)014<0512:QCAFSP>2.0.CO;2
https://doi.org/10.5194/essd-18-1147-2026
https://doi.org/10.1080/10095020.2024.2336599
https://doi.org/10.5194/essd-17-1329-2025
https://doi.org/10.1007/s00484-020-01892-2
https://doi.org/10.1016/j.agrformet.2021.108694
https://doi.org/10.1002/qj.49710644707
https://doi.org/10.1089/152702901753397054


N. D. Pillai et al.: A year-long eddy covariance dataset over an Alpine Steppe on the central Tibetan Plateau 5641

Basic and extensible post-processing of eddy covariance
flux data with REddyProc, Biogeosciences, 15, 5015–5030,
https://doi.org/10.5194/bg-15-5015-2018, 2018.

Xiao, J., Davis, K. J., Urban, N. M., Keller, K., and Saliendra, N.
Z.: Upscaling carbon fluxes from towers to the regional scale:
Influence of parameter variability and land cover representa-
tion on regional flux estimates, J. Geophys. Res., 116, G03027,
https://doi.org/10.1029/2010JG001568, 2011.

Xiao, J., Chen, J., Davis, K. J., and Reichstein, M.: Ad-
vances in upscaling of eddy covariance measurements of car-
bon and water fluxes, J. Geophys. Res., 117, 2011JG001889,
https://doi.org/10.1029/2011JG001889, 2012.

Yao, J., Zhao, L., Gu, L., Qiao, Y., and Jiao, K.: The
surface energy budget in the permafrost region of
the Tibetan Plateau, Atmos. Res., 102, 394–407,
https://doi.org/10.1016/j.atmosres.2011.09.001, 2011.

Yuan, Q., Wang, X., Che, T., and Li, J.: Global carbon flux dataset
generated by fusing remote sensing and multiple flux networks
observation, Sci. Data, 12, 1359, https://doi.org/10.1038/s41597-
025-05672-8, 2025.

Zhang, J., Duan, Z., Zhou, S., Li, Y., and Gao, Z.: Gap filling of
turbulent heat fluxes over rice–wheat rotation croplands using
the random forest model, Atmos. Meas. Tech., 16, 2197–2207,
https://doi.org/10.5194/amt-16-2197-2023, 2023.

Zhu, Z., Ma, Y., Li, M., Hu, Z., Xu, C., Zhang, L., Han, C.,
Wang, Y., and Ichiro, T.: Carbon dioxide exchange between an
alpine steppe ecosystem and the atmosphere on the Nam Co
area of the Tibetan Plateau, Agr. Forest Meteorol., 203, 169–179,
https://doi.org/10.1016/j.agrformet.2014.12.013, 2015.

https://doi.org/10.5194/essd-18-5627-2026 Earth Syst. Sci. Data, 18, 5627–5641, 2026

https://doi.org/10.5194/bg-15-5015-2018
https://doi.org/10.1029/2010JG001568
https://doi.org/10.1029/2011JG001889
https://doi.org/10.1016/j.atmosres.2011.09.001
https://doi.org/10.1038/s41597-025-05672-8
https://doi.org/10.1038/s41597-025-05672-8
https://doi.org/10.5194/amt-16-2197-2023
https://doi.org/10.1016/j.agrformet.2014.12.013

	Abstract
	Introduction
	Materials and methods
	Site description and measurements
	Eddy covariance raw data processing and quality filtering
	Biometeorological data
	Gap filling and flux partitioning
	Marginal distribution sampling (MDS)
	Random Forest (RF)

	Uncertainty estimation
	Footprint
	Energy balance closure

	Results
	Data and quality filtering
	Gap filling
	Source area contribution
	Flux uncertainty estimation

	Discussion
	Data quality, gap-filling and uncertainty
	Footprint analysis and implications

	Code and data availability
	Conclusion
	Supplement
	Author contributions
	Competing interests
	Disclaimer
	Acknowledgements
	Financial support
	Review statement
	References

