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Abstract. Latent heat flux (LE) provides a direct representation of terrestrial evapotranspiration (ET) and plays a critical role
in hydrological cycle studies, land surface model development, and the evaluation of remotely sensed evapotranspiration
products. Although flux observations based on the eddy covariance technique are widely regarded as essential benchmark
data for evapotranspiration estimation, existing ChinaFlux observations are generally limited by short observation periods
and extensive data gaps, which substantially constrain their applicability in long-term change analyses and multi-scale
studies. To address these limitations, we developed a gap-filling and temporal prolongation framework specifically designed
for half-hourly LE and established a continuous ground-based benchmark dataset covering China for the period 2000-2024
based on observations from 50 ChinaFlux sites. The framework is built upon an automated machine learning approach
(AutoML) and integrates ERA5-Land reanalysis data with MODIS vegetation indices, enabling accurate gap-filling within
observation periods and reliable prolongation beyond observation intervals. Comprehensive evaluations demonstrate that the
AutoML framework achieves high accuracy at the half-hourly scale across different gap-length scenarios, with an overall
correlation coefficient (CC) of 0.862 and a root mean square error (RMSE) of 33.75 W m?, and it substantially outperforms
conventional methods under long-gap conditions (i.e., 7 d and 30 d) introduced in the artificial gap experiments. The forward
and backward prolongation results show high consistency (CC values of 0.902 and 0.896, respectively) and exhibit robust
temporal stability under varying training data lengths. Multi-timescale validations further indicate that the prolonged LE data
reasonably reproduce diurnal variations, seasonal cycles, and interannual variability from half-hourly to daily and monthly
scales. Comparisons with ChinaFlux observations under strict quality control (half-hourly LE observations with QA/QC=0)
reveal good consistency across different temporal scales, underlying surface types, and climate zones. Interpretability
analysis based on Shapley Additive Explanations (SHAP) indicates that energy supply consistently dominates LE variability,

while vegetation state and water availability modulate their relative importance under different environmental conditions.
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Overall, we present the first continuous half-hourly ground-based LE benchmark dataset covering China for the period
2000-2024. This dataset provides essential data support for the evaluation of remotely sensed ET products, land surface
model validation, and studies of regional water—energy cycles and climate change, and it is freely available via the following

repository: https://doi.org/10.5281/zenodo.18194590 (Qian et al., 2026).

1 Introduction

Terrestrial evapotranspiration (ET) is a fundamental component of the land surface hydrological cycle, serving as the
primary pathway by which water is transferred from the terrestrial surface to the atmosphere (Tang et al., 2024; Zhang et al.,
2025). As a core process linking the atmosphere, hydrosphere, and biosphere, ET plays a pivotal role in regulating exchanges
of water, carbon, and energy within the Earth system (Allen et al., 1998; Fisher et al., 2017). From an energy perspective, ET
consumes approximately 48—62 % of the net solar radiation received at the land surface, thereby exerting a direct influence
on surface cooling effects and cloud—precipitation feedbacks (Trenberth et al., 2009). From a hydrological perspective, more
than 60 % of global terrestrial precipitation is returned to the atmosphere through ET, effectively constraining the natural
upper limit of renewable freshwater resources (Oki and Kanae, 2006). Consequently, the availability of temporally
continuous and quality-controlled ET benchmark data is a prerequisite for advancing our understanding of land—atmosphere
interactions, evaluating evapotranspiration products derived from remote sensing and land surface models, and supporting
water balance assessments and ecohydrological studies at basin and regional scales. In particular, at the site scale, flux
observations based on the eddy covariance technique provide direct measurements of latent heat flux and its variability, and
their temporal continuity and internal consistency are critical for model calibration, product validation, and cross-regional

comparative analyses (Rodell et al., 2015; Cheng et al., 2021).

However, despite the central role of evapotranspiration in hydrological and ecosystem studies, existing observational
approaches remain insufficient to fully meet the demands of regional- and long-term analyses. With the expansion of spatial
and temporal domains and finer resolutions, land surface models, remote sensing retrievals, and data assimilation systems
have become the primary means for generating spatially and temporally continuous ET estimates (Zhang et al., 2022; Yu et
al., 2022; Zou et al., 2017). Nevertheless, the accuracy assessment and uncertainty characterization of these approaches rely
heavily on calibration and validation against high-quality ground-based observations. Traditional ground-based measurement
methods, such as evaporation pans, lysimeters, and the Bowen ratio technique, can provide relatively accurate estimates of
ET or surface energy fluxes at the point scale (Allen et al., 2011). However, due to limitations in instrument deployment,
maintenance requirements, and long-term operational stability, these methods are unable to form observation networks with
broad spatial coverage, long-term continuity, and internal consistency (Xu and Singh, 2005). As a result, ground-based flux
observations with high temporal resolution and strong physical consistency are particularly critical for regional and global-

scale studies.
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Within the existing ground observation systems, the eddy covariance (EC) technique has been widely regarded as the most
important data source for constraining and evaluating ET models, as it directly measures turbulent exchanges between the
land surface and the atmosphere. EC observations provide half-hourly measurements of latent heat flux (LE), while the
associated meteorological or environmental variables are measured concurrently at the flux tower sites, thereby serving as an
essential ground-based benchmark for evapotranspiration research. However, EC flux time series are commonly affected by
substantial data gaps and long periods of missing observations due to instrument maintenance, complex meteorological
conditions, and data transmission interruptions, with large variations in effective observation lengths among sites. In addition,
EC measurements are subject to systematic uncertainties associated with energy balance non-closure, which may affect the
accuracy of flux estimates even when observations are available. Taking the FLUXNET2015 dataset as an example, the
average missing rate of hourly LE data is approximately 40 %, exceeding 70 % at some sites, and long gaps lasting more
than 30 d account for a considerable fraction of the missing records (Foltynova et al., 2020; Zhu et al., 2022). Although gap-
filling is necessary to generate continuous LE time series, short gaps are often handled using various statistical or empirical
approaches. Nevertheless, accurately reconstructing long and continuous LE time series remains challenging because
evapotranspiration is governed by complex interactions among atmospheric conditions, vegetation dynamics, and water
availability. Moreover, the available observation periods vary substantially among flux sites, and many sites do not provide
sufficiently long records to support multi-decadal analyses. In addition, conventional gap-filling methods are primarily
designed to reconstruct missing data within observation periods and are not intended for extending flux time series beyond

the temporal coverage of available measurements, which further limits the applicability of flux datasets in long-term studies.

In China, the aforementioned limitations are also pervasive in ChinaFlux flux observations and are further exacerbated by
insufficient site density, limited temporal continuity, and weak long-term consistency. Complex terrain, diverse climate
regimes, and strong anthropogenic disturbances make flux tower measurements more susceptible to non-ideal conditions,
resulting in frequent data gaps in latent heat flux (LE) time series and pronounced variability in data quality among sites.
Although regional flux networks such as ChinaFlux have been established, the number of available flux tower sites in China
has long been inadequate for regional- and global-scale ET product development and evaluation. Previous studies have
shown that ET product validation over China often relies on fewer than 10 flux tower sites (Guo et al., 2022; Shi et al., 2024;
Zuo et al., 2025), which is insufficient to represent the country’s highly heterogeneous climate conditions and land surface
characteristics. Even in comprehensive assessments based on global flux networks, Chinese sites remain underrepresented,
for example, validation frameworks including nearly 200 global sites typically contain only 8—11 sites within China (Qian et
al., 2023; Han et al., 2025; Zuo et al., 2025). In some data-driven modeling efforts and global ET product training datasets,
the proportion of Chinese flux tower samples accounts for less than 2 % of the global total (Elnashar et al., 2021; Lu et al.,,

2021), which may be associated with multiple factors, including data availability and accessibility (Papale 2020), as well as
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the limited number and temporal continuity of flux sites, substantially limiting model applicability and generalization

capability over China.

Although FLUXNET2015 has provided critical support for global evapotranspiration research (Jung et al., 2019; Qian et al.,
2024a), its spatial coverage and temporal continuity within China remain limited. Recent studies indicate that global ET
benchmark datasets derived from FLUXNET2015 include only a small number of Chinese sites and lack long-term
continuous half-hourly flux time series for this region (Li et al., 2025a). Meanwhile, several systematic evaluation studies
focusing on China have primarily been conducted at the monthly scale (Liu et al., 2025; Zuo et al., 2025), which hampers the
characterization of ET dynamics at diurnal and short temporal scales. Under conditions of limited site availability and
discontinuous observation records, discrepancies among different ET products over China are further amplified, with annual-
scale estimates differing by up to nearly 50 % and exhibiting more pronounced regional contrasts in temporal trends (Cai et
al., 2024). Against this background, there is an urgent need to systematically perform data gap-filling and temporal
prolongation based on existing ChinaFlux observations and to establish a Chinese regional ground-based evapotranspiration
benchmark dataset with extended temporal coverage and unified quality control standards. Such a dataset is essential for
supporting the evaluation of remotely sensed ET products, the development of land surface and data-driven models, and

studies of regional hydrological and ecohydrological processes.

Although model-based and remote sensing approaches are widely used for regional-scale evapotranspiration estimation, gap-
filling and time-series reconstruction of flux tower latent heat flux (LE) observations still primarily rely on statistical and
empirical methods. The marginal distribution sampling (MDS) method was first proposed and applied to flux data gap-filling
by Reichstein et al. (2005), who systematically described the approach. Since then, it has become one of the standard gap-
filling methods in eddy covariance flux data processing. Among these, MDS has been widely adopted as a standard approach
due to its simplicity and reasonable performance for short gaps (Pastorello et al., 2020; Mahabbati et al., 2021; Vekuri et al.,
2023). MDS fills missing flux data by identifying periods with similar meteorological conditions and using the mean or
median of observed values, combining features of the lookup table (LUT) method and the mean diurnal variation (MDV)
method. It has been widely applied in international flux networks such as FLUXNET and CarboEurope (Papale et al., 2006;
Jia et al., 2015). However, because evapotranspiration is jointly controlled by energy availability, water supply, and
vegetation dynamics, its responses are highly nonlinear and context dependent, which limits the ability of MDS—based on
meteorological similarity assumptions—to represent complex causal relationships (Chen et al., 2012). Previous studies have
shown that the performance of MDS decreases as gap length increases, primarily because its meteorological similarity
assumptions cannot fully capture the nonlinear interactions among environmental drivers controlling evapotranspiration. As
a result, reconstruction uncertainty tends to increase for prolonged missing periods, particularly when flux variability is
strongly influenced by changing vegetation and hydrological conditions (Moffat et al., 2007; Kang et al., 2019; Zhu et al.,

2022). Other conventional approaches, including mean diurnal variation, lookup table, and regression-based methods, exhibit
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similar limitations and are prone to systematic biases when data gaps are extensive or environmental conditions change

markedly (Qian et al., 2024b).

Against this background, machine learning-based approaches have emerged as a promising alternative for LE gap-filling and
flux time-series reconstruction at flux tower sites. Unlike traditional statistical and empirical methods, machine learning
approaches can learn complex nonlinear relationships between LE and its meteorological and surface drivers directly from
observations. These methods offer greater flexibility in handling long data gaps and complex environmental conditions when
reference variables are continuously available (Kim et al., 2020; Zhu et al., 2022; Guo et al., 2022). Nevertheless, most
conventional machine learning models require manually specified model structures and hyperparameter tuning, while deep
learning approaches are often sensitive to sample size and data distribution, which can introduce instability when the number
of available flux sites is limited (Khan et al., 2021). Automated machine learning (AutoML) has emerged as an efficient
framework for automatically selecting algorithms, optimizing hyperparameters, and generating ensemble models through
systematic model exploration (Gijsbers et al., 2019; Hutter et al., 2019; LeDell and Poirier, 2020). In particular, the H20
AutoML platform integrates multiple machine learning algorithms and stacked ensemble strategies, enabling robust
predictive performance while substantially reducing manual intervention in model development (LeDell and Poirier, 2020;
LeDell et al., 2021; Madni et al., 2023). Previous studies have demonstrated the effectiveness of AutoML for environmental
and geoscientific applications characterized by complex nonlinear relationships and heterogeneous datasets (Ferreira et al.,
2021; Bhatnagar et al., 2022; Bodini, 2023; Xu et al., 2025). When combined with reanalysis data featuring high temporal
and spatial continuity, AutoML provides a flexible framework for reconstructing continuous flux time series and estimating
latent heat flux beyond observation periods using relationships learned from available measurements and environmental
drivers, thereby laying a methodological foundation for constructing long-term, continuous, site-level evapotranspiration

benchmark datasets.

To address the widespread issues of extensive data gaps, inconsistent observation periods, and long-term sample scarcity in
flux tower latent heat flux (LE) observations over China, we developed a site-level gap-filling and temporal prolongation
framework for LE and, based on this framework, established a continuous evapotranspiration benchmark dataset for Chinese
flux tower sites covering the period 2000-2024. Following rigorous quality control of EC observations and predefined site
selection criteria (e.g., minimum observation length and data availability; see Sect. 2.1 for details), this study integrates
observations from 50 ChinaFlux flux tower sites whose spatial distribution spans the major climate zones and representative
underlying surface types across China, providing substantially improved site density and regional representativeness
compared with previous studies. Methodologically, the framework is built upon an AutoML and combines reanalysis
meteorological data with remotely sensed vegetation information to model the nonlinear relationships between LE and its
driving factors at the site scale. This approach enables both high-accuracy gap-filling within observation periods and

reasonable temporal prolongation beyond measurement intervals, resulting in continuous half-hourly LE time series.
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Through a unified data processing workflow and consistent modeling strategy, LE data from all sites are harmonized in
terms of temporal resolution and quality control standards, effectively alleviating the constraints imposed by long continuous
data gaps and heterogeneous observation periods in the original measurements. To systematically assess the reliability and
applicability of the constructed dataset, we designed a multi-level evaluation framework that includes gap-filling
performance assessments under different gap-length scenarios, consistency tests between forward and backward temporal
prolongation, and analyses of long-term temporal stability. These evaluations were further conducted across different
underlying surface types and climate zones. The resulting dataset provides a temporally continuous, quality-controlled, and
physically consistent ground-based evapotranspiration benchmark for China, offering essential data support for the
evaluation of remotely sensed ET products, validation of reanalysis datasets and land surface process models, and studies of
regional hydrological and ecosystem processes, while also establishing a robust data foundation for analyzing water—energy—

carbon cycle dynamics over China under a changing climate.

2 Data and methodology
2.1 ChinaFlux

This study is based on eddy covariance (EC) observations from the ChinaFlux network, the primary long-term observation
system for land—atmosphere interactions in China. Since 2002, ChinaFlux has been progressively established and operated
across the country using standardized instrument configurations, observation protocols, and data processing procedures. The
network systematically measures carbon, water, and energy fluxes over terrestrial ecosystems, together with accompanying
meteorological variables, and provides one of the most important ground-based observational foundations for regional- and
national-scale evapotranspiration (ET) studies in China. Within the ChinaFlux network, all flux towers employ the standard
EC technique to continuously measure latent heat flux (LE). Raw high-frequency measurements are processed through a
unified workflow to generate half-hourly flux products (Qi et al., 2021; Xu et al., 2023; Xu et al., 2024). This processing
typically includes three-dimensional coordinate rotation, frequency response correction, Webb—Pearman—Leuning (WPL)
correction, outlier removal, friction velocity (u*) filtering, and evaluation of energy balance closure, following quality
control (QC) standards compatible with both ChinaFlux (Yu et al., 2006; Zheng et al., 2019) and FLUXNET (Pastorello et
al., 2020). Previous studies have demonstrated that long-term observations from ChinaFlux sites are generally of reliable
quality, with energy balance closure levels falling within internationally accepted ranges (Li et al., 2005; Wilson et al., 2002),
thereby meeting the basic requirements for use as regional ET benchmark data.

In total, this study integrates and selects 50 ChinaFlux flux tower sites (Fig. 1a), covering six major underlying surface types
in China, including grassland (17 sites), shrubland (2 sites), cropland (9 sites), forest (12 sites), desert (5 sites), and wetland
(5 sites). The vegetation cover categories shown in Fig. 1a were classified according to the IGBP land cover scheme, and the
underlying land cover background was derived from the MODIS land cover product (MCD12Q1; Friedl et al., 2010). This

land cover information was further cross-validated using the site-provided metadata to ensure consistency with the actual
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vegetation types at each flux tower. These sites also span seven major climate zones: the Northeast Temperate Subhumid
Zone (NETSZ, 4 sites), Inner Mongolia Temperate Semiarid Zone (IMSZ, 5 sites), Northern Temperate Subhumid Warm
Zone (NTSWZ, 9 sites), Southeast Subtropical Humid Zone (SESHZ, 7 sites), Southern Tropical Humid Zone (STHZ, 3
sites), Northwest Desert Arid Zone (NWDAZ, 10 sites), and Qinghai—Tibet Plateau Semiarid Zone (QTPSZ, 12 sites). The
selected sites exhibit substantial heterogeneity in climatic conditions, vegetation types, and hydrothermal regimes, enabling a
robust representation of the spatial variability of evapotranspiration processes across China. Detailed information on site
locations, underlying surface types, climate zone classifications, and observation periods is provided in Table Al, and data
source information for each flux tower can be seen in Table A2.

Given the limited number of flux tower sites and the scarcity of long-term continuous records in China, a relatively inclusive
site selection strategy was adopted to maximize the use of available information while ensuring basic data reliability.
Specifically, selected sites were required to meet the following criteria: (1) an effective observation period of at least 2 years,
and (2) no fewer than 10 000 half-hourly LE records available for model training, ensuring a stable basis for gap-filling and
temporal prolongation. Among the final set of sites, 40 provide quality-controlled original LE observations, while the
remaining 10 sites only provide continuous LE time series that have already been gap-filled within their observation periods.
For these 10 sites, the original observations and the investigator gap-filled data cannot be distinguished in the source records,
and therefore the entire provided continuous series was retained as supplied by the data contributors. These gap-filled series
are not considered “observations” in the dataset, and artificial gaps are introduced in the same manner as for the other 40
sites to ensure a consistent training strategy, and only temporally prolonged data beyond the observation period are generated.
Within the observation period, no gap-filled data are created for these sites. For the other 40 sites, all investigator gap-filled
values were strictly removed before our processing, and therefore no investigator gap-filled data are retained in the records
used in this study. All sites are modeled independently, so the presence of these 10 sites does not affect the results or quality
of the 40 original-observation sites. In the final dataset, each site corresponds to a separate file, and all data are clearly
classified and labeled to distinguish different data sources and processing stages. Detailed descriptions of the data flags and
file structure are provided in Section 5 (“Data availability”). These 10 sites are explicitly identified in Table Al and in the
dataset’s Readme.txt file, allowing users to include or exclude them according to their specific research needs. Given the
overall scarcity of ChinaFlux data, retaining these sites provides users with greater flexibility in selecting data for their
specific research objectives.

The temporal coverage and data gap characteristics of the selected sites are also summarized. Fig. 1b illustrates the
distribution of site-level missing data proportions of half-hourly LE, where the histogram (left axis) shows the number of
sites within different gap-percentage intervals and the line (right axis) indicates the corresponding missing data percentage
for each site (Site ID as listed in Table A1). Fig. 1c presents the interannual variations in the number of available sites, while
Fig. 1d shows the distribution of observation period lengths (in years) for all sites. All selected sites provide half-hourly LE
data, which serve as the basis for subsequent gap-filling, temporal prolongation, and the construction of a continuous dataset

spanning 2000-2024. By integrating these sites, this study assembles one of the most comprehensive flux tower—based
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surface types, providing essential support for methodological evaluation, long-term consistency analyses, and the

235 development of a regional ET benchmark dataset for China.
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Figure 1: Spatial distribution of the selected ChinaFlux sites (a) and data coverage characteristics of half-hourly LE observations
(b—d). In panel (b), the histogram (left y-axis) represents the number of sites within different percentages of LE observation gaps
(top x-axis), while the blue line shows the distribution of gap percentages (bottom x-axis) for individual sites ordered by Site_ID
(right y-axis). Panel (c) presents the number of available sites by year, and panel (d) summarizes the length of observation periods
for all sites (years).
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2.2 ERA5-Land data

To support gap-filling and temporal prolongation of flux tower latent heat flux (LE) observations, ERA5-Land reanalysis
data were selected as site-scale meteorological and hydrological driving variables (Hersbach et al., 2020; Muifioz-Sabater et
al., 2021). ERA5-Land is produced by the European Centre for Medium-Range Weather Forecasts (ECMWF) and provides
globally continuous coverage with high spatiotemporal consistency, offering a uniform background for flux reconstruction
across different climate zones and land surface conditions (Mufioz-Sabater et al., 2021; Copernicus Climate Change Service,
2022). Hourly ERAS5-Land data were extracted at each site location from the ECMWF/ERAS LAND/HOURLY dataset
using Google Earth Engine (GEE; https://code.carthengine.google.com/, last access: 11 November 2025). Bilinear
interpolation was applied to derive representative values at the site scale, and all timestamps were converted from
Coordinated Universal Time (UTC) to local time to ensure consistency with flux tower observations. To match the half-
hourly temporal resolution of the EC measurements, hourly ERAS5-Land variables were resampled to a half-hourly scale
using linear interpolation. The ERA5-Land variables used in this study include latent heat flux (LE), surface air pressure
(PA), precipitation (Pre), relative humidity (RH), surface net solar radiation (denoted here as Rn, following the ERAS5-Land
variable definition), downwards solar radiation (Rs), surface runoff (Runoff), volumetric soil water in the 0—7 cm layer
(SMC_1) and volumetric soil water in the 7-28 cm layer (SMC_2), air temperature (Temp), vapor pressure deficit (VPD),
and 10 m wind speed (WS). These variables collectively characterize key controls on evapotranspiration, including surface

energy balance, atmospheric moisture and aerodynamic conditions, and soil moisture constraints.

2.3 MODIS data

To complement the meteorological drivers and better represent vegetation conditions, remotely sensed products from the
Moderate Resolution Imaging Spectroradiometer (MODIS) were used to derive the normalized difference vegetation index
(NDVI) (Didan, 2015) and leaf area index (LAI) (Myneni et al., 2015). NDVI data were obtained from the MODIS
MOD13Q1 (Terra) and MYDI13Q1 (Aqua) products, while LAI data were derived from the MODIS MOD15A2H and
MYDI15A2H products. All products were converted to physical values using the corresponding scale factors provided in the
official product user guides, with NDVI scaled by 0.0001 (Didan and Barreto Munoz, 2019) and LAI scaled by 0.1°
(MODIS LAI/FPAR Product Team, 2020). NDVI and LAI data were extracted at the site scale using GEE
(https://code.carthengine.google.com/, last access: 11 November 2025), with bilinear interpolation applied for spatial
sampling. The spatial resolutions of the NDVI and LAI products are 250 m and 500 m, respectively. Given the relatively low
temporal resolution of MODIS products (i.e., 16 day composites for NDVI and 8-day composites for LAI), NDVI and LAI
were assumed to remain constant within each compositing period, and the corresponding values were assigned uniformly to
all half-hourly (and daily) time steps within that period to ensure temporal alignment with the half-hourly LE time series.
This assumption is commonly adopted in flux-remote sensing integration studies and is generally considered reasonable

because MODIS compositing procedures are designed to reduce short-term noise (e.g., cloud contamination and atmospheric
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effects) and to represent average vegetation conditions over the compositing interval (Didan et al., 2015; Myneni et al.,
2002).

It should be noted that MODIS NDVI and LAI products are available from 18 February 2000 at 08:00 (local time). For
periods prior to this date, NDVI and LAI data are unavailable. In these cases, vegetation indices were treated as missing
values and were not included as predictors in model training and prediction. Given that the AutoML framework is primarily
based on tree-based algorithms capable of handling missing values, LE estimation during this early period relied on

meteorological and energy-related drivers.

2.4 Generation of gap-filling

To construct temporally continuous latent heat flux (LE) time series suitable for long-term consistency analyses, a data-
driven gap-filling framework was implemented to reconstruct missing LE observations at the flux tower scale. Given the
substantial heterogeneity among flux sites in terms of climate background, underlying surface type, and observation length, a
site-specific modeling strategy was adopted. Each flux tower site was treated as an independent modeling unit, for which
models were separately trained, evaluated, and applied to generate seamless half-hourly LE time series over the study period.
During model development and evaluation, the original LE observations were first subjected to quality screening, following
the standard quality control procedures of FLUXNET (Pastorello et al., 2020) and ChinaFlux (Yu et al., 2006; Zheng et al.,
2019). Specifically, only observations flagged as high quality (QC/QA = 0) were retained, while data affected by instrument
malfunction, low turbulence conditions (e.g., insufficient u*), or energy balance non-closure were excluded. Only reliable
records were retained for model training. To systematically assess model performance under different gap conditions,
multiple artificial gap scenarios were constructed along the time dimension by deliberately removing data segments of
varying lengths from the complete observation records following the widely adopted artificial-gap evaluation strategy used
in flux gap-filling studies (Moffat et al., 2007; Li et al., 2025). This design enables a robust evaluation of gap-filling
performance across different temporal scales. In addition, conventional approaches widely used in flux studies were included
as benchmark methods, allowing quantitative comparisons with data-driven approaches in terms of accuracy and stability
(Moffat et al., 2007). The workflow for generating the final half-hourly LE data products is illustrated in Fig. 2a, while the

workflows for testing the gap-filling and prolongation algorithms are shown in Fig. 2b and Fig. 2c, respectively.
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Figure 2: Workflow for generating the final half-hourly LE data products from 2000 to 2024 (a). Workflows used to test the gap-
filling (b) and prolongation algorithms (c). The evaluation workflows were independent from the production workflow. Artificial
gaps and forward/backward temporal splits were used only to assess model performance, whereas the final released products were
generated by retraining the site-specific AutoML models using all available high-quality LE observations at each site.

2.4.1 AutoML

AutoML of H20 framework (LeDell and Poirier, 2020; H20.ai, 2023) was adopted as the core modeling tool for LE gap-
filling in this study. H20 AutoML has been widely used for regression and prediction tasks in environmental and
geoscientific applications (Guo et al., 2024; Li et al., 2025b; Zhao et al., 2026). Unlike conventional machine learning
approaches that require manual specification of model types and hyperparameters—often leading to high tuning costs and
reduced transferability across sites—AutoML automatically performs model selection, hyperparameter optimization, and
model ranking within a predefined search space (LeDell and Poirier, 2020). This strategy improves modeling efficiency and
robustness across multiple sites while maintaining reproducibility. For each flux tower site, an independent AutoML
regression model was constructed, with site-level LE observations as the target variable and a set of multi-source
environmental drivers derived from ERAS5-Land reanalysis data and MODIS vegetation indices as input features. These
predictors were used to capture the nonlinear relationships between LE and its meteorological, hydrological, and vegetation
controls.

During the AutoML search process, multiple commonly used regression algorithms, including tree-based models and their
ensemble variants, were evaluated, and the optimal model was automatically selected based on validation performance. Here,
AutoML was not treated as a single predefined algorithm, but as an automated modeling framework that searches across
multiple candidate algorithms and hyperparameter configurations. In parallel, the benchmark machine learning models were

also tuned using the same validation-based principle: different parameter combinations were iteratively tested, and the

11



325

330

335

340

345

350

parameter setting with the lowest validation root mean square error (RMSE) was retained as the optimized model for that
method. After the optimized AutoML and benchmark models were determined, their performance was compared, and the
best-performing modeling approach was selected for generating the final data product. Because AutoML consistently
showed superior or comparable performance in almost all evaluation scenarios, it was ultimately adopted for producing the
gap-filled and prolonged LE time series.

Specifically, the H20 AutoML framework evaluates a suite of candidate algorithms, including gradient boosting machine
(GBM), distributed random forest (DRF), extreme gradient boosting (XGBoost), generalized linear models (GLM), and deep
learning neural networks (DNN), as well as stacked ensemble models that combine multiple base learners. During the
automated search process, multiple model configurations and hyperparameter combinations are explored through a random
grid search strategy, and models are ranked based on cross-validation and validation performance. In this study, RMSE on
the validation set was used as the criterion for defining model optimality. For each flux tower site, two site-specific final
models were selected from the H2O AutoML leaderboard: one model for gap-filling within the observation period and
another model for temporal prolongation beyond the observation period. Each final model corresponded to the candidate
model with the lowest validation RMSE among all evaluated algorithms and hyperparameter configurations for its respective
task. After selection, these two models were fixed for the corresponding site and task, and the selected algorithms did not
change over time within the record of a given flux tower. In this study, no strict limit was imposed on the number of
candidate models (i.e., the number of models is adaptively determined by the AutoML process), allowing the framework to

fully explore the model space and select the optimal model for each flux tower site.

2.4.2 Artificial gap scenarios

In flux tower latent heat flux (LE) observations, data gaps vary substantially in duration, ranging from single missing time
steps to continuous gaps lasting several weeks or longer. To systematically evaluate model performance across different
missing-data scales, four artificial gap scenarios were constructed within the observation period of each site, corresponding
to continuous gap lengths of 30 min, 1 d, 7 d, and 30 d. These four scenarios were used only for performance evaluation and
method comparison, not as four independent production gap-filling procedures. For each scenario, the artificially removed
data accounted for approximately 5 % of the total valid observations at the site, ensuring comparability of evaluation results
across gap-length conditions. Artificial gaps were generated using a sliding-window approach to create continuous missing
segments. Only time windows in which the proportion of valid original observations exceeded 50 % were considered eligible,
thereby avoiding the introduction of artificial gaps within periods of inherently poor data quality. Artificial gaps generated
under different scenarios did not overlap in time. For the 30 min scenario, single half-hourly observations were randomly
removed, with the additional constraint that valid observations were present immediately before and after the removed
record to preserve the basic continuity of the time series. During model training and validation, the remaining data after
artificial gap removal were randomly divided into a training set (80 %) and a validation set (20 %). Five-fold cross-

validation was applied during training to evaluate model performance. For each data split, the model parameters yielding the
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best validation performance were retained and subsequently applied to fill the corresponding artificial gaps, allowing
assessment of gap-filling accuracy and stability under different missing-data scales. This procedure was conducted
independently for each site and repeated 20 times using different random data splits and gap realizations to reduce the
influence of randomness. For each site, artificial gap scenario, and gap-filling method, the performance metrics were first
calculated separately for each of the 20 repeated experiments and then averaged across the 20 repetitions to obtain one site-
level value for each metric. Therefore, in the cross-site comparison shown in Fig. 3, each boxplot is constructed from 50 site-
level averaged values, with each flux tower contributing one value. After this evaluation step, the artificial gaps were not
used in the final data product. Instead, a single final AutoML model was retrained for each site using all available high-
quality LE observations and then applied once to fill the actual missing LE values within the observation period. This
process resulted in seamless half-hourly LE time series, which serve as the baseline dataset for subsequent temporal
prolongation and multi-scale analyses.

To facilitate comparative evaluation of different gap-filling approaches, four independent methods were considered in this
study: AutoML, random forest (RF), extreme gradient boosting (XGBoost), and marginal distribution sampling (MDS).
AutoML was treated as an automated modeling framework that searches over multiple internal candidate algorithms and
hyperparameter configurations and then selects the best-performing leader model based on validation RMSE; it does not
select from among the benchmark methods used for comparison in this study. The traditional marginal distribution sampling
(MDS) method (Foltynova et al., 2020) and two commonly used machine learning algorithms, RF (Khan et al., 2021) and
XGBoost (Liu et al., 2025), were implemented as benchmark methods. These three benchmark methods were trained and
evaluated independently of AutoML, and therefore do not belong to the AutoML framework. These benchmark methods
were also applied only within the artificial-gap evaluation framework and were not used to generate the final released gap-
filled LE dataset. Model performance was assessed using five-fold cross-validation during the training stage to optimize
model configuration and reduce the risk of overfitting. After model selection, the optimal model for each site was retrained
using all available high-quality LE observations and then applied to fill the missing LE values. For the final released dataset,
the site-specific AutoML model was used for production, rather than MDS, RF, or XGBoost. Consequently, a site-specific
gap-filling model was established for each site, providing a reliable basis for subsequent temporal prolongation of LE time
series.

It should be noted that most ChinaFlux sites do not provide complete sets of meteorological driving variables (e.g.,
shortwave radiation, air temperature, and vapor pressure deficit). Therefore, ERAS5-Land variables were consistently used as
reference inputs for all benchmark methods to ensure that different algorithms were compared under identical information
conditions. Due to the lack of complete and continuous in situ meteorological observations at many flux tower sites, a
comprehensive site-by-site comparison between ERAS-Land data and locally measured variables could not be conducted
across all sites. However, for a subset of sites where both ERAS5-Land data and in situ meteorological observations are
available, we found that the agreement between ERAS5-Land and site measurements is generally good, with coefficients of

determination (R?) typically ranging from approximately 0.70 to 0.90 for key variables such as air temperature, radiation,
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and VPD. This practice has been widely adopted in flux data gap-filling studies and provides a reasonable representation of
site-scale meteorological backgrounds when in situ measurements are unavailable. Although the use of reanalysis data may
introduce additional uncertainty compared to in situ observations, employing ERAS5-Land ensures spatial and temporal
consistency of input variables across all sites, which is essential for developing a unified modeling framework and enabling
fair comparisons among different methods. The MDS method performs gap-filling based on meteorological similarity
assumptions, whereas RF and XGBoost predict LE by learning statistical relationships between LE and multi-source
environmental drivers. All benchmark methods were implemented under the same artificial gap scenarios and data
partitioning schemes as AutoML, ensuring fairness and reproducibility in performance comparisons.

In addition, three commonly used performance metrics were employed to quantify gap-filling performance, including the
correlation coefficient (CC), root mean square error (RMSE, W m™), and percentage bias (PBias, %). The definitions of CC
and RMSE follow Li et al. (2025a), while PBias was calculated according to Qian et al. (2023). RMSE was used as the
model selection criterion, whereas CC and PBias were reported for supplementary performance evaluation. In addition to
these quantitative metrics, we further evaluated the temporal behavior of the reconstructed LE time series at representative
sites. This assessment examined whether the reconstructed LE time series preserved the observed diurnal patterns, amplitude
variations, and temporal continuity during extended missing periods. The purpose of this analysis was not to provide an
additional model-selection metric, but rather to evaluate the physical plausibility and temporal consistency of the
reconstructed time series, which may not be fully reflected by pointwise statistical metrics alone. Similar visual assessments
of temporal structure have been adopted in recent flux gap-filling studies (Li et al., 2025). Therefore, the diel-cycle
evaluation was used only as a complementary assessment of reconstruction quality. Finally, two descriptive statistics were
calculated, including the mean LE and coefficient of variation (CV, %), these statistics were used to quantitatively compare
the ability of different gap-filling methods to reproduce the central tendency and temporal variability of the observed LE

series during long continuous gaps.

2.4.3 Prolonged hourly LE data

After completing seamless gap-filling within the observation period, the latent heat flux (LE) time series at each flux tower
site were further temporally prolonged at the half-hourly scale to construct continuous records covering a unified time span.
Temporal prolongation was also implemented within the AutoML of H20 framework, using the same model architecture,
input feature set, and training strategy as described in Sect. 2.4.1 to ensure methodological consistency. For each site, a site-
specific prolongation model was independently trained using the available LE observations as supervisory information. Five-
fold cross-validation was applied to identify the optimal model configuration and hyperparameter combination. Temporal
prolongation was performed in two directions at the half-hourly scale. For a site with an observation period spanning a
specific interval (e.g., 2006-2015), the period preceding the observations (e.g., 2000-2005) was defined as backward
prolongation, whereas the period following the observations (e.g., 2016-2022) was defined as forward prolongation. Under

identical data and modeling conditions, the prolongation performance in both temporal directions is expected to be
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comparable. To evaluate the consistency of prolongation results across temporal directions, a symmetric data partitioning
strategy was adopted. For backward prolongation, the last two-thirds of the observed time series were used for model
training, while the first one-third served as the testing set. Conversely, for forward prolongation, the first two-thirds of the
data were used for training and the remaining one-third for testing. Model performance on the testing sets was evaluated
using CC, RMSE, and PBias. Optimal prolongation models were selected based on the lowest RMSE, while CC and PBias
served as complementary metrics to assess correlation and systematic bias. This approach enables an objective evaluation of
directional consistency and the detection of potential systematic deviations during temporal prolongation.

In addition, to examine the temporal stability of model performance as the length of the prolongation period increases, two
representative training-length scenarios were designed. For sites with observation periods of at least 6 years, the first 6 years
of data were used for training and the remaining years for testing. For sites with observation periods of at least 2 years, the
first 2 years were used for training, with subsequent years reserved for testing. By comparing prolongation performance
under different training-length conditions, using the same metrics (CC, RMSE, PBias) and selecting models based on RMSE,
the long-term stability and reliability of the model during temporal extension were systematically evaluated. All prolongation
and validation procedures were conducted independently at the site scale. After completing consistency and stability
assessments, the final model for each site was retrained using all available high-quality LE observations and applied to

periods outside the observation interval, generating continuous half-hourly LE time series covering 2000-2024.

2.5 Generation of LE data

Based on the gap-filling and temporal prolongation procedures described above, seamless site-level half-hourly latent heat
flux (LE) time series were finally constructed covering the period from 00:00 on 1 January 2000 to 23:30 on 31 December
2024. The resulting dataset is temporally continuous, processed using a unified workflow across all sites, and explicitly
distinguishes data generated through different procedures. At the half-hourly scale, LE records are assigned one of three
quality flags according to their data source. The flag T denotes half-hourly LE values directly derived from original flux
tower observations. The flag F represents half-hourly LE values obtained by gap-filling missing observations within the
measurement period using the AutoML framework. The flag P indicates half-hourly LE values generated through temporal
prolongation beyond the observation period based on site-level models. These quality flags enable users to flexibly select
datasets consisting solely of observed data or to include gap-filled and prolonged records depending on specific research
objectives.

On this basis, the half-hourly LE data were further aggregated to generate daily, monthly, and annual LE datasets spanning
2000-2024. Daily LE values were obtained by aggregating half-hourly records, while monthly and annual values were
subsequently derived from the corresponding daily datasets. At aggregated temporal scales, a single categorical quality flag
(T/F/P) was not assigned to each value, as aggregated data typically consist of a mixture of observed and reconstructed (gap-
filled or prolonged) records. Instead, a quantitative indicator, N_obs, was provided to represent the number of half-hourly

observations (QC_LE = T) contributing to each aggregated value (e.g., N_obs ranges from 0 to 48 for daily data). LE
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products at all temporal scales share the same time coverage and are linked to the half-hourly quality information through

N_obs, ensuring consistency and traceability across multi-temporal-scale products.

3 Result
3.1 Evaluation of half-hourly gap-filled LE data
3.1.1 Gap-filling performance under four artificial gap scenarios

Under the four artificial gap-length scenarios (30 min, 1 day, 7 day, and 30 day), the evaluated methods exhibit pronounced
differences in half-hourly LE gap-filling performance (Fig. 3). Overall, AutoML consistently achieves the best and most
stable performance across all gap scales, with an average correlation coefficient (CC) of 0.862 and a root mean square error
(RMSE) of 33.75 W m™. This performance substantially exceeds that of the conventional marginal distribution sampling
(MDS) method (CC = 0.687) and is accompanied by a more concentrated bias distribution. For the shortest gap scenario (30
min), all methods are generally able to reconstruct short-term LE variability. Nevertheless, AutoML still yields the highest
correlation (CC = 0.910) and the lowest error (RMSE = 30.52 W m), reducing RMSE by 4.75 W m™ relative to MDS. The
performances of RF and XGBoost fall between AutoML and MDS, with overall biases close to zero. As gap length increases,
performance differences among methods become progressively more pronounced.

Under the 1 day and 7 day scenarios, MDS performance deteriorates continuously, whereas AutoML maintains relatively
high accuracy and stable bias control, indicating strong adaptability to moderate-length continuous gaps. The divergence
among methods is most evident under the most extreme scenario of 30 d continuous gaps. In this case, AutoML still achieves
a CC 0of 0.819 and an RMSE of 37.26 W m™, whereas the RMSE of MDS increases markedly to 49.85 W m?. Although RF
and XGBoost outperform MDS under this scenario, their overall accuracy and stability remain inferior to those of
AutoML.Overall, gap-filling performance exhibits a clear dependence on gap length. The MDS approach is only suitable for
short gaps and shows rapid performance degradation as gap length increases. In contrast, AutoML maintains higher
correlations, lower errors, and more stable bias characteristics across all gap-length scenarios, with particularly pronounced
advantages under long continuous gaps. These results indicate that AutoML is better suited for constructing long-term,

continuous half-hourly LE time series.
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Figure 3: Comparison of half-hourly LE gap-filling performance among different methods under various artificial gap scenarios.
Each boxplot summarizes the distribution of site-level performance across the 50 flux tower sites for a given method and artificial
gap scenario. For each site, artificial gaps were generated and filled in 20 repeated experiments, and the resulting metric values
were first averaged across the 20 repetitions. Thus, each site contributes one averaged value to each boxplot, and each boxplot is
constructed from 50 site-level averaged values. The evaluated metrics include correlation coefficient (CC), root mean square error
(RMSE), and percent bias (PBias). The box indicates the interquartile range (25th—75th percentiles), the horizontal line denotes
the median, the whiskers show the minimum and maximum values, and the point denotes the mean across the 50 site-level values.
The numbers shown above or below the boxes indicate the corresponding mean values.

Across different underlying surface types (Fig. 4a—c), all methods exhibit a common pattern of decreasing gap-filling
performance with increasing gap length, with the most pronounced degradation occurring under the 30 day continuous gap
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scenario. In terms of overall differences among underlying surface types, cropland and wetland show the best gap-filling
performance, maintaining relatively high correlations and low errors across all gap-length scenarios (e.g., AutoML achieves
overall CC values of 0.885 and 0.894 for cropland and wetland, respectively). Forest and grassland exhibit intermediate
performance, with gap-filling accuracy and stability falling between the high- and low-performing underlying surface types.
In contrast, desert and shrubland represent the most challenging underlying surface types for gap-filling. Except for AutoML,
the other methods generally show larger errors, pronounced systematic biases, and reduced stability under these conditions.
AutoML maintains a relatively concentrated PBias distribution and lower RMSE even under these unfavorable conditions,
indicating stronger robustness. Results across different climate zones (Fig. 4d—f) reveal a consistent dependence on gap
length, with all methods experiencing the most substantial performance degradation under the 30 day scenario. In terms of
regional differences, gap-filling performance is relatively better in the Inner Mongolia Temperate Semiarid Zone (IMSZ) and
the Northeast Temperate Subhumid Zone (NETSZ), characterized by higher correlations and lower errors. For example,
AutoML achieves an overall CC of 0.839, RMSE of 22.69 W m™, and PBias of 0.50 % in IMSZ, while NETSZ exhibits the
highest overall CC (0.910) with a relatively low RMSE (28.28 W m™). In contrast, the Southeast Subtropical Humid Zone
(SESHZ), Southern Tropical Humid Zone (STHZ), and Northern Temperate Subhumid Warm Zone (NTSWZ) generally
show lower CC values and higher RMSE values, indicating reduced reconstruction accuracy under these climatic conditions.
However, although arid and semiarid regions generally exhibit stronger correlations and lower RMSE values, some regions,
such as the Northwest Desert Arid Zone (NWDAZ), show comparatively larger systematic deviations, with PBias reaching.
Overall, the results indicate that model performance varies across climate zones, with different regions exhibiting distinct

strengths and limitations when assessed from the perspectives of correlation, absolute error, and systematic bias.

18



510

515

520

0.936 59.30 1820
30day_AutoML
30day_RF
30day_XGBoost
30day_MDS
0852 s1.80 1244
Tday_AutoML
Tday_RF
day_XGBoost
Tday_MDS
o o 4430 668
1day_AutoML
Tday_RF 0871 0831 0831 0.856 0837 0903
1day_XGBoost 0.861 0507 0.825 0846 0823 0879
Tday_MDS i 1
0683 3680 v
30min_AutoML 0919 0879 0.898 0919 0.886 0935
30min_RF 0899 0.866 0.869 0.905 0843 0917
3omin_XGBoost{ 0883 0.845 0853 0.579 0828 0891
30min_MDS 4 0 0800 0.79% 0.788.
. : 0598 2930 s
Al_AutoML 0.885 0816 0.862 0.860 0807 0894
AlL_RF
ANl_XGBoost
All_MDS 0.30
0.514 21.80 T T ~10.50
RMSE (W/m?) ‘ﬁo& & @@‘ ‘?95 ‘&& PBias (%)
B < .
& ¢ o s,go'! <
0938 62.20 860
I0day_AuteML { 0797 0795 0770 0788 042 083 0831
3oday_RF 0788 0775 0.762 0.765 0834 0831 0841
30day_XGBoost 4 0.791 0778 0.769 0.767 0.837 0.820 0824
Tday_AutoML | 0841 0837 074 01 089 0847 0881
Tday_RF 0814 0824 ml 0828 0893 0832 0882
Tday_XGBoost { 0813 X 0708 § 0833
Tday_MDS 0682 073
| oa22 4428 296
tday_AutoML { 0890 0840 0787 0929 0884 0896
Tday_RF 0852 0BI7 0752 0367 0503 0360 0875
1day_XGBoost 0,839 0810 0749 0.858 0.897 0,839 0.863
0614 3532 LAEY
30min_AutoML { 0608 0883 083 093 0938 0917 0925
30min_RF 0861 0875 0801 0916 0830 0895 0912
30min_XGBoost{ 0847 0852 0787 0885 0917 0874 0888
aominvios {0z 0 BSEN oso s esn o
0506 2636 268
All_AutoML 0850 0.540 02 0864 0910 0874 0879
All_RF 0509 0817 0.747 0845 0.881 0.860 0.863
All_XGBoost 0804 0808 0743 080 077 0845 0ss2 4 42 39
- . 0.398 1740 . —5.50
A & & 4 s 4 ccC A & RMSE (W/m?) > PBias (%)
L A S E & P f‘y &
& B = & & & B By & & & = o

Figure 4: Performance of different methods across underlying surface types and climate zones under varying artificial gap
scenarios. The results shown here represent evaluation outcomes under different artificial gap-length scenarios and do not
correspond to separate released gap-filled datasets.

3.1.2 Examples of gap-filled data under artificial 30 day gap-length scenario

Under the artificially imposed 30 day continuous gap scenario, the evaluated gap-filling methods exhibit pronounced
differences in their ability to reconstruct half-hourly LE time series (Figs. 5 and 6). Across different underlying surface types,
AutoML consistently reproduces the diurnal cycles and amplitude characteristics of LE at cropland, forest, grassland, and
wetland sites. Even during extended missing periods, the gap-filled results remain in good agreement with the observed time
series. The daily mean LE and coefficient of variation (CV) further support this conclusion. Across all representative sites,
AutoML generally produces mean LE values closer to observations than MDS and better preserves temporal variability. For
example, at the forest site CN-ARF, the observed mean LE is 81.7 W m2, compared with 79.0 W m2 for AutoML and 72.1

W m™2 for MDS. Similar improvements are observed across most underlying surface types.
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In contrast, MDS frequently exhibits pronounced overestimation or underestimation across multiple underlying surface types,
leading to weakened or distorted diurnal structures; this issue is particularly evident at desert and shrubland sites. Results
across different climate zones show a similar pattern. In arid and high-altitude regions such as the NWDAZ and QTPSZ,
AutoML maintains coherent and continuous temporal patterns during the gap period, whereas MDS displays larger
525 fluctuations and reduced stability. In humid and subtropical climate zones, including NETSZ, NTSWZ, SESHZ, and STHZ,
overall uncertainty increases; nevertheless, AutoML is still able to capture the primary temporal structure of LE, while MDS
tends to amplify noise and attenuate diurnal signals. The statistical summaries shown in Fig. 6 also indicate that AutoML
generally reproduces both the mean state and variability of LE more accurately than MDS across different climate zones.
Overall, these representative examples demonstrate that under long continuous gap conditions, AutoML more effectively
530 preserves the physical plausibility and temporal consistency of LE time series across different underlying surface types and
climate zones. This capability substantially reduces the risk of abnormal fluctuations and structural distortions in the

reconstructed LE records.
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Figure 5: Comparison of gap-filled half-hourly LE time series produced by the AutoML and MDS methods across different

535 underlying surface types under the artificial 30 day gap scenario. Blue dashed boxes highlight time periods where noticeable
deviations between the MDS results and the reference observations are visually apparent, serving as illustrative examples rather
than results of a formal statistical criterion.
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Figure 6: Comparison of gap-filled half-hourly LE time series produced by the AutoML and MDS methods across different

540 climate zones under the artificial 30 day gap scenario. Blue dashed boxes highlight time periods where noticeable deviations
between the MDS results and the reference observations are visually apparent, serving as illustrative examples rather than results
of a formal statistical criterion.
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3.2 Evaluation of half-hourly prolonged LE
3.2.1 Consistency between forward and backward prolongation

The prolongation results in the two temporal directions are highly consistent in a statistical sense (Fig. 7), indicating that the
proposed approach is largely insensitive to the direction of temporal extrapolation and exhibits good stability. The overall
scatter distributions show that both forward and backward prolongation results agree well with observations. The backward
prolongation yields a correlation coefficient (CC) of 0.896 and an RMSE of 35.89 W m, while the corresponding values for
forward prolongation are 0.902 and 35.33 W m?, respectively. The differences between the two directions are small, and
their overall accuracies are at comparable levels.

Across different underlying surface types, cropland, forest, grassland, and wetland exhibit high correlations under both
forward and backward prolongation, with CC values generally close to or exceeding 0.89 and only minor directional
differences. Among these, wetland shows high CC values in both directions but relatively larger RMSE, reflecting the larger
amplitude of LE variability for this underlying surface type. In contrast, desert and shrubland display slightly lower
prolongation accuracy and somewhat larger differences between forward and backward results, suggesting that under land
cover conditions characterized by limited observations or higher variability, the influence of extrapolation direction becomes
relatively more pronounced. Results across different climate zones further support these findings. NETSZ, IMSZ, QTPSZ,
and NWDAZ maintain high consistency between forward and backward prolongation, with most CC values exceeding 0.90.
Although SESHZ and STHZ exhibit relatively higher RMSE, the differences between the two temporal directions remain
limited, indicating that the associated uncertainty primarily arises from climatic conditions rather than the direction of
temporal prolongation. Overall, forward and backward temporal prolongation demonstrate a high degree of consistency in
terms of overall accuracy and performance across underlying surface types and climate zones, with only minor differences

observed under a limited number of high-uncertainty scenarios.
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in the prolongation validation, and N denotes the total number of testing records included in each panel. The color scale represents
the relative density of data points, normalized to highlight areas with higher concentration (warmer colors) and lower
concentration (cooler colors). Panels (c) and (e) show the correlation coefficient (CC) and root mean square error (RMSE) across
different underlying surface types, respectively, while panels (d) and (f) present the corresponding metrics across climate zones.

3.2.2 Temporal stability of the prolongation

To evaluate the temporal stability of the prolongation results during long-term extrapolation, models were trained using
either the first 2 years or the first 6 years of available observations, and their performance was subsequently assessed on a
year-by-year basis for the following periods (Fig. 8). The 2-year training scenario represents an extreme case with minimal
training samples, whereas the 6-year training scenario represents more typical conditions and weather regimes at most sites.
Overall, prolongation results under both training scenarios exhibit good temporal stability, with no evidence of systematic
performance degradation as the extrapolation period increases. In terms of correlation, models trained on the first 2 years
maintain relatively stable CC values in the range of approximately 0.88—0.93 across successive extrapolation years. Models
trained on the first 6 years achieve slightly higher overall CC values and display reduced interannual variability, indicating

that a larger training sample improves the consistency of prolongation results.
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Figure 8: Temporal stability of forward prolongation performance for half-hourly LE using models trained with different lengths
of observational data. In panel (a), bars represent RMSE (left y-axis), while lines represent correlation coefficient (CC, right y-
axis). The x-axis “Year” indicates the calendar year of testing data outside the training interval: for sites with six or more years of
observations, the first six years were used for training and subsequent years (seventh year onward) for testing; for sites with two
or more years, the first two years were used for training and subsequent years for testing. Each bar and line represents the
performance of the model on that year of testing data.

Error metrics show a similarly stable behavior. RMSE varies only modestly with extrapolation year, and models trained with
6 years of data generally produce lower RMSE values with smoother interannual variations. Bias analysis further indicates

that PBias values under both training scenarios fluctuate around zero, with most years remaining within £3 % and no
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systematic offset observed. In comparison, models trained on longer datasets exhibit more concentrated bias distributions.
Taken together, these results demonstrate that the proposed temporal prolongation approach maintains high stability during
long-term extrapolation. Even under the extreme scenario with limited training data, the method preserves reasonable
correlations and error levels. As the length of the training dataset increases, interannual variability in CC, RMSE, and PBias
is further reduced, confirming the suitability of the framework for constructing long-term continuous half-hourly LE time

series.

3.3 Demonstration of different scale prolonged time series

The prolonged series at the half-hourly scale consistently reproduce the observed diurnal cycles and temporal variability (Fig.
9), as reflected by high correlation coefficients (CC ranging from 0.737 to 0.982) and generally low RMSE values
(approximately 4-45 W/m?), with PBIAS mostly within +5% for the majority of sites. At cropland and grassland sites, the
agreement is particularly strong (e.g., CC = 0.98), with accurate representation of peak timing, diurnal amplitude, and overall
magnitude, indicating that the dominant diurnal variability is well reproduced. Forest and wetland sites exhibit larger
amplitudes and more complex short-term fluctuations, yet the prolonged series still track the dominant variability well, with
deviations mainly limited to a few extreme peaks, as reflected by moderate increases in RMSE. In contrast, desert and
shrubland sites show lower LE magnitudes and more irregular variability; under these conditions, the model tends to smooth
isolated extreme values, resulting in slightly reduced CC or increased bias in some cases, but the overall temporal structure
and diurnal patterns remain well preserved. Across climate zones, similar behavior is observed, with relatively higher
uncertainty in arid and high-altitude regions, yet without introducing nonphysical discontinuities or structural distortions.
These results indicate that the proposed framework can reasonably reproduce the major temporal variability and diurnal-
cycle characteristics of LE at the half-hourly scale, providing support for subsequent temporal aggregation.

For the daily scale (Fig. A1) and monthly scale (Fig. A2) analyses, only periods with less than 10 % missing data at the
corresponding aggregation level were considered as valid observations. Half-hourly LE records were aggregated to daily
values, and daily values were further aggregated to monthly values. The AutoML-based prolonged LE data were compared
with observation-based aggregated LE at representative sites. These examples include sites with varying observation lengths
(from 2 to 10 years) and different climate zones and underlying surface types, aiming to demonstrate the robustness and
generalization ability of the proposed method under diverse temporal and environmental conditions. Overall, the prolonged
LE data consistently reproduce the seasonal variation patterns, intra-annual amplitude, and interannual variability of the
observed LE at both daily and monthly scales. Compared with the half-hourly scale, temporal aggregation effectively
smooths high-frequency noise, resulting in more continuous and stable temporal behavior. At cropland, grassland, and forest
sites, the prolonged results show strong agreement with observations in terms of peak timing, seasonal amplitude, and long-
term variability, indicating consistent agreement between prolonged and observed LE across temporal aggregation scales.
For shrubland and wetland sites, where variability is higher and observational samples are relatively limited, some dispersion

remains; however, the prolonged results still follow the main temporal patterns without evident systematic bias. Across
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different climate zones, both daily and monthly LE data exhibit good consistency with observations, indicating consistent

625 agreement between prolonged and observed LE across temporal aggregation scales.
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Figure 9: Demonstration of half-hourly prolonged LE time series across different typical sites.
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4 Discussion
4.1 Comparison between ChinaFlux and our dataset

The preceding sections have demonstrated the stability of the proposed gap-filling and temporal prolongation framework
across multiple temporal scales. To further assess the reliability of the final dataset, we compared the constructed LE dataset
with the original eddy covariance observations from the 50 ChinaFlux sites used in this study (see Sect. 2.1). Given the
widespread occurrence of missing data in flux measurements, only observations with zero missing rates at the corresponding
temporal scale were selected as reference data for comparison. As shown in Fig. 10, the two datasets exhibit similar
distributional characteristics at both the half-hourly and daily scales, considering the overall samples as well as stratifications
by underlying surface type and climate zone. For most categories, the median values and interquartile ranges (25th—75th
percentiles) of the reconstructed dataset closely overlap with those of the ChinaFlux observations, and the overall spread
represented by the whiskers is also similar. These results indicate that the gap-filling and temporal prolongation procedures
generally preserve the central tendency and variability of the original observations. Differences between the two datasets are
more noticeable for desert and shrubland sites, where both datasets exhibit wider distribution ranges and larger interquartile
spreads than other land-cover types, reflecting greater variability in LE under these conditions. Nevertheless, no systematic
shift toward higher or lower LE values is evident in the reconstructed dataset across the examined underlying surface types

or climate zones.
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Figure 10: Comparison of data distributions between the reconstructed LE dataset and ChinaFlux observations at half-hourly (a,b)
and daily (c,d) scales across different underlying surface types and climate zones.

Figure 11 presents comparisons aggregated by underlying surface type and climate zone at the daily, monthly, and annual
scales. As the temporal scale progresses from daily to monthly and annual, the agreement between the two datasets further

improves and dispersion decreases markedly, which is expected due to temporal aggregation and should not be interpreted as
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evidence of improved model performance. Instead, the key result is that the reconstructed dataset remains closely aligned
with the ChinaFlux observations across aggregation scales in terms of median values, distribution ranges, and temporal
variability. In particular, at the monthly and annual scales, the two datasets remain highly consistent in terms of variation
magnitude and interannual trends, indicating that the prolongation procedure preserves the large-scale temporal
characteristics represented by the original observations without introducing substantial systematic deviations. It should be
noted that the aggregated ChinaFlux results still exhibit some dispersion at specific sites and periods, primarily due to
continuous data gaps within certain months or years. In contrast, the dataset constructed in this study incorporates continuous
reanalysis and remote sensing information to estimate LE at each time step during missing periods, thereby maintaining
temporal continuity under conditions of limited observations. This continuous reconstruction enables complete monthly and
annual aggregation even during periods affected by observational gaps, thereby improving temporal completeness while
maintaining consistency with the available observations. As a result, the constructed dataset exhibits more stable statistical

characteristics at the monthly and annual scales.
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Figure 11: Comparison between the reconstructed LE dataset and ChinaFlux observations aggregated at daily (a,d), monthly (b,e),
and yearly (c,f) scales for different underlying surface types and climate zones. For daily-scale comparisons, only days with less
than 10 % missing half-hourly LE observations were retained as valid samples. For monthly-scale comparisons, only months with
less than 10 % missing daily LE observations were included. For yearly-scale comparisons, only years with less than 10 % missing
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daily LE observations were considered valid. These screening criteria were applied to ensure that the ChinaFlux reference data
were primarily based on direct observations rather than gap-filled values.

4.2 Uncertainty assessment of gap-filling performance

To further evaluate the robustness of the proposed gap-filling framework, the uncertainty of AutoML-based half-hourly
latent heat flux (LE) reconstruction was assessed using 20 repeated experiments under each artificial gap scenario, with
different random data splits and gap realizations. The resulting distributions of CC, RMSE, and PBias are summarized in Fig.
12, providing an empirical estimate of the uncertainty associated with the gap-filling procedure. Overall, the dispersion of
the three metrics remains limited across all scenarios, indicating that the model performance is not strongly sensitive to
random sampling effects and that the proposed framework is statistically stable. At the shortest gap scale (30 min), the model
shows the highest accuracy and the lowest uncertainty, with CC consistently concentrated around 0.91, RMSE around 30-31
W/m?, and PBias remaining close to zero, generally within about 1 %. As gap length increases, uncertainty gradually rises,
as reflected by the broader interquartile ranges and whisker spans of all three metrics. For the 1 day and 7 day scenarios, CC
decreases to approximately 0.88 and 0.85, respectively, while RMSE increases to about 33—34 and 35-37 W/m?, and PBias
remains centered near zero with only moderate spread. Even under the most challenging 30 day continuous-gap scenario, the
model still maintains a relatively concentrated performance distribution, with CC generally around 0.81-0.83 and RMSE
around 36-39 W/m?, although PBias exhibits a larger positive spread, with median values around 1.5 %. These results
indicate that the main source of increasing uncertainty is the reduced ability to recover fine-scale LE variability under long
continuous gaps, rather than the emergence of strong systematic bias. From a practical perspective, this uncertainty analysis
demonstrates that the AutoML framework remains robust across repeated realizations and varying gap conditions, while also
quantifying the expected decline in reconstruction confidence as gap length increases. Therefore, the repeated-experiment
distributions shown in Fig. 12 provide an empirical uncertainty bound for the use of gap-filled LE data, which is particularly

informative for applications involving long missing periods or uncertainty-sensitive analyses.

[ 125%~75% 1 25%-75% — Medianline @ mean value
40

=

0.90 24

B
035 = } j =

. = O'

0.80 28 -1
30min lday 7day 30day 30min lday 7day 30day 30min lday 7day 30day

Artificial gap scenarios Artificial gap scenarios Artificial gap scenarios

[F%]
[«

CcC
RMSE (W/m?)
PBias (%)

30



690

695

700

705

710

715

Figure 12: Uncertainty of AutoML-based half-hourly LE gap-filling performance under different artificial gap scenarios (30 min,
1 day, 7 day, and 30 day), estimated from 20 repeated experiments with different random data splits and gap realizations. Boxplots
show the distributions of correlation coefficient (CC), root mean square error (RMSE), and percentage bias (PBias).

4.3 Importance of input features

To further understand how the model represents latent heat flux (LE) under different environmental conditions, the SHapley
Additive exPlanations (SHAP) method was applied to quantify the relative importance of input features and their
contributions to model predictions. Figures 13 and 14 present the SHAP results for the full sample and for grouped analyses
based on underlying surface types and climate zones, respectively, illustrating the relative contributions and distributions of
individual predictors to LE estimation. For the full sample (Fig. 13a), variables directly related to surface energy supply
dominate the model, with net radiation (Rn) and energy-related terms associated with LE exhibiting the highest importance.
This result indicates that the model broadly adheres to the fundamental physical constraints of evapotranspiration, whereby
energy availability is the primary control on LE variability. At the same time, vegetation-related variables such as leaf area
index (LAI) and normalized difference vegetation index (NDVI) also show substantial importance, highlighting the
significant regulatory role of vegetation growth and seasonality in evapotranspiration processes. In contrast, variables
characterizing atmospheric conditions and water availability (e.g., vapor pressure deficit (VPD), soil moisture, and
precipitation) contribute less at the full-sample level, although they still play important complementary roles under specific
environmental conditions.

Across different underlying surface types (Fig. 13b—g), the ranking of feature importance exhibits pronounced differences.
For cropland, forest, and grassland, energy-related variables and vegetation indices jointly dominate LE variability,
indicating that in ecosystems with relatively dense vegetation cover, evapotranspiration is simultaneously controlled by
radiative conditions and vegetation physiological activity. In contrast, for desert and shrubland, the importance of vegetation-
related variables decreases markedly, while radiation- and atmosphere-related factors become relatively more influential,
suggesting that under sparse vegetation conditions, LE is more directly constrained by energy input and atmospheric
evaporative demand. This is also consistent with the dominance of evaporation over transpiration in these ecosystems, where
limited vegetation cover reduces the contribution of plant physiological processes, leading to a weaker explanatory power of
vegetation-related variables. Wetlands show relatively high contributions from both energy-related and water-related

variables, reflecting the critical role of water availability in regulating evapotranspiration in these environments.
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Figure 13: SHAP-based feature importance and contribution patterns for LE prediction across all samples and different
underlying surface types. Bars represent the mean absolute SHAP values, which quantify the average contribution of each

720  predictor to model output and are shown together with their relative importance percentages. In the beeswarm plots, each point
represents one half-hourly sample, and its horizontal position indicates the SHAP value of the corresponding predictor. Positive
SHAP values indicate a positive contribution to predicted LE, whereas negative values indicate a negative contribution. Point
colors represent the normalized magnitude of the predictor value, ranging from low (purple) to high (yellow).
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The SHAP results across different climate zones (Fig. 14) further elucidate how the model responds to regional climatic
differences. Overall, energy-related variables consistently dominate across all climate zones, but their relative rankings and
secondary controlling factors vary substantially among regions. In humid and subhumid climate zones (e.g., NTSWZ,
NETSZ, and SESHZ), net radiation (Rn) and shortwave radiation (Rs) consistently rank among the most important
predictors, indicating that LE variability is primarily controlled by surface energy supply. Meanwhile, LE itself and
vegetation state variables such as LAI and NDVI contribute persistently, albeit to a lesser extent than energy terms,
reflecting the modulation of evapotranspiration by vegetation seasonality. By contrast, atmospheric and soil moisture
variables (e.g., VPD, soil moisture content (SMC), and precipitation) generally exhibit lower importance and mainly act as
secondary regulators. In arid and semiarid climate zones (e.g., IMSZ, QTPSZ, and NWDAZ), the relative importance of
energy-related variables (Rn and Rs) and LE further increases, while the contribution of vegetation indices declines
markedly. Sparse vegetation cover in these regions results in increased exposure of bare soil surfaces, leading to a greater
contribution of soil evaporation relative to plant transpiration and thereby reducing the explanatory power of vegetation-
related variables. At the same time, atmospheric variables such as air temperature and VPD enter the upper ranks of
importance in some regions, indicating that under water-limited conditions, LE is more directly constrained by the combined
effects of energy input and atmospheric evaporative demand. In particular, in the plateau climate zone (QTPSZ), air
temperature and soil moisture variables also exhibit non-negligible importance in addition to radiative factors, reflecting the

integrated modulation of evapotranspiration by complex terrain and low-temperature environments.
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Figure 14: SHAP-based feature importance and contribution patterns for LE prediction across different climate zones. Bars
represent the mean absolute SHAP values, which quantify the average contribution of each predictor to model output and are
shown together with their relative importance percentages. In the beeswarm plots, each point represents one half-hourly sample,
and its horizontal position indicates the SHAP value of the corresponding predictor. Positive SHAP values indicate a positive
contribution to predicted LE, whereas negative values indicate a negative contribution. Point colors represent the normalized
magnitude of the predictor value, ranging from low (purple) to high (yellow).
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5 Conclusion

This study developed a unified gap-filling and temporal prolongation framework for half-hourly latent heat flux (LE)
observations and produced a continuous benchmark dataset based on 50 ChinaFlux sites across China. By integrating eddy
covariance observations with remote sensing and reanalysis information, the dataset substantially reduces the impact of data
gaps and heterogeneous observation periods that commonly limit the direct use of flux tower measurements.

The primary contribution of this work is the establishment of a long-term, half-hourly LE benchmark dataset covering the
period 2000-2024. Compared with existing site observations, the reconstructed dataset provides temporally continuous
records while preserving the major temporal characteristics and statistical properties of the original measurements across a
wide range of land-cover types and climate zones. This improves the usability of ChinaFlux observations for applications
that require continuous long-term records, including evapotranspiration product evaluation, land surface model
benchmarking, water—energy cycle analysis, and climate change studies.

In addition to the LE dataset itself, the study provides a standardized framework for addressing missing observations and
unequal observation periods in flux networks. The methodology is designed to maximize the value of existing eddy
covariance measurements while maintaining consistency with the physical controls governing evapotranspiration processes.
The resulting benchmark dataset offers an observation-based reference for evaluating and improving remote sensing
products and model simulations across diverse environmental conditions in China.

By providing continuous half-hourly LE records together with supporting auxiliary data and source information, this dataset
enhances the accessibility and long-term usability of ChinaFlux observations. We anticipate that it will serve as a valuable
resource for the broader hydrological, ecological, and climate research communities and facilitate future studies of terrestrial

water, energy, and carbon interactions across China.
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Appendix A

Table Al. Basic information for 50 sites in China. Stations marked with “*” provide only interpolated time series data (without
QA/QC-filtered observations). Elevation refers to the ground elevation of the flux tower site above mean sea level. Height refers to
the heights of the towers above ground (the value in parentheses). The Number of LE Data and Missing Ratio columns are
calculated from these quality-screened reliable records. The forest sites are subdivided as follows, CN-BN1: Tropical Seasonal

775 Rainforest; CN-BTM: Natural Oak Forest; CN-CBS: Broad-Leaved Red Pine Forest; CN-DHS: Mixed Coniferous Broad-Leaved
Forest; CN-HHL: Poplar—Tamarisk Mixed Forest; CN-HYL: Euphrates Poplar Forest; CN-HZF: Temperate Boreal Coniferous
Forest; CN-JFS: Subtropical Evergreen Broad-Leaved Forest; CN-PDF: Shrub-Dominated Secondary Forest; CN-QYZ:
Coniferous Plantation; CN-XLD: Quercus variabilis Plantation; CN-YS3: Coniferous Plantation.

Stalllt)ion 1§]ITE Longitude Latitude Climate Ulslg:;zieng Elevation :VT::; APn'ual' N:tfrll}er Miss.ing Start  End
ame zone type and Height temperature precipitation Data ratio yea year
(°E) (°N) (m) (°C) (mm)

1+ CN-JFS  107.1508  29.0217  SESHZ Forest 1543 (28) 8.2 1434 35088 0000 2020 2021
2% CN-NQF 92,0167  31.6500  QTPSZ  Grassland ~ 4585(2.3) 1.9 430 37648 0000 2014 2018
3 CN-QYZ 1150667 267333  SESHZ Forest 110 39.6) 17.9 1489 227904 0000 2003 2015
4 CN-XLD 1124667 350167 NTSWZ Forest 410 (36) 134 641.7 35088 0000 2016 2017
5 CN-DHS ~ 112.5343  23.1738  STHZ Forest 300(38) 225 1714 140256 0.000 2003 2011
6 CN-HB3 1013333 37.6667 QTPSZ  Grassland ~ 3200(2.5) -1.7 580 140256 0000 2003 2011
7 CN-DXF  91.0833 308500 QTPSZ  Grassland ~ 4333(22) 13 471 122736 0000 2004 2011
g CN-NMG 1164040 433255  IMGZ  Grassland ~ 1317(2.5) 21 365 122736 0000 2004 2011
9 CN-DSL 989406  38.8399  QTPSZ  Wetland  3439(4.5) -1.2 410 44427 0001 2014 2016
10 CN-YJF 1021775 234739  STHZ  Grassland 533 (13.9) 23.8 711.8 46800 0001 2013 2016
11+ CN-BTM 1119352 334997  SESHZ Forest 1410.7 38) 152 830 35040 0001 2017 2019
12 CN-CLF 1234703  44.5966  NETSZ  Cropland 143(2) 64 500 43617 0009 2018 2021
13 CN-Cng 1235092 445934  NETSZ  Grassland 145(2) 5.6 420 58312 0023 2007 2010
14 CN-HaM  101.1800  37.3700 ~ QTPSZ  Grassland ~ 3150(2.2) 038 520 50439 0036 2002 2004
;5 CN-MWS 1072300  37.7100  IMSZ  Shrubland  1330(6.2) 83 293 33863 0044 2012 2016
16 CN-HBl 1013167  37.6167 QTPSZ  Grassland ~ 3200(2.5) -1.7 580 100449 0045 2004 2009
17 CN-LCA  114.6833  37.8833 NISWZ  Cropland ~ 50.13.5) 134 341 66910 0046 2013 2017
18 CN-XLH 1166714 435544  IMGZ  Grassland ~ 1250(4) 2.6 349 162766 0053 2006 2015
19 CN-JRF 1192173 31.8068  SESHZ  Cropland 153.5) 15.7 1080 98580 0059 2015 2020
20 CN-GCF  115.6667 ~ 39.1333  NTSWZ  Cropland 15(4.3) 122 528 43351 0136 2020 2022
21 CN-YCA 1165702  36.8290 NTSWZ  Cropland 28(3.3) 131 528 120206 0143 2003 2011
» CN-REG ~ 102.5500  32.8000 QTPSZ  Grassland 3500 (2.5) L5 747 23600 0153 2015 2020
23 CN-DTH  113.0525 294875  SESHZ  Wetland 68(6.5) 164 1382 39638 0197 2006 2008
24 CN-BNI  101.2653  21.9275  STHZ Forest 756 (72) 215 1556.8 108316 0228 2003 2011
25 CN-CBS 1280958 424025  NETSZ Forest 1080 (61.5) 38 800 99328 0278 2003 2010
2% CN-JZF  121.2017  41.1480 NTSWZ  Cropland 2305) 8.5 640 110654 0369 2005 2014
27 CN-PIS 1219646 409328 NTSWZ  Wetland 3842 9.5 631 31866 0393 2018 2020
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28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

CN-SJZ
CN-Du2
CN-HZF
CN-Hgu
CN-PDF
CN-LDF
CN-YSI
CN-SJY
CN-SSW
CN-HB2
CN-NTF
CN-HYL
CN-ARF
CN-YS3
CN-ZYF
CN-BJT
CN-DMF
CN-HZZ
CN-YKF
CN-HHL
CN-DMZ
CN-HMF
CN-QJF

118.9809
116.2836
121.0178
102.5900
106.3167
101.1326
116.6563
100.4800
100.4933
101.3119
101.1338
101.1239
100.4643
116.6588
100.4464
100.3042
110.3315
100.3186
100.2421
101.1335
100.3722
100.9872
118.2500

37.7664
42.0466
51.7811
32.8453
26.6000
41.9993
40.4190
34.3547
38.7892
37.6094
42.0048
41.9932
38.0473
40.4165
38.9751
38.9150
41.6439
38.7652
38.0142
41.9903
38.8555
42.1135
31.9667

NTSWZ
IMGZ
NETSZ
QTPSZ
SESHZ
NWDAZ
NTSWZ
QTPSZ
NWDAZ
QTPSZ
NWDAZ
NWDAZ
QTPSZ
NTSWZ
NWDAZ
NWDAZ
IMGZ
NWDAZ
QTPSZ
NWDAZ
NWDAZ
NWDAZ
SESHZ

Wetland
Grassland
Forest
Grassland
Forest
Desert
Shrubland
Grassland
Desert
Grassland
Cropland
Forest
Grassland
Forest
Wetland
Desert
Grassland
Desert
Grassland
Forest
Cropland
Desert

Cropland

35(3)
1350 (5)
773 (37)

3480 (2.5)
1170 (24)

878 (3)
141 (30)

3950 (2.2)

1594 (4.6)

3200 (2.2)
875 (3.5)
876 (22)

3033 (3.5)
328 (30)

1460 (5.2)

1562 (4.6)

1409 (2.3)

1731 (4.6)

4146 (3.2)
874 (22)

1556 (4.5)

1054 (4.5)
18 (1.5)

12.66
2.4
-4.4
1.2
15.96
9.75
12.5
-2.9
7.29
-1.7
9.75
9.75
-0.8
12.5
7.29
7.29
4.6
7.29
23
9.75
7.29
9.75
15.8

604
380
481.6
720
1432
37.31
580
531
184.83
550
37.31
37.31
410
580
184.83
184.83
255.2
184.83
41.0
37.31
184.83
37.31
1090

84696
39647
49790
25881
46063
22885
18426
45943
20520
53371
20381
21210
59548
16344
75913
14415
69214
66672
26064
58114
38125
34189
12543

0.396
0.413
0.432
0.438
0.451
0.473
0.473
0.476
0.486
0.493
0.493
0.507
0.515
0.534
0.567
0.571
0.605
0.620
0.628
0.647
0.660
0.746
0.762

2011
2015
2014
2015
2015
2013
2020
2012
2013
2015
2013
2013
2013
2020
2013
2013
2013
2013
2015
2013
2013
2015
2017

2018
2018
2018
2017
2019
2015
2021
2016
2015
2020
2015
2015
2019
2021
2022
2014
2022
2022
2018
2022
2019
2022
2020
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780 Table A2. Data Source Information for flux towers.

Station_ID Reference DOI Data DOI
1 10.11922/11-6035.¢sd.2023.0103.zh http:/dx.doi.org/10.57760/sciencedb.000119.00048
2 10.11922/11-6035.¢sd.2024.0098.zh https://doi.org/10.57760/sciencedb.j00001.00821
3 10.11922/11-6035.csd.2024.0142.zh https://doi.org/10.57760/sciencedb.ecodb.00105
4 10.11922/11-6035.¢sd.2023.0082.zh https://doi.org/10.57760/sciencedb.ecodb.00095
5 10.11922/csdata.2020.0046.zh http://www.dx.doi.org/10.11922/sciencedb.1009
6 10.11922/csdata.2020.0034.zh http://www.sciencedb.cn/dataSet/handle/1007
http://www.dx.doi.org/10.11922/sciencedb.j00001.002
10.11922/csdata.2020.0026.zh
7 48
https://doi.org/10.12199/nesdc.ecodb.chinaflux200  https://doi.org/10.12199/nesdc.ecodb.chinaflux2003-
8 3-2010.2021.nmg.006 2010.2021.nmg.006
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30123
9 10.11922/11-6035.¢sd.2024.0141.zh ;
http://www.dx.doi.org/10.11922/sciencedb.j00001.000
10.11922/csdata.2020.0057.zh
10 66
http://www.dx.doi.org/10.57760/sciencedb.j00001.008
10.11922/11-6035.¢sd.2023.0124.zh
11 59
12 10.11922/11-6035.¢sd.2023.0048.zh https:/doi.org/10.57760/sciencedb.000119.00068
13 https://doi.org/10.18140/FLX/1440209 https://fluxnet.org/sites/siteinfo/CN-Cng
14 https://doi.org/10.18140/FLX/1440190 https://fluxnet.org/sites/siteinfo/CN-HaM
15 10.17521/cjpe.2023.0001 https://doi.org/10.57760/sciencedb.ecodb.00094
16 10.11922/csdata.2020.0033.zh http://www.sciencedb.cn/dataSet/handle/1010
17 10.11922/11-6035.¢sd.2023.0031.zh https://doi.org/10.57760/sciencedb.000119.00050
18 10.11922/11-6035.¢sd.2023.0059.zh http://doi.org/10.57760/sciencedb.07140
19 10.11922/11-6035.¢sd.2023.0072.zh http://dx.doi.org/10.57760/sciencedb.07131
20 10.11922/11-6035.¢sd.2023.0022.zh https://doi.org/10.57760/sciencedb.000119.00071
21 10.11922/csdata.2020.0044.zh http://www.doi.org/10.11922/sciencedb.j00001.20002
22 10.11922/11-6035.¢sd.2023.0009.zh https://dx.doi.org/10.57760/sciencedb.000119.00052
23 10.11922/11-6035.¢sd.2023.0055.zh https://doi.org/10.57760/sciencedb.000119.00070
http://www.dx.doi.org/10.11922/sciencedb.j00001.001
10.11922/csdata.2020.0037.zh
24 77
25 https://www.sciengine.com/CSD/doi/10.11922/csda http://www.dx.doi.org/10.11922/sciencedb.1000
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26
27
28
29
30
31
32

33

34

35

36
37

38

39

40
41

42

43
44

45

46

47

ta.2020.0041.zh
10.11922/11-6035.¢sd.2023.0007.zh
10.11922/11-6035.¢sd.2023.0004.zh
10.11922/11-6035.ncdc.2023.0007.zh

https://doi.org/10.18140/FLX/1440140

10.11922/11-6035.¢sd.2023.0019.zh

https://doi.org/10.18140/FLX/1669632

10.11922/11-6035.¢sd.2023.0063.zh

10.11922/11-6035.¢sd.2024.0099.zh

10.11922/11-6035.¢sd.2023.0030.zh
10.11922/11-6035.¢sd.2023.0056.zh

10.11922/11-6035.¢sd.2024.0099.zh

10.11922/11-6035.¢sd.2023.0012.zh

10.11922/11-6035.¢sd.2024.0099.zh

10.11922/11-6035.¢sd.2024.0099.zh

10.11922/11-6035.¢sd.2024.0141.zh

10.11922/11-6035.¢sd.2023.0030.zh

10.11922/11-6035.¢sd.2024.0099.zh

10.11922/11-6035.¢sd.2024.0099.zh

10.11922/11-6035.¢sd.2023.0021.zh

10.11922/11-6035.¢sd.2024.0099.zh

10.11922/11-6035.¢sd.2024.0141.zh

10.11922/11-6035.¢sd.2024.0099.zh

39

https://doi.org/10.57760/sciencedb.000119.00062
https://doi.org/10.57760/sciencedb.06829
https://doi.org/10.57760/sciencedb.j00001.00867
https://fluxnet.org/sites/siteinfo/CN-Du2
https://doi.org/10.57760/sciencedb.000119.00063
https://fluxnet.org/sites/siteinfo/CN-Hgu
https://doi.org/10.57760/sciencedb.000119.00074
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30118
4
https://doi.org/10.57760/sciencedb.000119.00035
https://doi.org/10.57760/sciencedb.000119.00025
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30118
4
https://dx.doi.org/10.57760/sciencedb.06764
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30118
4
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30118
4
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30123
3
https://doi.org/10.57760/sciencedb.000119.00035
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30118
4
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30118
4
https://doi.org/10.57760/sciencedb.000119.00043
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30118
4
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30123
3
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30118
4



48

49
50

10.11922/11-6035.¢sd.2024.0099.zh

10.11922/11-6035.¢sd.2024.0099.zh

10.11922/11-6035.¢sd.2023.0001.zh

https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30118
4
https://www.scidb.cn/doi/10.11888/Atmos.tpdc.30118
4
https://doi.org/10.57760/sciencedb.j00001.00779
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Figure Al: Demonstration of daily prolonged LE time series across different typical sites.
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Figure A2: Demonstration of monthly prolonged LE time series across different typical sites.
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Data availability

This study publicly releases a temporally continuous half-hourly latent heat flux (LE) dataset for flux tower sites across
China, together with multi-temporal-scale aggregated products and key driving variables used for gap-filling and temporal
prolongation. The dataset covers the period from 2000 to 2024 and includes the following data products.

1) Half-hourly LE data (2000-2024). The half-hourly LE dataset represents the core product of this study and provides
complete time series for all flux tower sites. Each record is accompanied by a quality flag (QC_LE) indicating its data source:
T denotes half-hourly LE derived from original flux tower observations; F represents gap-filled LE generated within the
observation period using the AutoML framework; and P indicates LE values produced through temporal prolongation
beyond the observation period using the same framework. For the 40 sites with original observations, T corresponds to
original QA/QC-filtered tower observations. For the 10 marked sites, however, T represents provider-supplied complete LE
time series within the nominal observation period and should not be interpreted as purely original observations. This
distinction is explicitly stated in Appendix Table Al and in the Readme.txt file. All half-hourly data follow a unified time
format, with timestamps referenced to local site time to ensure temporal continuity and traceability. Timestamps are
provided in the format YYYYMMDD-HHMM (e.g., 20120101-1530), representing local date and time at each site. Each
timestamp denotes the beginning of the corresponding 30 min flux-averaging period. For example, the records for 1 January
2012 range from 20120101-0000 to 20120101-2330, representing 48 half-hourly time steps, and 20120101-1530 indicates
the start of the 15:30-16:00 local-time interval.

2) Daily, monthly, and annual aggregated data. Daily, monthly, and annual LE products were directly aggregated from the
gap-filled and temporally prolonged half-hourly LE time series and cover the period 2000-2024. All aggregated products
originate from the same half-hourly dataset, ensuring full temporal consistency across different time scales. For each
temporal scale, instead of assigning a single categorical quality flag, we provide N_obs, defined as the number of half-hourly
observations (QC_LE = T) contributing to the aggregated value (e.g., 0—48 for daily data). This explicit representation of
observation availability allows users to assess the proportion of measured versus reconstructed data within each aggregated
value, enabling flexible data screening based on research needs while retaining stable and continuous datasets for long-term
hydrological and climate change studies.

3) Auxiliary driving data. To enhance reproducibility and extensibility, key driving variables used for LE gap-filling and
temporal prolongation are also provided. These include hourly meteorological and energy balance-related variables from
ERAS5-Land, as well as NDVI and LAI products from MODIS. All auxiliary datasets have been spatially and temporally
matched to the LE data and can be directly used for method reproduction or extended analyses.

In addition, the code used for LE gap-filling and temporal prolongation is publicly available and provided alongside the

dataset, enabling full reproducibility of the data processing workflow and facilitating reuse for similar applications.
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All data products are released in CSV format, with file names clearly indicating temporal scale and variable type to facilitate
data access and use. The product has been deposited at https://doi.org/10.5281/zenodo.18194590 (Qian et al., 2026) and can
be downloaded publicly.
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