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Seamless finer-resolution soil 
moisture from the synergistic 
merging of the FengYun-3 satellite 
series
Daniel F. T. Hagan  1,2,9, Seokhyeon Kim  3,9, Guojie Wang2 ✉, Xiaowen Ma2,9, Yifan Hu2, 
Yi Y. Liu4, Alexander Barth5, Haonan Liu2, Waheed Ullah6, Isaac K. Nooni7 & Samuel A. Bhatti8

In the last years, more satellites with microwave imagers have been launched, making more 
observations available to obtain soil moisture estimates globally. China’s endeavour has resulted in the 
launch of the FengYun (FY) passive microwave observations (FY-3B, C, D) capable of filling in global soil 
moisture data gaps. In this study, we develop a merged soil moisture dataset at a spatial resolution of 
0.15° from the FY series which spans 2011 to present time (2020 in this study) by a merging technique 
that minimizes mean square error (MSE) using the signal-to-noise ratio of the input parent products. 
Here, we combine the ascending and descending observations from the three satellite observations 
to obtain sub-daily estimates. Finally, we averaged the merged sub-daily FY soil moisture into daily 
estimates and gap-fill it using a deep learning interpolation approach to reconstruct the missing days 
while preserving the characteristics of the Merged FY data. The results of this study aim to provide 
datasets that meet challenges in using global satellite soil moisture observations.

Background & Summary
In the past four decades, passive microwaves (L-, C-, and X-bands) have become crucial for retrieving global 
near-surface soil moisture due to their ability to penetrate clouds and vegetation1–4. Major institutions like the 
European Space Agency (ESA) have thus focused on providing observations from passive microwave imagers 
onboard satellites as an alternative to in situ soil moisture measurements. Additionally, it has been recognized as 
an essential climate variable by GCOS(2010) because of its role in regulating terrestrial water, energy, and carbon 
cycles5. This recognition has led to special satellite missions like the Soil Moisture and Ocean Salinity (SMOS)6,7 
and the Soil Moisture Active Passive (SMAP)8, dedicated to providing high-quality soil moisture observations 
globally from L-band (1.4) GHz) brightness temperature observations. Recently, China’s FengYun (FY-) 3B, C, 
and D passive microwave observations (PMWs) have extended the legacy of existing observations from 2011 
to the present at sub-daily local times of 1:30, 10:15, 13:30, and 22:159. However, soil moisture estimates from 
PMWs so far have come at coarse resolutions with spatial and temporal gaps, limiting their near real-time appli-
cations. Additional limitations include finite satellite lifespans leading to the cessation of observations and data 
gaps due to discontinuous revisit times at each location. This study aims to develop a soil moisture dataset usable 
in various fields by addressing the shortcomings of the FY3 series through two approaches. The first approach is 
to improve performance by merging existing finer-resolution FY3 soil moisture datasets, leveraging their indi-
vidual strengths. The second approach is to fill the data gaps in the merged product to increase the available FY3 
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soil moisture estimates by interpolating the gaps of unobserved times using a deep learning approach, although 
interpolations are mainly as good as the amount and quality of available observations from which to learn.

The FY3 PMWs have recently demonstrated reliable potential for creating satellite-based long-term 
soil moisture data2. Consequently, the CCI-SM began including the FY3 PMWs within their framework. 
Furthermore, Wang et al.10 showed in a preliminary study that combining the FY-3B and FY-3C observa-
tions could provide reliable global soil moisture estimates. This study extends the works of Hagan et al.2 and 
Wang et al.10 by merging six sub-daily soil moisture retrievals from the three FY3 PMWs (two overpasses 
from each), from 2011 to 2020, to create global daily soil moisture estimates using the signal-to-noise-ratio 
optimization (SNR-opt) approach11 for merging multiple datasets. Unlike the approach used by Hagan et al.2, 
the SNR-opt does not require reference data. This implies that the merged output would be entirely intrinsic 
to the characteristics of the parent estimates. Here, we rely on the land parameter retrieval model (LPRM)12, 
which is also the soil moisture retrieval model for the CCI-SM PMWs, to obtain the soil moisture retrievals. 
While previous FY3 datasets developed at a spatial resolution of 0.25°, we obtain the retrievals here at a finer 
spatial resolution of 0.15° following Parinussa et al.13. However, even with merging schemes like SNR-opt 
and other common approaches, merged datasets are still limited by gaps from the 2-4 day revisit times of 
polar-orbiting satellites. Whereas model-based merging schemes, outputs from statistical14 and machine 
learning15,16 gap-filling approaches are generally intrinsic to the satellite observations themselves. One such 
approach is the recently proposed DINCAE (Data INterpolating Convolutional Auto-Encoder), which uses 
a neural network with the structure of a convolutional auto-encoder to reconstruct a satellite dataset with 
gaps in it17. Here, we apply the DINCAE to the daily FY3 global soil moisture to fill in the gaps to generate 
gap-filled consistent soil moisture estimates from July 2011 to December 2020, which will be extended as 
more observations become available. Additionally, DINCAE provides reliable pixel-wise time-varying error 
estimates of the reconstructed field, which is generally difficult to obtain with traditional reconstruction 
methods. This gap-filled soil moisture dataset can complement existing ones like the CCI-SM by addressing 
limitations caused by missing observations in current records for research and application. Furthermore, we 
validate the merged, gap-filled datasets using global networks of in situ and SMAP soil moisture observations 
and reanalysis products to assess the relative qualities and uncertainties in the merged FY3 observations. 
Evaluations over different climate conditions showed that the Merged FY leveraged the strengths of the par-
ent products to produce superior skills in terms of consistently high correlations and minimized errors.

Methods
Data Sources. Satellite datasets. This study uses the brightness temperatures of the microwave radiation 
imager (MWRI) onboard the FY-3B, FY-3C and FY-3D polar-orbiting satellites for the years 2011 to 2020, when 
observations from all the satellites are available9. FY-3B, and FY-3D were launched in November 2010 and 2017 
respectively, with a common equator overpass local time of 01:30 for its descending and 13:30 for its ascending 
overpasses. On the other hand, FY3C, launched in September 2013, comes with a local equatorial overpass time 
of 10:15 for its descending and 22:15 for its ascending. Nonetheless, because of the high similarities between the 
FY-3B&D and FY-3C regarding the instrument specification and errors, we only need to focus on their observa-
tion time differences in the merging scheme here10. Details of the specifications of the three sensors are presented 
in Table 1. In this study, 0.15° soil moisture anomalies are retrieved with LPRM for FY-3B and FY-3D12,13,18, while 
the retrievals from FY-3C are based on the retrieval setup presented by Wang et al.10 due to the differences in ther-
mal equilibrium at the different overpass times noted in the aforementioned studies. To adequately understand 
the relative qualities in the data developed in this study, we selected an existing high-resolution satellite soil mois-
ture data, whose spatial resolution would be close to 15 km, as an independent reference for validation. SMAP, 
which was launched by NASA as a special mission to provide global land surface soil moisture observations 
(about the top 5 cm)8, serves as a good candidate in this regard. The observations come at a revisit time of about 2 
to 3 days at a spatial resolution of 36 km. The ascending and descending overpass observations come at 6:00 and  
18:00 local time which have been suggested to be optimal times for soil moisture monitoring because of increased 
thermal equilibrium8. In this study, we use the Version 4 (SPL3SMP_E) SMAPL3 soil moisture observations  
that come at a spatial resolution of 9 km. These are resampled to fit the resolution of the FY3 datasets (i.e., 0.15°). 
Details of the SMAP data used here can be found at https://nsidc.org/data/spl3smp_e/versions/4, last access: 21 
November 2022.

Reanalysis dataset. We rely on the soil moisture and precipitation datasets from the fifth generation of the 
global model products of the European Centre for Medium Range Weather Forecast (ERA5) for preprocess-
ing and validating the satellite datasets. The ERA5 was developed as an improvement and successor of the 
ERA-Interim. Here, we use soil moisture from the offline land model product of the ERA5-Land, which comes 

Frequency(GHz) Polarization Bandwidths(MHz)
Sample size 
footprint(km × km) Orbit type

Incidence 
angle(°)

Swath 
width(km)

10.65 V/H 180 51 × 85 Polar 55.4 1400

18.70 V/H 200 30 × 50 Polar 55.4 1400

23.80 V/H 400 27 × 45 Polar 55.4 1400

36.50 V/H 900 18 × 30 Polar 55.4 1400

89.00 V/H 4600 9 × 15 Polar 55.4 1400

Table 1. Sensor characteristics of the FY3 observations used in this study.
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at a spatial resolution of 0.125°, and the atmospheric reanalysis product, which has a spatial resolution of 0.25°. 
Both come at an hourly temporal resolution and are resampled to a spatial resolution of 0.15° by nearest neigh-
bor interpolation. Global and regional evaluation studies have demonstrated the reliability of these products in 
capturing precipitation19 and soil moisture dynamics20–23. More details of these products can be found at https://
confluence.ecmwf.int/display/CKB/ERA5, and access to data can be found at https://cds.climate.copernicus.eu/
cdsapp#!/home, last access: 22 October 2022.

In situ soil moisture. Point-scale in situ datasets provide ground truth measurements of physical variables such 
as soil moisture. However, due to the point-scale spatial representation, they are limited beyond small-scale 
applications and can be used as independent references for validating satellite and model-based estimates. The 
international Soil Moisture Network (ISMN) provides global soil moisture measurement networks. Here, we 
rely on hourly ISMN datasets (depth < 10 cm), to evaluate the surface soil moisture anomalies deseasonalized 
by removing a 31-day moving window and the entire multiyear dataset - from the FY3 satellite observations. 
First, to ensure the quality of the in situ datasets and reduce systematic differences, we applied quality controls 
suggested by24. Next, stations in high-density vegetation regions, indicated with the multiyear mean of the nor-
malized difference vegetation index (NDVI > 0.85) were masked out. Finally, stations with less than 100 paired 
observations with the FY3 satellites are also masked out to ensure statistical significance in the comparisons, 
while all stations with significant (p = 0.05) negative correlations to two or more of the FY3 observations were 
removed. This resulted in a total of 507 global stations from the ISMN database.

Ancillary Datasets. Existing studies have shown that satellite and even model-based soil moisture qual-
ity varies with vegetation density22,25. In this study, we use NDVI data obtained from the surface reflec-
tance data of the sensor of the advanced very high-resolution radiometer (AVHRR), which comes at 
a spatial resolution of 0.05. It can be obtained from https://climatedataguide.ucar.edu/climate-data/
ndvi-normalized-difference-vegetation-index-noaa-avhrr. First, negative values are masked out, and the multi-
year mean of monthly NDVI of the entire study period is computed. Next, we resampled it to a 0.15° spatial res-
olution to match the satellite datasets and scale the values between 0 and 1. NDVI values between 0.1 and 0.8 are 
used in this study25. Soil moisture also varies as a function of climate zones. In this study, different climate zones 
are indicated using the Köppen-Geiger climate classification26 for the present-day period (1980-2016). This 
data is developed from an ensemble of four topographically-corrected, high-resolution climatic maps, which 
provide independence from the satellite soil moisture estimates. Details of this data can be found in Beck et al.26. 
We also rely on the on Climate Hazards group Infrared Precipitation with Stations (CHIRPS, v2.0) precipitation 
product for the Rvalue analysis27. It is a quasi-global rainfall product, spanning between latitudes 50°S and 50°N, 
with a temporal coverage from 1981 to near-present. It incorporates both satellite and in situ (ground) rainfall 
estimates to create gridded precipitation datasets at a spatial resolution of 0.05° which have been used for several 
applications, including trend and drought analysis. In this study, we resample the CHIRPS data to match the 
spatial resolution of the FY3 datasets before proceeding to apply the Rvalue analysis. Validation studies have 
demonstrated the reliability of the CHIPRS product globally19 and regionally28.

The Land parameter retrieval Model. The Land Parameter Retrieval Model (LPRM) is a commonly 
used approach to retrieve soil moisture from passive microwave observation and is the main retrieval algorithm 
for the long-term CCI PMW soil moisture retrievals5,29. It simultaneously solves for soil moisture and vegetation 
optical depth (VOD) from low-frequency microwave observations using land surface temperatures retrieved 
offline from vertically polarized Ka-band30 or Ku-bands31 as input where available. The LPRM solves for its 
retrievals uniquely at each location and time-step while minimizing the use of external ancillary datasets, thereby 
making the soil moisture retrievals intrinsic to the satellite observations32,33. Since its development, the LPRM 
has been continuously developed to improve its retrieval outputs, including using FY3B to improve its scattering 
albedo and roughness parameters34. In this study, we rely on the LPRM version presented by van de Schalie et al.27 
to retrieve soil moisture anomalies from the FY3 observations. So far, the LPRM has been used to retrieve soil 
moisture from FY3B35 and FY3C10 and extensively validated globally36 and regionally25.

The SNr-opt merging approach. Over the years, many merging approaches have been proposed to 
combine satellite observations37–40. The approach used here, the signal-to-noise ratio optimization (SNR-opt), 
was proposed by Kim et al.11 to merge multiple satellite soil moisture observations, and can also be extended to 
other climate variables. The SNR-opt seeks to minimize mean square error (MSE) merging weights using the 
signal-to-noise ratio of the parent products. Unlike other commonly used merging approaches like the triple 
collocation (TC) which merges three inputs at a time40, or the linear combination approach, which combines two 
inputs41, the SNR-opt can be applied to an arbitrary number of inputs at a time. Furthermore, the SNR-opt may or 
may not be used with reference data, making it easily applicable to a wide range of uses.

A brief introduction of the SNR-opt formalism is given as follows: Given N number of parent datasets 
(x1, x2, …xN) = x, a set of real numbers as x = y1 + e with additive noise e, the unknown quantity (e.g. soil 
moisture) y, a real number, which is the weighted average can be predicted as =�y x uT . u is a vector that mini-
mizes the MSE of �y  which is determined by solving the problem 

= −min f E yu x u( ) ( )
T 2

using the solution of the optimum weights 
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= −E E yu xx x( ) ( )* T ( 1)

where E(xxT) is always positive definite. We note that E(xxT) = E(eeT) + E(y2)11T and E(yx) = E(y2)1. Thus, the 
above solution for optimum weights can be rewritten as 

= + −u N 11 1( )* T ( 1)

where N = E(eeT)/E(y2)11. noted that this could be interpreted as the coefficient of a MISO (multiple-input 
single-output) Wiener filter which assumes noise spectra and flat signal. Furthermore, the derivation of u* shows 
that the optimum weights depend on a noise-to-signal ratios matrix expressed as E(eeT)/E(y2). More generally, 
for the case where the scaling factor of x is not 1 but a, the solution can be presented as 

= + −u N aa a( )* T ( 1)

Since the ground truth is not fully available for spatiotemporally concurrent satellite data, N and a are not known 
in general11. proposed an iterative optimization method, SNR Estimation (SNR-est). SNR-est can estimate N and 
a without the ground truth by assuming that the off-diagonal elements of N are small and the signal power E(y2) 
is known. In this study, E(y2) is obtained from the average of the parent FY3 satellite estimates during the period 
of the data merging. All the merging in the study are based on the anomalies of the FY3 satellite observations, 
after which we combined the merged anomalies and then add the ERA5_land multiyear climatology to produce 
the final result. For more details of the approach, including examples with soil moisture and land surface tem-
peratures, readers are referred to Kim et al.11.

The deep learning gap-filling approach. Several approaches have been proposed for filling gaps in sat-
ellite datasets in the last two decades based on statistical formalisms and machine learning/deep learning. In the 
last decade, the latter has become a preferred choice because it can handle more complex problems of gap-filling 
problems. In fact, some studies have even shown that deep learning approaches may be reliable for tackling cli-
mate modelling problems, such as those obtained from numerical simulations with climate models42–44. Along 
these lines, Barth et al.17 proposed a neural network in the form of a convolutional encoder that we can train 
to reconstruct satellite observations with missing observations called the Data INterpolation Convolutional 
Auto-Encoder (DINCAE). This builds on a previous approach, which relies on empirical orthogonal function 
instead of deep learning. Both approaches aim to reduce the dimensional subspace of the input data, where 
the auto-encoder is a network able to handle complex nonlinear problems such as those found in soil moisture 
dynamics. The DINCAE reconstructs the data by inputting the satellite observation and its expected error vari-
ance and outputting the reconstructed data and its error variance, which is useful in data assimilation studies or 
any other application whose result dependent on the accuracy of the reconstructed data. Missing observations 
are estimated by the neural network trained by maximizing the likelihood of the observations, equivalent to 
minimizing the negative log-likelihood. Since this is performed on one physical parameter, soil moisture, we do 
not introduce uncertainties from other variables, such as those found with multivariate gap-filling approaches. 
In a recent study, the DINCAE was applied to CCI soil moisture and the merged data by Hagan et al.2 to gap-fill 
their missing days, demonstrating a significantly high consistency between the original data and the gap-filled 
data45. Due to computational constraints, we separated the globe into six continental regions following Hu et al.45.

The rvalue technique. Independent evaluation methods are useful for providing a fair assessment of the 
strengths and limitations of datasets. In this paper, we rely on the Rvalue technique initially developed by Crow & 
Zhan46 and later adapted by Crow et al.47 to provide a comprehensive independent areal evaluation of a temporal 
correlation-based skill of the satellite soil moisture anomalies. It is based on the relationship between precipita-
tion events and the subsequent changes found in soil moisture. Rvalue relies on contrasts in the quality of rainfall 
datasets to assess the degree to which analysis increments from a sequential assimilation of soil moisture into a 
simple water balance model could accurately compensate for known rainfall errors. In this study, we follow the 
approach presented by Parinussa et al.48, where we artificially deteriorate the CHIRPS precipitation product to 
generate these rainfall errors. Here, Rvalue closer to 0 indicates a poor performance while higher values indicate 
good skill, which represent not only the temporal dynamics of the soil moisture product, but also its sensitivity to 
rainfall events. Nonetheless, there are some well-known limitations of the Rvalue technique. In extremely arid cli-
mate regimes, the technique may be very unreliable due to an insufficient number of precipitation events in these 
regions. Thus, we mask these regions (NDVI<0.1) in our analysis following earlier studies25,49. Additionally, like 
satellite soil moisture retrievals, Rvalue skill also deteriorates under dense vegetation conditions. Here as well, we 
mask out soil moisture values in these regions in our analysis. More details on the mathematical formulation of 
the technique can be found in Crow et al.47 and Parinussa et al.50. Finally, to provide robust statistical results from 
this analysis, we only apply it to the FY3 datasets that have more than 3 years of coverage in our study period. 
Therefore, we only apply it to the ascending and descending products of FY-3B, FY-3C and the merged product 
between 2013 and 2016. The goal here is to verify how the merging scheme preserves the sensitivity to rainfall 
events in the merged product which are very important data assimilation applications. Thus, we focus on the 
similarities between the merged and parent products.

Along with response to precipitation, soil moisture drydown patterns, which represent changes in soil mois-
ture following the infiltration of precipitation, are very important to soil moisture characterization. They serve 
as a good indicator of soil moisture dynamics, quantifying its response to the boundary layer processes such 
as changes evaporation, land cover type and soil drainage51. To assess these drydowns in the merged data, we 
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calculate the rate of soil moisture drydowns (τ) following the approach presented by McColl et al.52 which does 
not require any precipitation inputs, making it independent from the Rvalue analysis. τ is computed for the in 
situ observations, the merged and reconstructed data to understand, firstly how drydowns are captured in the 
FY3 products, and how the reconstruction would influence changes to the soil moisture dynamics following 
precipitation events.

The distance between indices of simulation and observation (DISo) evaluation. It is essential to 
accurately understand the strengths and uncertainties of the merged data developed in this study. The common 
practice for this is calculating error and performance metrics like the root mean square errors (RMSE), standard 
deviations and correlation coefficients (R), which quantify centered similarity and differences between the data-
sets and a chosen reference. Previous attempts have been made to develop metrics that harmonize the different 
error and performance metrics that provide summarized datasets evaluations53. Recently, Hu et al.54 developed a 
harmonized metric, the distance between indices of simulation and observation (DISO), which combines differ-
ent statistical metrics, including R, average errors, and RMSE based on the distance between the simulated model 
and observed field. In this study, we rely on the DISO to quantify a holistic evaluation of the merged data. Details 
of the theoretical framework and assumptions of the DISO can be found in Hu et al.54 and Zhou et al.55.

Data preprocessing and architecture of the merging process. The architecture of the entire process 
is shown in Fig. 1. Firstly, soil moisture is retrieved using the X-band channel observations from the three FY3 
satellites using the LPRM at a spatial resolution of 0.15°. Here, frozen conditions, pixels over open water locations 
and regions where NDVI is greater than 0.8 are all masked. We also mask out the whole of Greenland. From 
there, rainfall days are also temporally removed to compute the optimum weights for SNR-opt based on daily 
rainfall in the ERA5 precipitation data. Next, the ascending and descending observations with rainfall days are 
merged separately to obtain ascending-merged and descending-merged observations of the FY3 PMWs using the 
SNR-opt approach. From there, the two merged datasets are normalized to the daily average of the FY-3B (with 
masked-out rainfall days) and merged to obtain daily averaged soil moisture observations. Finally, we interpolate 
the daily FY3 soil moisture datasets to gap-fill the missing observations and cross-validate the reconstructed data 
with the gappy merged and in situ soil moisture. All the datasets used in this study have been resampled to match 
the spatial resolution of the FY3 satellite observations.

Data records
The dataset is available at Zenodo56. It comprises two main outputs: the reconstructed merged daily averag-
es(FY3_Reconstructed_<year>) and uncertainties(FY3_ErVar_<year>) for each time and grip of the recon-
structed data which can be very useful for data assimilation applications. For each data, the datasets are provided 
in NetCDF formats for each year, stored in zip formats for each year for each data due to the large sizes of the 
datasets. The current data spans 2011 to 2020 and will be updated to the present year at the end of 2024.

Technical Validation
Evaluation of the output of the merging process: the merged ascending and descending FY3 
observations. Before proceeding to the final merged daily FY3 observations, we first evaluate the interim 
merged ascending and descending observations that provide potential sub-daily soil moisture estimates since 
uncertainties at this stage will feed into the final merged observations. Figure 2 presents the time series of the 
ascending (top panel) and descending (bottom panel) observations from the individual satellites and merged soil 
moisture for the entire period for a point (43.5°N, 119.5°W). Both panels demonstrate that the merged product 
covers the entire period and combines the three FY3 datasets (blue/inblack dots) within a reasonable range to 
capture soil moisture dynamics. The temporal coverage begins with FY-3B from July 2011 to September 2013, 
where FY-3C observations (orange/inblack dots) become available, and extends the coverage to 2019, where 
observations from all three PMWs are available briefly. Beyond that, FY-3B stops being operational and data 
availability depends on FY-3C and FY-3D (green/inblack dots) until mid-2020, after which only FY-3D provides 
observations for soil moisture retrieval. Thus, there is a sufficient continuity between the three products, which 
was unfortunately absent in the AMSRE-AMSR2 framework in 2011, which is helpful when developing consistent 
long-term datasets. We also note that because the SNR-opt can handle any number of input data to merge, the 
different availabilities are easily incorporated into the merging scheme, as shown in Fig. 2.

Evaluation with in situ soil moisture. Relative qualities in satellite soil moisture retrievals have been shown to 
vary across different climate conditions22. Here, we indicate the different climate conditions based on precipi-
tation and temperature climatology variability26, which provides independent climate zones from the FY3 soil 

Fig. 1 A flowchart of FY-3 soil moisture data merging.
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moisture data. Figure 3 shows a comparison between the ascending and descending FY3 Merged and parent 
(FY-3B, FY-3C, FY-3D) soil moisture products with the ISMN in situ datasets across five climate zones: tropical, 
arid, temperature cold and polar regions. For each climate zone, in situ stations found there are matched to the 
closest pixels of the satellite datasets. Where more than one station is found in a pixel, they are averaged. Here 
we computed the Pearson correlation coefficient (R) and the RMSE (root mean square error) between the in situ 
data and their matched satellite data time series from 2013 to 2019 where more than one product is available 
at a time. Overall, the results show that the merged data has harnessed the strengths of the parent product to 
obtain a harmonized product with an overall median correlation coefficient of about 0.5 and median RMSE of 
0.08 m3/m3, which are of higher qualities relative to the parent products. In the tropical, arid and cold regions, 
the ascending merged product shows the best correlations with the in situ observations, while in the descending 
results, the merged results consistently show higher median correlations than FY-3B and FY-3C. We note that 
the small sample size of FY-3D could explain why FY-3D appears to have higher correlations than the merged. 
While the merged product covers the entire period from 2013 to 2019, FY-3D only covers 2019. Additionally, 

Fig. 2 Time series of a selected location (43.5°N, 119.5°W) showing the (a) descending observations of the 
three FY3 and their merged soil moisture product based on SNR-opt(top panel), and (b) same as (a) but for 
ascending observations (bottom panel).

Fig. 3 Inter-comparisons between the ISMN in situ soil moisture and the FY3 merged and parent (FY-3B,  
FY-3C, FY-3D) products for ascending (A) and descending (D) observations showing (a,b) correlations of  
A and D (top panels) and (c,d) RMSE of A and D (bottom panels) for five global climate zones: Tropical, arid, 
temperature, cold and polar regions.
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the missing results for FY-3C are because the sample size was below the set threshold used in this study to ensure 
statistical rigour. For both groups of observations in Fig. 3a,b, the order of performance of the merged product, 
and relatively for the parent products as well, increases from the tropical, arid, temperature, cold to polar. 

Figure 3c,d show the RMSE across the different climate zones. The lowest errors are found in the arid regions, 
while the largest errors are found in the temperate and tropical regions. The results indicate that the merged 
product consistently shows the smallest error spread and thus, the lowest uncertainties. While the RMSE range 
in the parent products is between 0.05m3/m3 and 0.6 m3/m3, the RMSE range for the merged falls between 
0.05m3/m3 and 0.4 m3/m3. These results also demonstrate that the merging scheme leverages the strengths of 
the parent products to obtain a merged product with a higher skill. Preliminary comparisons of the Merged and 
the three parent products where the sample used for the Merged is the same as the individual parent products 
(not shown) have also shown higher qualities in the Merged.

As a further step, we provide comparisons of the merged with SMAP soil moisture ascending and descending 
observations. Figure 4 shows DISO results of both satellite datasets with the ISMN in situ soil moisture measure-
ments across different climate zones globally. DISO values closer to 0 indicate better performance. In general, 
the boxplots in Fig. 4a,b show a similar pattern in the ascending and descending observations. Both datasets 
show very similar qualities across different climate regions with the largest differences found in the tropical and 
polar regions, where the merged has higher qualities in the former and SMAP has higher qualities in the latter. 
The similarities and differences in their performances demonstrate how these two datasets can be used to com-
plement each other. The mean DISO values, although have very small differences, also show that SMAP gener-
ally shows higher qualities in the ascending (Fig. 4a) while the Merged shows higher qualities in the descending 
observations (Fig. 4b). Nonetheless, the smaller errors, especially over the polar regions, might also be partially 
influenced by the ERA5 climatologies in the merged data.

Evaluation of merging sensitivity to rainfall. To provide more comprehensive areal extent uncertainties in the merged 
ascending and descending observations, we use the independent Rvalue metric in this section to assess the consist-
ency of the sensitivity of the merged product anomalies to rainfall in a cross-comparison with the parent products. 
Additionally, we compare the performance of the Merged with SMAP soil moisture, which is a trusted existing satellite 
product. Here, we aim to understand the potential usability of the merged product in, for example, land-atmosphere 
interactions and data assimilation studies based on the Rvalue metric (Fig. 5), and also to identify regions where the 
merged product here could complement the use of existing products such as the SMAP soil moisture (Fig. 4). 

Figure 5 shows the cross-comparison of the Rvalue of the Parent products (FY-3B and FY-3C) and the 
Merged product. The cross-comparison aims to assess the potential deterioration of the sensitivity to rainfall 
of the merging scheme. Rainfall events occur at certain times of the day, which may or may not be captured in 
satellite observations. Generally, averaging multiple products could potentially mask or reduce the sensitivity 
to rainfall, especially where the parent products come at different times of the day. Since this quality is very 
important when these datasets are used in application studies, it is vital to quantify the extent to which an 

Fig. 4 Evaluation of FY3 Merged soil moisture and SMAP soil moisture based on the DISO approach with the 
ISMN in situ soil moisture for (a) ascending (A, top panel) and (b) descending (D, bottom panel) observations 
for five global climate zones: Tropical, arid, temperature, cold and polar regions.
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averaging or merging scheme might have reduced the sensitivity to rainfall events. Figure 5 demonstrates that 
the merging does not negatively impact the Rvalue skill of the parent data for both the ascending and descend-
ing paths. The comparisons show R2 values ranging from 0.88 to as high as 0.97, and difference between the 
Merged and each parent product also ranging between absolute values of 0.004 to 0.024. The descending 
observations appear to show the highest consistencies with the Merged (Fig. 5b). We also find that low (high) 
Rvalue are generally found over high (low) vegetation density regions (markers with dark green fills) for both 
sets of observations, which is consistent with findings of Rvalue patterns in earlier studies25,49. Thus, these 
results provide confidence in potential applications with the merged product where sensitivity to rainfall is 
necessary.

Merging sub-dailies into daily averages and gap-filling. Evaluation of the gap-filling process. Daily 
soil moisture estimates are useful for long-term applications such as land-atmosphere interactions, trend and 
drought analysis. However, simple averages of sub-daily estimates often do not yield the most optimal daily esti-
mates, in which case the SNR-opts approach could provide more optical averages11. So far in this study, the 
merged FY3 sub-daily soil moisture observations show that the qualities in their spatial and temporal distribu-
tions are relatively similar across the globe, allowing them to be easily merged into one framework of daily soil 
moisture estimates (Fig. 1). After merging the FY3 ascending and descending observations, we proceed to under-
stand the limitations of the merged daily estimates. The results show that more observations are available in the 
higher northern and southern latitudes which range from about 30% to about 60% over Northern Europe. On the 

Fig. 5 Rvalue cross-comparison of the Merged FY3 product with parent products (FY-3B, FY-3C) for the (a) 
ascending (left panel) and (b) descending overpasses (right panel) across different vegetation densities (green 
shades).

Fig. 6 Training losses of the FY-3 soil moisture.
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other hand, the tropical regions appear to have less than 20% of available observations. This implies every location 
has missing observations and would benefit from gap-filling to obtain spatio-temporally consistent observations.

The DINCAEC is used to gap-fill the merged FY3 daily soil moisture observations for the entire period 
and each pixel. In the gap-filling approach, we use a neural network to with the structure of a convolutional 
auto-encoder derived from the U-Net architecture? to train the gap-filling. The input data given the network 
correspond to three consecutive time instances and their corresponding presence-absence mask, as well as the 
longitude and latitude of every pixel. The year-day (days since the start of the year) is also included as input to 
account for the strong seasonality of the input data. The configuration of the neural network from Barth et al.17 
was also found to be suitable for the present use case. The neural network is composed of 5 convolutional layers 
followed by average pooling (encoder network) and two fully connected layers (with drop-out during training) 
and 5 convolutional layers followed by up-sampling layers (decoder network). Skip-connections between the 
encoder and decoder avoid excessive smoothing of the input data during the reconstruction. The output of the 

Fig. 7 Error variance for the reconstructed soil moisture plotted by years from 2011 to 2020 binned across 
NDVI scenarios. NDVI < 0.1 are masked out since satellite soil moisture has little to no sensitivity due to 
insufficient precipitation. NDVI > 0.8 are also masked out since satellite soil moisture loses skill resulting in no 
noisy sensitivity.

Fig. 8 The merged daily FY3 soil moisture estimates with missing observations and the reconstructed FY3 daily 
soil moisture estimates with the DINCAE for (a,b) 2017-03-20 respectively (top panels) and (c,d) 2019-09-22 
respectively (bottom panels).
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neural network is the full gap-free image and a corresponding error estimate for every pixel. The cost function is 
based on the likelihood of the observed values as described in more detail in Barth et al.17. The training dataset 
is split into batches of 50 instances (so-called mini-batches). The gradient of the cost-function is computed for 
every mini-batch. The neural network is trained for 1000 epochs with a learning rate of 0.001 using the ADAM 
optimizer57. To do this, epochs are chosen from 1to 1000 to determine the most suitable epoch for which we 
obtain high qualities in the training set. Figure 6 shows the training loss for different epochs. As all weights of 
the neural network are initialized randomly expected, initially the training loss is relatively large and gradually 
decreases much lower epochs obtain higher training losses up to about 300 epochs where we obtain minimum 
losses for all the regions. Regions over Australia and South-east Asia (OA) obtain the lowest losses followed 
by the African continent (AF). The other regions appear to have higher losses, especially the North American 
(NA) region. Based on these analysis, a minimum epoch is selected for each region which we use to gap-fill 
the data. Regions of dense vegetation (NDVI>0.8) are masked out of the gap-filled FY3 soil moisture since the 
noise-to-signal ratio in this region is relatively high and does not reflect soil moisture conditions at the land sur-
face. These regions are mostly found in the Amazon and Congo basins. We further examine the error variances 
from the interpolation process of the Merged FY3 datasets for each year of the study from 2011 to 2020 as shown 
in Fig. 7. The results indicate that the errors increase as a function vegetation density, which has been noted in 
earlier studies like Parinussa et al.58. Qualities in satellite soil moisture datasets from LPRM, and other retrieval 
models, are generally found to decrease from arid (low vegetation) to humid (high vegetation) regions2,18. Thus, 
these are not necessarily artifacts of the interpolation approach, but the retrieval model, LPRM, used here. In 

Fig. 9 Time series of selected locations (a) Weld, Colorado, United States (40.86°N, 104.74°E), (b) Bellefoungou, 
Benin (9.79°N, 1.71°W) and (c) Barranco de las Vacas, Gran Canaria, Spain (41.34°N, 5.22°E) of the in situ 
datasets, merged FY3 data and reconstructed data (unit: m3m-3). (d) Estimated probability density function 
(PDF) of median soil moisture drydowns (�τ) of matched FY3 pixels with ISMN stations (bottom panel).
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Fig. 7, 2011, 2012 and 2020 have the largest errors because these are years where there was only one parent prod-
uct in the Merged. As a result, the product does not benefit from leveraging from another source where there are 
lower retrieval qualities. The other years which have 2 or more inputs have higher qualities, especially for 2019 
where there were three inputs. Since these errors are provided for each grid point for each day, they can be used 
in data assimilation schemes when assimilating this merged product in climate models.

Intercomparison of the daily merged and reconstructed merged soil moisture. To obtain a first glance at the 
success of the reconstructed FY3 soil moisture, we select two time slots (2017-03-20 and 2019-09-22) to display 
their global results as shown in Fig. 8 for the original merged (Fig. 8a,c) and reconstructed (Fig. 8b,d). The 
results show that The DINAEC has reconstructed the FY3 soil moisture estimates to obtain global soil moisture 
distribution patterns. The high-latitude regions of the northern hemisphere and other humid regions such as 
South East China have the highest soil moisture content, while the desert areas have a very low soil moisture 
content. Transition regions between arid and humid climate conditions are also well captured in Fig. 8b,d from 
very limited observations in left panels in Fig. 8a,c. However, this comes at a cost of increased variances in the 
reconstrcuted time series which could introduce artificial spikes impact soil moisture drydown variations.

Additionally, we show time series plots of the soil moisture for both original and reconstructed merged FY3 
daily soil moisture for three points where in situ observations are available in Fig. 9c. Here, the daily averaged 
in situ soil moisture are obtained by averaging the hourly soil moisture measurements to obtain daily estimates. 
Figure 9a-c show that firstly, the daily merged FY3 soil moisture observation capture daily soil moisture suffi-
ciently well indicated by the alignment of the black plots with the green plots. After gap filling with the DINCAE, 
the reconstructed series (blue) also shows very close alignment with the originally merged observations and the 
in situ observations, although it inherits a little more variance due to the gap-filling process. This shows that the 
reconstructed data is consistent with the merged FY3 daily soil moisture observations. The temporal patterns in 
Fig. 9a–c also agree with expected seasonal variations in soil moisture in the region. Finally, the PDF plots of the 
median soil moisture drydowns also demonstrate that the FY3 datasets have comparably similar drydown patterns 
with the in situ time series (Fig. 9d). All soil moisture estimates show dominant median drydowns from 2 to 4 days.

Fig. 10 Cross-validation of the merged soil moisture and the reconstructed soil moisture for with (a) each other 
and (b,c) the in situ data. The color gradient represents the data cluster density.
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Cross-validation with in situ soil moisture. We further explore the consistency between the reconstructed FY3 
soil moisture data in a cross-validation analysis as shown in Fig. 10. Figure 10a is a direct cross-validation that 
demonstrates that the two datasets are very consistent with each other. This implies that negligible changes have 
appeared in the regions that initially had data available. Almost all points in both datasets lie on the 1:1 line 
in Fig. 10a. This demonstrates that the climate conditions found in the gappy merged data are fully present in 
the reconstructed with dry places remaining dry and wet places remaining wet while climate zones in between 
also fit each other. Both datasets range from 0.02 m3/m3 to about 0.48 m3/m3. In Fig. 10b,c the two datasets 
are cross-validated against in situ datasets. Here, we observe that the deviations from the line of best fit are very 
similar. Figure 10b,c show that some semi-arid regions in the satellite datasets correspond to arid regions in the 
in situ datasets. These are actually the tropical regions in Fig. 3, where we find low correlations and large errors. 
We also observe that fewer very arid conditions are present in the reconstructed datasets as the density of arid 
points reduces in Fig. 10c. The implications of this for drought analysis is that in arid places, based on the in situ 
data, the FY3 may underestimate dry conditions while overestimating in humid regions. This limitation was also 
found in the drydown results, especially in the reconstructed data. Nonetheless, both datasets show very high 
consistency even with this independent in situ data, which demonstrates the success of the interpolation process.

Usage Notes
These gap-filled merged and its error variances FY3 global soil moisture datasets are readily downloadable by 
potential users56. The datasets serve as a proxy for consistent satellite-only soil moisture datasets from 2011 and 
eventually, to the present day after the updates. They are useful for both research and operational purposes such 
as drought and flood analysis in any location of the global land which require finer than the usual 0.25° degree 
spatial resolution. The gap-filled soil moisture data could also be used as baseline for assessing data assimilation 
routines targeted at gap filling soil moisture states. We have used the merged gappy data as the baseline for veri-
fying that the gap-filled data preserves all the intrinsic qualities of the original observations. Should a need arise 
for using the original merged gappy data, which is not the final product of this study, users can download that 
here: https://doi.org/10.5281/zenodo.11500736.

Code availability
The codes for the merging scheme of the datasets can be found here: https://github.com/steelpl/snr-opt. Codes for 
the gap-filling can also be downloaded here: https://github.com/gher-uliege/DINCAE.jl. Further questions can be 
directed to Daniel F.T. Hagan (daniel.hagan@ugent.be).
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