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Abstract: In this study, an existing combination approach that maximizes temporal correlations
is used to combine six passive microwave satellite soil moisture products from 1998 to 2015 to
assess its added value in long-term applications. Five of the products used are included in existing
merging schemes such as the European Space Agency’s essential climate variable soil moisture
(ECV) program. These include the Special Sensor Microwave Imagers (SSM/I), the Tropical Rainfall
Measuring Mission (TRMM/TMI), the Advanced Microwave Scanning Radiometer-Earth Observing
System (AMSR-E) sensor on the National Aeronautics and Space Administration’s (NASA) Aqua
satellite, the WindSAT radiometer, onboard the Coriolis satellite and the soil moisture retrievals
from the Advanced Microwave Scanning Radiometer 2 (AMSR2) sensor onboard the Global Change
Observation Mission on Water (GCOM-W). The sixth, the microwave radiometer imager (MWRI)
onboard China’s Fengyun-3B (FY3B) satellite, is absent in the ECV scheme. Here, the normalized
soil moisture products are merged based on their availability within the study period. Evaluation of
the merged product demonstrated that the correlations and unbiased root mean square differences
were improved over the whole period. Compared to ECV, the merged product from this scheme
performed better over dense and sparsely vegetated regions. Additionally, the trends in the parent
inputs are preserved in the merged data. Further analysis of FY3B’s contribution to the merging
scheme showed that it is as dependable as the widely used AMSR2, as it contributed significantly to
the improvements in the merged product.

Keywords: soil moisture; passive microwaves; land parameter retrieval model; data-merging

1. Introduction

Surface soil moisture is a vital variable within the climate system to regulate terrestrial water and
energy cycles. Within land–atmosphere interactions, soil moisture anomalies have been identified by
many studies to play a key role by its control of the surface fluxes [1]. Additionally, existing studies have
demonstrated the impact of soil moisture anomalies on extreme events such as heatwaves [2], floods [3]
and droughts [4], as well as its importance in operational services and climate monitoring [5,6] at both
regional and global scales. While they demonstrate the significant role of soil moisture, most of these
studies rely on model simulations for which large uncertainties remain unexplored, thus, observations
are necessary to understand the impact of soil moisture better.
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The traditional method of observing soil moisture measurements has been through ground stations
that produce point scale measurements. Even though this approach produces accurate observations,
it is generally limited by its point–scale representation and may be more useful to small spatial scale
applications. Furthermore, it is very expensive to set up networks of these in situ observations to
monitor soil moisture over regional to global scales. Nonetheless, they are very useful when validating
alternate sources such as satellite and model-based products even though the differences in spatial
resolutions may pose a challenge because of the high spatial variability of the variable [7].

Recent advances in satellite remote sensing technologies have provided an avenue to monitor soil
moisture over regional and global scales more consistently, filling the gap within the observational
database [8]. Different imagers onboard satellites measure radiation and reflected backscatter from the
earth’s surface that can be linked to surface soil moisture conditions. This is possible because of the
significant contrast between the dielectric properties of dry soil and water, making the microwave
radiance reflected or emitted by the surface soil volume largely linearly dependent on the soil–water
mixing ratio [9]. In recent years, several soil moisture datasets have been developed from both
scatterometer and radiometer observations, which have made their way into many application fields
and scientific research [10,11]. While these satellite products are consistent over space and time, they are
also limited by their operational lifespans, which makes it necessary to launch new satellites to replace
old ones that have become non-operational. With the growing number of available passive microwave
observations, the need to develop long-term products has become a focus. In the last decade, projects
like the European Space Agency’s (ESA) Climate Change Initiative (CCI) have been extended to soil
moisture with the goal of combining different soil moisture datasets into a consistent multidecadal
framework (essential climate variable (ECV) [10,12]). In this particular scheme, both passive and
active microwave soil moisture products were merged separately using an improved uncertainty
characterization method to parameterize a statistically rigorous least-squares merging algorithm.
Additionally, a combined product of the combined active and passive microwave soil moisture is
provided in the scheme. Several small scale and large scale evaluations have demonstrated the good
skill of the ECV soil moisture [13–16]. Furthermore, research and application endeavors with the ECV
product have contributed to our understanding of soil moisture variability and its role within the
climate system [17–19].

Apart from the ECV soil moisture scheme, other studies have shown the importance of combining
different soil moisture sources into unified datasets to assess the added value of merging multiple-source
records. For example, Zeng et al. [20] developed an improved soil moisture product over the Tibetan
plateau by blending a model simulated soil moisture product constrained with in situ measurements,
and a satellite product that was scaled to the rescaled model product. In another recent study, Kim et
al. [21] developed a linear combination approach that merges two microwave satellite soil moisture
products by maximizing the temporal correlation with a chosen reference. This improved performance
comes from their complementary behavior under different physical and climatological retrieval
conditions [22]. The approach was successfully applied to two different global soil moisture retrievals
from the advanced microwave scanning radiometer 2 (AMSR2) to produce a superior combined
product which had a significant improvement in temporal correlation coefficients. In a follow-up
study, Kim et al. [23] modified this approach to perform the data-merging based on a non-stationary
combination model. That is, while the former depended on temporally fixed weights, the latter
depended on time-varying weights within the combination scheme. Consequently, while the dynamic
approach obtained better results in the study mentioned above, it is heavily dependent on the selection
of a time-window-length, which would entail some kind of tuning and, eventually, force the combined
product to mimic the reference data. Given that this linear combination approach is different from the
ECV scheme, it is worthwhile to further explore its potential in long-term soil moisture data-merging,
which may add to the learning curve for existing schemes like the ECV.

In this study, we apply the linear approach presented in Kim et al. [21] to six global passive
microwave satellite soil moisture retrievals from 1998 to 2015 to understand the merits of a



Remote Sens. 2020, 12, 2164 3 of 19

correlation-dependent combination approach on long-term soil moisture data-merging relative to
other long-term sources such as in situ observations and the ECV passive microwave product which is
developed by minimizing errors. The contributions of the various satellite inputs to the merged product
across different regions over the globe are also presented. The extent to which long-term changes
are impacted in the merged product relative to the parent inputs is also explored by comparing the
long-term changes in the merged with the changes in two of the input products. Furthermore, the study
explores the added value of a new soil moisture product in this correlation-based combination scheme.
Five of these satellite soil moisture products are already present in the input dataset of the ECV scheme.
The sixth product, which is based on satellite retrievals obtained from the microwave imager onboard
the Chinese FengYun-3B, is currently absent in the ECV record. Here, the focus is to assess how the soil
moisture retrievals from the FengYun-3B observations contribute to the improvement of the merged
data’s quality relative to a well-known product, AMSR2. In the rest of this study, the words merge
and combine will be used interchangeably to imply the same idea. The study is structured as follows:
Section 2 briefly presents a description of the datasets used in the study. In Section 3, the methodologies
and the design of the merging scheme are introduced. The results of the validation of the merged data
with in situ observations and the ECV passive microwave soil moisture data over different vegetation
densities are presented in Section 4. Section 4 also presents trends preservation results as well as a
detailed look at the contribution of the FengYun-3B soil moisture. Section 5 discusses the findings and
Section 6, the conclusions of the study.

2. Data and Data Processing

2.1. Data

2.1.1. Passive Microwave Soil Moisture

The passive microwave soil moisture retrievals used in the merging scheme (see Table 1) include
those from the special sensor microwave imagers (SSM/I) of the Defense Meteorological Satellite
Program (DMSP) [24], the quasi-global tropical rainfall measuring mission (TRMM/TMI) which is the
longest passive microwave data record from a single satellite mission, as well as the WindSAT (hereafter
WindSat) radiometer, onboard the Coriolis satellite. Furthermore, included are the widely used
retrievals from the Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E)
sensor on NASA’s (the National Aeronautics and Space Administration) Aqua satellite, as well as the
Advanced Microwave Scanning Radiometer 2 (AMSR2) sensor onboard the Global Change Observation
Mission on Water (GCOM-W). Soil moisture retrievals from the microwave radiometer imager (MWRI)
onboard China’s Fengyun 3B (FY3B) satellite are also included in this merging scheme. The descending
paths (nighttime observations from TRMM/TMI) are used here for all the products. Passive microwave
radiometers can observe naturally emitted radiation in the microwave frequency range (1–100 GHz)
both day and at night. Studies have demonstrated that both ascending and descending passive
microwave observations have their strengths and limitations [25]. At night, canopy, near-surface air,
and surface soil conditions have increased thermal equilibrium. Therefore, more reliable estimates of
emitting layer temperatures are expected to be obtained from the descending paths [9,13,26]. All the
products used here are provided at a spatial resolution of 0.25◦. Table 1 presents a summary of the
satellite products used in the merging scheme.

The European Space Agency’s CCI ECV passive microwave soil moisture is also used in this
study. This product is a merged product of various existing passive microwave observations that
have been routinely combined into one product. Over the years, this product has evolved and been
consistently improved based on new inputs as well as the improvement of the merging algorithm
used [10,12]. It comes at daily averages at a 0.25◦ spatial resolution. Here, the most recently developed
ECV observations between 1998 and 2015 are used. The ECV merging scheme is based on minimizing
errors while the scheme used in this study is based on maximizing correlations. Besides the differences
in their merging schemes, another significant difference between the merged product developed from
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this study and ECV is the use of the FY3B soil moisture retrievals here. More details of the ECV and its
development can be found in Gruber et al. [12].

Table 1. Summary of passive microwave sensors used (the frequencies used are those with *).

PMW Frequency for Soil
Moisture Retrieval (GHz) Data Period Used Descending

Orbit Reference

DMSP SSM/I 19.4 * Jan 1998–Jan 2003 06:30 AM Owe et al. [27]
TRMM/TMI 6.9, 10.7 * Jan 1998–Jan 2003 Varies Owe et al. [27]

AMSR-E 6.9, 10.7 * Feb 2003–Sep 2011 01:30 AM Owe et al. [27]
WindSAT 6.9, 10.7 * Feb 2003–Jun 2012 06:30 AM Parinussa et al. [28]
AMSR2 6.9, 7.3, 10.7 * Jul 2012–Dec 2015 01:30 AM Parinussa et al. [29]

FengYun-3B 10.7 * Jun 2011–Dec 2015 01:40 AM Parinussa et al. [30]

2.1.2. Global Atmospheric Reanalysis Soil Moisture Product

By design, the merging approach used in this study requires a reference input. Ideally, ground
measurements would be the best reference datasets to use. However, due to their spatial limitations,
as well as the challenge of their availability, reanalysis products, which are based on assimilation
of observations into climate models, have become a suitable alternative. In this study, the ERA5
soil moisture product is chosen as the reference for the combination approach based on a previous
evaluation study of seven existing model-based soil moisture products with both in situ observations
and the ECV products [26]. Their results demonstrated the superior performance of ERA5, indicating
its reliability where observations may be absent. It is therefore expected here that the high quality
of this chosen reference will provide a good roadmap on which a good quality merged product
could be obtained. The ERA5 datasets are global atmospheric reanalysis datasets provided by the
European Center for Medium-Range Weather Forecasts (ECMWF). The ERA5 project, which is the
latest reanalysis project of the ECMWF was recently made public. Global and regional evaluations have
shown ERA5’s capability to be an important additional source of information [13,26,31,32]. In this study,
the aggregated 0.25◦ spatial resolution of the first level of this product at 06:00 each day are used within
the period of 1998 to 2015. More details of this product can be found on https://apps.ecmwf.int/datasets/.

2.1.3. In Situ Soil Moisture Measurements

Ground measurements are considered as ground truth, and while they are limited by space
and time, especially for large scale uses, they are very useful to validate independently alternate
sources of soil moisture from both satellite observations and other climate model simulations. To better
understand the skill of the merged dataset from this study, in situ measurements (depth < 10 cm) from
the International Soil Moisture Network (ISMN) [33] are used to validate it. Here, the quality of the
ISMN data are ensured by filtering out datasets that may not be dependable. First, quality controls
suggested by Dorigo et al. [33] were applied. Next, very dense vegetation densities areas (NDVI > 0.85)
determined on a multiyear mean of the normalized difference vegetation index were used to remove
stations that were over highly vegetated areas. Only in situ stations that have more than 100 paired
observations with the satellite products were included to ensure statistical robustness. Where multiple
stations are found within a matched pixel of the satellite product, they are averaged. Even though
we applied such strict filtering processes, it should be noted that there is still likely to be systematic
differences among the datasets. The number of stations used per network as well the average length
period used per network are summarized in Figure 1 below.

https://apps.ecmwf.int/datasets/
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Figure 1. (a) Overview of the number of International Soil Moisture Network (ISMN) soil moisture
stations and (b) average duration of stations per network used in the study after quality controls
were applied.

2.1.4. Normalized Difference Vegetation Index (NDVI)

Soil moisture is solved within the LPRM as a function of vegetation, which would suggest that the
quality of the satellite soil moisture product would have a dependency on vegetation density. Previous
studies have shown that the quality of satellite and model-based soil moisture anomalies varies as a
function of vegetation density [26,34,35]. Here, an independent data source, the normalized difference
vegetation index (NDVI), is used for a spatial evaluation to quantify the skill of the products over
various vegetation densities. The NDVI data were obtained from the advanced very high resolution
radiometer (AVHRR) sensor’s surface reflectance data, which comes at an initial spatial resolution of
0.05◦. It is used as a vegetation indicator linked to greenness (0–1). In this study, the multiyear mean of
monthly NDVI were resampled into 0.25◦ grid binned over the range, 0.1 < NDVI < 0.8 to assess the
quality of datasets over different vegetation densities. This NDVI data can be obtained from https:
//climatedataguide.ucar.edu/climate-data/ndvi-normalized-difference-vegetation-index-noaa-avhrr.

2.2. Data Processing

To ensure a good quality of all of the remote sensing datasets used in this study, several
preprocessing steps were applied. A common set of procedures was used to mask out unreliable soil
moisture retrievals from the analyses [36]. These included the following conditions: (1) pixels with
large open water fraction (where soil moisture values have reached saturation), such as oceans or lakes;
(2) densely vegetated regions (annual mean of LPRM VOD at 6.9 GHz ≥ 0.8 and NDVI > 0.8) and (3)
frozen conditions (that is, where soil temperature ≤ 273.15 K) [27].

3. Methodology

The entire combination process begins with first normalizing the two parent products (inputs) to
the reference data (Equation (4)). This step is used to minimize systematic differences between the
parent products. Next, spatially variable optimal weights are computed to account for the contributions
of each parent product. Here, thresholds for the length of available observations are set to obtain only
statistically robust optimal weights [23]. In a final step, the parent products are merged.

https://climatedataguide.ucar.edu/climate-data/ndvi-normalized-difference-vegetation-index-noaa-avhrr
https://climatedataguide.ucar.edu/climate-data/ndvi-normalized-difference-vegetation-index-noaa-avhrr
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3.1. The Combination Scheme

The combination approach used here was first introduced by Bates and Granger [37], where it
was used to develop a merged product with minimized mean square errors from the parent products.
Since then, this linear combination has been widely applied in several other disciplines and improved
the performance of data skills [38,39]. Recently, Kim et al. [23] presented two forms of the combination
approach: A static form that combines two datasets based on computed temporally static weights and
another which uses temporally dynamic weights that mimics the reference dataset more closely. In this
study, the static approach is chosen since it gives more room for the merged product to mimic the
strengths of the parent products more than the reference, thus preserving their intrinsic characteristics.
A detailed description of the method can be found in Kim et al. [21] and a summary of the combination
technique is as follows:

For two sets of unbiased soil moisture retrievals, θ1 and θ2, set in a specified time-window, they
are linearly combined into a combined product, θc, at each time point by applying a single weight w
(0 to 1) as in the Equation (1) below:

θc = wθ1 + (1−w)θ2, (1)

where the optimal weight (w) of the normalized parent products is computed as

w =
σ2(R1.re f

−R1.2R2.re f )

σ1
(
R2.re f −R1.2R1.re f

)
+ σ2

(
R1.re f −R1.2R2.re f

) (2)

R represents the temporal correlation coefficient either between either the parent products (1 and
2) or a parent product and the reference data (ref). σ represents the standard deviation of the parent
products. This implies that the optimal weight is a function of the correlations between the parents
and the chosen reference. A minimum number of paired observations is necessary for a statistically
significant correlation to be computed since a lack of paired observations may generate unreliable
parameters. Kim et al. [21] demonstrated that the temporal correlation (R) could be expressed as a
function of the optimal weight, which can be understood as an optimization problem. This is given in
the relation:

R = f (w) =
E
[
(θc − µc)

(
θre f − µre f

)]
σcσre f

, (3)

where the mean values of the merged product and the reference are given represented by µc and µre f
and the standard deviations, σc and σre f . Thus, a more reliable estimation will depend significantly on
robustly estimated mean and standard deviation, as seen from Equation (3). It is generally known
that satellite-derived soil moisture estimates are systematically different from each other with different
dynamic values and means. In this regard, scaling approaches have been commonly used to adjust
the dynamic range of soil moisture estimates [40–42]. The rescaling of the products in this study is
achieved based on a linear normalization shown in Equation (4). Of course, with such a simplified
approach, the assumption is that the two parent products have an equal measure of noise, which will
propagate into the weight estimation [43]. Following Draper et al. [43] the normalization is defined as

θn =
(
θp − θp

)
∗
σre f

σp
+ θre f (4)

From Equation (4) θp represents the parent product and σre f and σp represent the standard
deviations of the reference and parent product, respectively. However, the normalizing process is
essential for reducing systematic differences, the approach in Equation (2) is mostly based on correlation
estimations. Since correlations are not impacted by differences in biases that may exist in the datasets,
the normalization is not a needed step to obtain the weights. This property of the approach used
here highlights its advantage over error based combination approaches. Nonetheless, Equation (4) is
applied in this study as it may have its own merits, which are explored in Section 4.1.
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3.2. Design of the Merging Scheme

The whole study period is divided into four unequal periods, between two to eight years (See
Table 2) since the approach used allows for the combination of two datasets at a time. Additionally,
apart from TRMM which has a quasi-global coverage, none of the satellite products extends throughout
the entire study period, which justifies the first advantage of the combination approach. In the first
time period, the TRMM and SSMI are combined from January 1998 to January 2003, when AMSR-E
and WindSat become fully available. Here, even though TRMM and SSMI still have available data,
the switch to the different products is done, more especially because TRMM does not cover higher
and lower latitudinal regions (quasi-global). AMSR-E and WindSat are maintained in a long period of
combination from February 2003 till September 2011 when AMSR-E is no longer operational. At this
point, AMSR-E is replaced with the FY3B product. Time period 3 goes from October 2011 until June
2012, after which the WindSat product becomes unavailable, and the AMSR2 product is combined
with FY3B in time period 4. To focus on the complementarity from various passive microwave sensors,
this study consistently uses soil moisture products retrieved with the land parameter retrieval model
(LPRM) [27], which is one of the most commonly used soil moisture retrieval algorithm that links
soil moisture to microwave brightness temperature from low frequencies observed by radiometers.
Kim et al. [23] suggested using a 60-day window-length because of the 2–3-day revisit time of the
satellite sensors. Since the temporal periods in this study are more than the minimum period suggested,
statistically significant optimal weights should be obtained. Throughout the four periods, the ERA5
soil moisture product is maintained as the reference for the merging. Table 2 gives a summary of the
different periods of combination.

Table 2. Time Periods for the merging of the different products.

Time Period 1
Jan 1998–Jan 2003

Time Period 2
Feb 2003–Sep 2011

Time Period 3
Oct 2011–Jun 2012

Time Period 4
Jul 2012–Dec 2015

Parent Product 1 TRMM AMSR-E Fengyun 3B AMSR2
Parent Product 2 SSM/I WindSat WindSat FengYun3B

Reference ERA5 soil moisture

3.3. Analysis of the Merging Preprocessing

To reduce discontinuity and abrupt mean shifts within the combined products, the six satellite
products are first, normalized to the amplitude of the reference (Equation (4)), ERA5. The implications
of this normalizing are here studied to quantify the change in the amplitude of the satellite products
after they are rescaled. Figure 2a shows the results of a selected time series of AMSR-E before rescaling
(blue), after rescaling (red) and the reference data’s time series of the same point (black). The results
show that rescaling, while it transforms the satellite product into the amplitude of the reference, still
preserves its temporal variability. Given that the added value of these satellite products lies with
their ability to capture the soil moisture temporal dynamics, the correlations must be preserved at this
stage. Also, this would imply that other properties that rely on the unbiased state of the datasets are
preserved. Kim et al. [23] noted that the optimal weight tends to converge to 0 or 1 when there is a large
difference between the standard deviations of the parent products. Thus, normalizing the time series is
necessary to minimize the effects from the largely different standard deviations for maximizing the
correlation coefficients. Figure 2b shows the degree to which the rescaling process changes the satellite
product over the entire globe for AMSR-E (which is taken as an example) based on the difference
between the product before and after normalization. Here, blue color implies that the normalized
time series have larger amplitudes, while the red color implies that the original time series have larger
amplitudes. The results demonstrate that most of the northern hemisphere in the satellite product is
generally wetter than in the reanalysis product, which is a known problem of the LPRM soil moisture
retrievals [44,45]. Therefore, this process can serve as a preliminary correction step, especially where
the quality of the reference data are superior.
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scanning radiometer-earth observing system (AMSR-E) and normalized AMSR-E global soil moisture
observations. Red color shows higher values in the original product and blue color shows higher
amplitudes in the normalized product.

3.4. Relative Contributions of Satellite to the Merging Scheme

Since the optimal weights represent the relative contributions of each product to the merging in
each period, it is possible to examine the individual contributions, as shown in Figure 3. This is also
a reflection on the strengths and weaknesses of the satellite products relative to ERA5 soil moisture,
which is used as the reference for the merging. This implies that higher contributions will be obtained
for a particular parent product if it has a good skill relative to the reference. The weights in Figure 3 are
normalized to fall between −0.6 to 0.6 for easy visualization, however, they actually fall between 0 and
1, as can be noted from Equations (1) and (2). The missing values, especially over the densely forested
regions like the Amazon, are due to the masking over NDVI values greater than 0.8. Figure 3a shows the
weights given to SSMI (yellow to blue—negative values) and TRMM (orange to red—positive values)
in the first time period. Missing values in the higher and lower latitudes are a result of the absence of
observations in TRMM, therefore, these areas are masked out. In this period, it is clear that TRMM
contributed more to the combined product than SSMI, which is not surprising as SSMI’s challenging
qualities have already been reported in previous studies which includes negatively correlated seasonal
variabilities over some regions across the globe [46]. Nonetheless, SSMI’s contributions are observed
over higher latitudinal areas, especially over the Mediterranean region. From mid-latitudes through the
tropical areas to the lower latitudes, the combination is observed to be heavily dependent on the quality
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of TRMM. In the time period 2 (Figure 3b), both the WindSat (yellow to blue—negative values) and
AMSR-E (orange to red—positive values) soil moisture products appear to have equal contributions to
the merged product where AMSR-E seems to contribute more over the monsoon regions. Significant
contributions of WindSat, on the other hand, appear mostly along the wet high latitudes and arid
regions such as the Mediterranean areas. The third and fourth time periods (Figure 3c,d) present the
contributions of FY3B set against WindSat and AMSR2 products. This is particularly important because
while the latter two are included in existing merged products like the ECV soil moisture, FY3B is absent.
Thus, Figure 3c,d allows us to quantify the potential of the FY3B product properly in such long records,
although time period 3 may be too short for a reliable assessment. The period of Figure 3c (time period
3) is also crucial because it represents a period where observations are unavailable from both AMSR-E
and AMSR2. Regions with significant contributions from AMSR-E in Figure 3b, are mostly linked
to FY3B in Figure 3c where it is absent. This is necessary to promote consistency in long term soil
moisture studies. Here, it is worth noting that time period 3 is a relatively short period. This could
impact the computation of a robust optimal weights map (Equation (3)). Furthermore, regions around
the east of the Sahara and over the Tibetan Plateau have missing values because one or both of the
parent products had less available observations than the defined threshold for the period (Figure 3c).
This is likewise for Figure 3d over the Congo basin. Figure 3d shows the contributions from FY3B and
AMSR2 from 2012 to 2015. Here, contributions of both products are rather spread out over the globe,
highlighting the added value of the FY3B not just in this combination study, but its potential to be
significantly useful in other existing merging schemes and climate studies.

Remote Sens. 2020, 12, x FOR PEER REVIEW 9 of 19 

 

WindSat (yellow to blue—negative values) and AMSR-E (orange to red—positive values) soil 
moisture products appear to have equal contributions to the merged product where AMSR-E seems 
to contribute more over the monsoon regions. Significant contributions of WindSat, on the other 
hand, appear mostly along the wet high latitudes and arid regions such as the Mediterranean areas. 
The third and fourth time periods (Figure 3c,d) present the contributions of FY3B set against WindSat 
and AMSR2 products. This is particularly important because while the latter two are included in 
existing merged products like the ECV soil moisture, FY3B is absent. Thus, Figure 3c,d allows us to 
quantify the potential of the FY3B product properly in such long records, although time period 3 may 
be too short for a reliable assessment. The period of Figure 3c (time period 3) is also crucial because 
it represents a period where observations are unavailable from both AMSR-E and AMSR2. Regions 
with significant contributions from AMSR-E in Figure 3b, are mostly linked to FY3B in Figure 3c 
where it is absent. This is necessary to promote consistency in long term soil moisture studies. Here, 
it is worth noting that time period 3 is a relatively short period. This could impact the computation 
of a robust optimal weights map (Equation 3). Furthermore, regions around the east of the Sahara 
and over the Tibetan Plateau have missing values because one or both of the parent products had less 
available observations than the defined threshold for the period (Figure 3c). This is likewise for Figure 
3d over the Congo basin. Figure 3d shows the contributions from FY3B and AMSR2 from 2012 to 
2015. Here, contributions of both products are rather spread out over the globe, highlighting the 
added value of the FY3B not just in this combination study, but its potential to be significantly useful 
in other existing merging schemes and climate studies. 

 

Figure 3. Relative contributions of the individual satellite observations in the merging scheme for (a) 
time period 1, (b) time period 2, (c) time period 3 and (d) time period 4. Colors show where more 
weight in each period is from either of the satellite observations. 

4. Results 

4.1. Evaluation of Merged Product 

4.1.1. Validation with in situ Soil Moisture 

A key objective of this approach is to develop a merged product which harnesses the best 
correlations of both parent products. To understand how the merged product performs relative to 
the parent products, it is evaluated with the ISMN soil moisture datasets based on correlation analysis 
and unbiased root mean square difference (ubRMSD). The same evaluation is also applied to the 

Figure 3. Relative contributions of the individual satellite observations in the merging scheme for (a)
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4. Results

4.1. Evaluation of Merged Product

4.1.1. Validation with In Situ Soil Moisture

A key objective of this approach is to develop a merged product which harnesses the best
correlations of both parent products. To understand how the merged product performs relative to the
parent products, it is evaluated with the ISMN soil moisture datasets based on correlation analysis
and unbiased root mean square difference (ubRMSD). The same evaluation is also applied to the
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rescaled parent product within the respective periods. Thus, it would indicate the extent to which
the strengths of the parent products have been harnessed in the resulting merged product. Next the
difference in correlations and ubRMSD between the merged product and the rescaled parent products
are computed such that positive values indicate superior performance of the merged product. Figure 4a
shows the correlation comparisons, and Figure 4b shows the ubRMSD comparisons. Here, these two
performance metrics are chosen because they are generally not impacted by systematic differences that
may exist among the datasets. Additionally, the use of the rescaled parent product in Figure 4 isolates
the merit of the merging scheme from the normalization step in the ubRMSD comparisons. The results
demonstrate that the merged product leverages the strengths of the parent products to obtain superior
skills in each period as shown in Figure 4a,b. This is indicated by the consistent positive values in
the plots. Significant correlation improvements can be seen in merged product relative to SSMI and
WindSat in Figure 4a. In Figure 4b, the improvements are more significant relative SSMI, WindSat and
FY3B, implying reduced differences with regard to the in situ observations. The results here also show
that although the combination approach learns from the reference and parent product, the resulting
merged product comes with its own set of skills. This is because individual parent products have their
strengths and limitations. Therefore, the approach aims to combine, as much as possible, the strengths
of the products into a single framework.
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Figure 4. Evaluation of improvements within the merged product based on differences in (a) correlation
coefficients and (b) unbiased root mean square difference (ubRMSD) with the parent products relative
to the International Soil Moisture Network (ISMN) datasets. Positive (+) values indicate higher qualities
in the merged while negative (-) values indicate higher qualities in the parent products.

To have a more detailed understanding of the quality of the merged product over different regions
globally based on the ISMN in situ datasets. Both correlation and ubRMSD results are presented over
the different continents for the different networks used, as shown in Figure 5. Generally, most of the in
situ datasets are distributed over Northern America (N. America) and Europe, and a rather limited
number over Africa and Asia. Results from the African networks show the highest correlations (up to
about 0.8) and the smallest errors (about 0.025 m3/m3). Even though the network distribution in Africa
is not as dense or as spread out those in N. America and Europe, it is still good to see that results over
the region are encouraging. The lack of observation data over the African continent makes long records
such as this merged product necessary to fill the gap in missing observational records. Over regions
such as the United States, Middle East, China and Japan, L-band and C-band soil moisture observations
are usually replaced with X-band observations due to radio frequency interferences [34,47]. Therefore,
improved X-band soil moisture observations will benefit large scale soil moisture applications over
such regions without a compromise in quality. High mean correlations and lower ubRMSDs over
Australia and Asia are also observed in Figure 5.
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4.1.2. Evaluations over Different Vegetation Densities

Previous studies have shown that the quality of soil moisture products, both satellite and
model-based, varies as a function of vegetation [26,34]. Here, the correlation coefficients and ubRMSDs
within in situ soil moisture are binned over various NDVI scenarios (0.1 to 0.8) to understand how
the skill of this merged product as a function of vegetation variability as shown in Figure 6a. Results
generally show that the quality of the merged product drops with increasing vegetation density.
However, it is worth noting that NDVI values from 0.2 to 0.7 are generally within a good range
of quality with a mean correlation over 0.5 and a mean ubRMSD of about 0.07. Under very dry
(NDVI: < 0.2) and very wet (NDVI: > 0.7) conditions, the skill set of the product is relatively lower.
The merged product demonstrates a good skill of capturing soil moisture dynamics over a large range
of vegetation densities. To isolate the added value of this merging approach, the merged product is
here compared against the ECV passive microwave records. Here, the two merged products are first
evaluated with in situ observations to assess both correlation and ubRMSD. The difference between
their correlations and ubRMSD are then obtained such that positive values are linked to the merged
product where correlations are larger and ubRMSDs are small. Conversely, negative values indicate a
better performance of ECV. Figure 6b shows these results across various vegetation densities.

Overall, the results show that the merged product performs better over sparse and densely
vegetated regions. Furthermore, Figure 6b also shows that regions with low vegetation densities
also benefit more from the merged product. Essentially, it could be suggested that sparsely and
densely vegetated regions benefit more from the merged product than from ECV. It should also be
noted that the averaging across the different vegetation densities may impact the clarity of the results.
The unaveraged (unbinned) are presented in the supplemental materials. Results in Figure S1 also
show that both products have their own merits. The unbinned results suggest that 43% of all matched
points to the in situ are observations have higher correlations with the merged product while 70% have
lower ubRMSDs than the ECV soil moisture.
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Figure 6. Evaluation over different vegetation densities (NDVI) of the merged product based
(a) correlations and ubRMSD with the ISMN soil moisture measurements and (b) the differences
between the correlations and ubRMSD with the in situ soil moisture and merged product and essential
climate variable soil moisture (ECV). Positive values indicate higher correlations and smaller errors in
the merged product, while negative values imply the same for ECV.

4.2. Preservation of Parent Product Trends

In a long-term merging exercise such as in this study, it is of interest to understand how trends
may have been impacted in the final merged product relative to the original time series. It should be
emphasized here that the aim of this section is only to assess how long term changes in the normalized
soil moisture within the merged product have been impacted relative to the parent products. To do
this, the nonparametric Thiel–Sen slope is used to obtain the magnitude of changes in the soil moisture
estimates per year. This approach has been used in several studies to estimate long-term trends in
hydrological and meteorological time series [48,49]. Here, the trends in the WindSat (Figure 7a) and
AMSR-E (Figure 7b) are compared with the trends in the merged product matching the length of
their data availability (essentially, years 2003 to 2012). The results show that, generally, the trends are
preserved to an acceptable degree, where the similarities between the trends in the parent products and
that of the merged product are up to correlation coefficients of 0.8 and higher. Figure 7 also shows that
larger differences are found within the significantly large changes and higher similarities in smaller
changes. Nonetheless, it is clear the direction of trends, which is usually more important, are very
accurately preserved. Therefore, places of drying in the original products are similarly drying in the
merged product. The same can be said about wetting trends as well. Thus, the product of such a
combination scheme can be relied on for long-term studies and applications. Of course, it may be
necessary to mention that where there are significant differences between the trends of the parent
products, larger differences could be expected in the hybrid product.
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4.3. Relative Contributions of FY3B

As mentioned above, the FY3B is absent in existing merged long records of passive microwave-
based soil moisture. Thus, understanding its potential will improve and enable its proper use. It serves
as a suitable X-band based soil moisture substitute between 2011 and 2012, where observations
are generally unavailable from the AMSR sensors. In challenging regions like the Tibetan Plateau,
Wang et al. [50] demonstrated that the skill of FY3B is quite comparable to well-known products like
TRMM. This study, therefore, builds on these previous studies by evaluating the potential of the FY3B
soil moisture product in such a merging scheme.

In Figure 8, the study is limited to time period 4, where FY3B and AMSR2 are combined within
the record here. To probe into their contributions, the magnitude of correlation improvements are
associated with the weights given to the parent products (see Figure 3d). That is, where more than
50% of the weight of a grid point comes from a particular parent product, the change in correlation
coefficients (either improvement or deterioration) is credited to that product. In Figure 8, the magnitude
of correlation improvements (deterioration) relative to the in situ data (at a significant level of 0.05) is
shown in blue (blue). Overall, Figure 8 demonstrates that more improvements are obtained. The results
further indicate that about 77.1% of the matched points to the FY3B in this period were improved.
Similarly, 61.7% of the matched points to AMSR2 were also improved. These results generally suggest
two things: (1) The merging scheme used does have a laudable added value to improving the skill of
soil moisture by leveraging the strengths of the parent products; (2) Comparably, the FY3B product does
have the potential to contribute to merged satellite soil moisture record. Another general observation
here is that the magnitude of the improvements is more significant than the deteriorations, which are
mostly small magnitudes.
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5. Discussion

The study here has used a recently developed combination scheme [21] to develop a long-term
record (1998–2015) of satellite soil moisture from different passive microwave sensors. The added
value of satellite soil moisture products has been suggested to be best found in their correlations [21].
Thus, the method here combines two products by maximizing temporal correlations to a chosen
reference. Here, two ideas are investigated. The first is to learn lessons from such a scheme which are
not utilized in other existing soil moisture merging schemes and to understand its value in long-term
data-merging. Second, it seeks to understand the potential of a relatively unexplored product, soil
moisture observations from the microwave imager onboard the Chinese FengYun-3B satellite. These
are expected to serve as an auxiliary toolbox from which current merging schemes can explore to
improve their frameworks.

Here, retrieved soil moisture from six passive microwave sensors (five of which are X-band
retrievals) based on the land parameter retrieval model, LPRM, were sequentially combined by
maximizing their temporal variabilities to a chosen reference. However, both passive and active
microwave retrievals are impacted by radio frequency interferences, lower frequencies are more
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easily impacted [29,47]. Therefore, over regions of strong interferences, X-band retrievals become the
preferred option [34]. This study, therefore, leverages this added value of X-band based retrievals
to explore their merits in a long-term data-merging scheme. Like other data-merging approaches,
a reference is required. While in situ observations would serve as the best option for a reference,
they are limited by their obvious point–scale representation as well as discontinuities over time due
to their rather expensive management. Previous studies have also depended on model-based soil
moisture products to combine multiple products due to their high spatial and temporal consistencies.
For instance, the multi-decadal global satellite-observed soil moisture dataset developed by the
European Space Agency (ESA) as one of its Climate Change Initiative (CCI) uses model-based soil
moisture estimates as a scaling reference to correct the systematic differences between the active and
passive soil moisture datasets used in their combined (active + passive) product [40]. While these
chosen references are generally dependable, the merging schemes are blind to the qualities of these
reference datasets. As such, a good preliminary understanding of the relative qualities of the chosen
reference is highly recommended. Existing studies have evaluated commonly used global model-based
products with observations and have reported a high skill of soil moisture within the ERA5 global
atmospheric reanalysis framework [26,31,32]. Based on these conclusions, ERA5 soil moisture is chosen
here as a reference for the combination approach.

After normalizing the products to the reference, the weights of the magnitude of the individual
satellite products’ contribution were computed relative to the reference data. To achieve this, the entire
period was divided into four main periods to match the availability of satellite products. Here, it was
observed that the different periods (of different time lengths) presented different challenges for the
combination stage. For instance, several regions had to be masked out in shorter periods since reliable
weights could not be obtained due to insufficient data points (Figure 3c). Thus, the quality of a superior
combined product will depend heavily on a robust weight computation (Equation (1)). Comparing the
merged output with in situ soil moisture observations from the International Soil Moisture Network
(ISMN) showed that it is an overall improvement of the parent products (Figure 4). A more detailed
comparison showed that over various continents, the merged product maintains high correlations and
lower unbiased differences, especially of Africa, which is known to have a significant lack of reliable
observation datasets (Figure 5). Across different vegetation densities, indicated with NDVI, the merged
product demonstrated high median correlations of about 0.55 and a median ubRMSD of about 0.07.

A comparison with ECV is also presented. Here, it is important to note that since ECV products
come at daily averages, this comparison is limited given that the merged product is based on descending
overpass observations. The results showed that over moderately vegetated regions, the ECV performed
better. On the other hand, better performance was observed in the merged product over densely
vegetated regions and regions with sparse vegetation covering. The significant difference in the
performances of the two merged products over densely vegetated regions is possibly due to negative
correlations in the dense vegetation areas in the ECV comparison with the station datasets. The merging
scheme of ECV is based on minimizing mean square error (MSE), which relies on error variances
derived from triple collocation [51]. However, MSE-based approaches improve correlations, they are
not as sensitive to correlations signs as the approach used in this study is. This becomes very necessary
over regions where correlations in satellites products are not very good, as seen in dense vegetation
areas. Furthermore, previous studies have reported reduced skill of passive microwave soil moisture
over densely vegetated areas [34]. This highlights another important added value of the merged
product presented in this study. Analysis of trends in the merged product indicated that regions with
wetting trends in the parent retrievals also show wetting trends in the merged product. This also goes
for the regions of drying trends. The trend analysis was conducted only to assess the impact of the
merging scheme on the trends within the datasets.

A follow-up set of analyses investigated the added value of the FY3B soil moisture product since it
is currently absent in widely used merged products such as the ECV soil moisture record. Correlation
improvements showed that compared with the commonly used AMSR2 product, the FY3B could
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serve as an equally viable alternative for reliable soil moisture estimates. A direct comparison of
the matched points of the FY3B product, where it contributes more than AMSR2 product, with the
ISMN showed that the FY3B contributed to the about 77.1% of these matched points. Additionally,
an overall comparison based on Figure 4d, where the number of grid points with a higher contribution
(weights) from FY3B, showed that the FY3B contributed at least, 47% to the merged product in that
period. This implies that the FY3B product is dependable not just within merging schemes alongside
other products but is also dependable in its use to understand soil moisture dynamics on its own.
This confirms the findings of previous studies in which FY3B soil moisture was demonstrated to have
good skills [30,34,52].

A limitation of this merging approach is that it depends on available paired observations. A lack
of this results in missing data. However, this limitation can be considerably reduced by using
daily average soil moisture retrievals with both ascending and descending observations as the ECV
scheme does.

6. Conclusions

Data merging schemes generally provide platforms to leverage the strengths of the inputs into a
single framework where superior attributes are obtained. The limited operational lifespan of various
satellites makes it necessary to develop such combination products. Here, an existing correlation-based
merging approach has been used to combine six global passive microwave soil moisture retrievals over
a long period. The approach maximizes the temporal correlations of the input soil moisture retrievals.
Temporal correlation is an important indicator of the merits of satellite soil moisture. Spatially variable
weighting factors were first obtained to provide a guide for the merging of normalized soil moisture
products. Across the globe, it was observed that the different satellite retrievals had their unique
contributions in various climate conditions at different periods. Validation of the final merged product
with independent datasets in situ soil moisture measurements showed that the obtained product has a
good skill over various vegetation densities. Compared to the ECV passive microwave soil moisture,
significant improvements were observed over dense and sparsely vegetated regions. This finding
is important because passive microwave soil moisture observations are known to reduce in quality
over dense vegetation. Analysis of the trend preservation in the merged product also indicated that
the trends in the merged product were similar to the trends in the parent retrievals. In addition to
this, soil moisture retrievals from the FengYun-3B satellite, which is absent in other existing merged
products was further assessed. The results showed that it possesses comparable skills to the widely
used AMSR2, and as such, contributed to the improvements observed in the merged product.

In this study, the combination was performed with two input soil moisture retrievals at a time.
Therefore, future studies will explore combining more than two inputs at a time. The impact of
temporally dynamic weights will also be considered in such long-term combination schemes.
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