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Abstract—Data from the NASA Cyclone Global Navigation
Satellite System (CYGNSS) mission have shown promise for the
retrieval of soil moisture, and many soil moisture products using
CYGNSS data have been developed. In this work, we present
a merged product that combines several CYGNSS soil moisture
products using a minimum variance estimator (MVE). The MVE
identifies an optimal weighted averaging scheme based on the
error covariance characteristics of the CYGNSS soil moisture
products. The error covariance matrix is computed using two
reference datasets: soil moisture data from the Soil Moisture
Active Passive (SMAP) radiometer and in situ soil moisture data.
The results from each of these provide insights into both the
performance of the merged product and the individual input
CYGNSS products. Overall, the merged product offers better
performance than any individual CYGNSS product while also
offering better temporal resolution than SMAP. The results of this
work also demonstrate that the use of the MVE is a compelling
technique for soil moisture applications.

Index Terms—Geoscience and remote sensing, global naviga-
tion satellite system, satellite navigation systems, soil moisture,
soil, vehicular and wireless technologies.

I. INTRODUCTION

OBSERVATIONS from spaceborne global navigation
satellite system reflectometry (GNSS-R) missions have

shown ample sensitivity to soil moisture [1], [2], [3]. Many
spaceborne GNSS-R missions have been launched in recent
years. These include the TechDemoSat-1 (TDS-1) [4], the
U.K. Disaster Monitoring Constellation (U.K.-DMC) [5], the
Cyclone Global Navigation Satellite System (CYGNSS) [6],
the BuFeng-1 twin satellites [7], and the Spire CubeSats [8].
Of these, CYGNSS has seen the most widespread use in land
applications [9].

GNSS-R fills a vital niche in the broader scope of space-
borne soil moisture sensing. Historically, remote sensing of
soil moisture has been done by single satellite missions. The
current state-of-the-art for L-band microwave remote sensing
of soil moisture is the NASA Soil Moisture Active Passive
(SMAP) [10] and the European Space Agency (ESA) Soil
Moisture and Ocean Salinity (SMOS) [11], which provide
high-quality global soil moisture retrievals. However, these
missions have a revisit time of up to three days, which may
not be sufficient for some applications, such as operational
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weather forecasting. Meanwhile, CYGNSS has an average
revisit time of 3–7 h, making daily soil moisture retrievals
viable for footprints larger than 20 km. This fast revisit time is
the result of CYGNSS employing a constellation of eight small
satellites rather than a single large satellite. The launching
of eight observatories was made possible by the substantially
lower cost GNSS-R platforms, which are much smaller and do
not require a heavy or power-hungry onboard transmitter. Soil
moisture retrieval quality from GNSS-R is expected to further
improve as future missions such as the ESA HydroGNSS
[12] and the Muon Space small satellite constellation [13] are
launched.

The primary mission of CYGNSS is oceanic wind speed
retrieval over tropical cyclones. However, CYGNSS currently
has widespread use in soil moisture retrieval as well. Many
soil moisture products using data from the NASA CYGNSS
mission have been developed [14], [15], [16], [17], [18],
[19], [20], [21]. In 2022, the CYGNSS land applications
working group launched an effort to assess these products.
This assessment analyzed the products with respect to in situ
soil moisture data and SMAP soil moisture retrievals. The
conclusions drawn from the assessment were that no single
product appears to outperform the other products in all cases
and that a single combined soil moisture product could take
advantage of their best features.

In this work, we present a merged CYGNSS soil moisture
product. This product is formed by combining multiple, inde-
pendently developed, CYGNSS soil moisture products using
a minimum variance estimator (MVE). As a result of this
technique, the merged product outperforms its constituents and
rivals SMAP in key performance metrics while providing daily
soil moisture retrievals.

A. Overview of Cygnss Soil Moisture Products

This section provides a brief overview of the CYGNSS soil
moisture products that have been developed. Two products use
a linear regression model to estimate soil moisture. The first
of these is the official soil moisture product of the CYGNSS
mission [14], [22], which we will henceforth refer to as the
“mission product.” The second, which we will call “Lux-
Reg,” was developed at the University of Luxembourg [23]. In
both cases, the regression model is trained for every grid cell
using spatiotemporally co-located soil moisture retrievals from
SMAP and surface reflectivity observations from CYGNSS.
The product of [15] uses a time series retrieval (TSR)
approach. We will refer to this product as “TSR.” One month
of CYGNSS data is fed to a system of equations relating the
surface reflectivity (which is assumed to be a known function
of soil moisture) and normalized bistatic radar cross section
(NBRCS). The model assumes that the effects of vegetation
and surface roughness are constant over the duration of the
time series such that they cancel out and are removed from
the equations. Since the system of equations is not full rank, it
is constrained by imposing a monthly maximum and minimum
soil moisture derived from historical SMAP soil moisture data.
The surface reflectivity is then converted to soil moisture using
Peplinski et al.’s soil dielectric model [24]. The product of
[19] uses semiempirical modeling (SEM), in which empirical

matchups are used to derive inputs to physical models. Unlike
some other products, the model is not calibrated by geographic
location. Rather, the data are binned according to incidence
angle, soil moisture, and vegetation water content (VWC). We
will refer to this product as “SEM.”

Several products utilizing neural networks have also been
developed. Two such products [17], [18] use artificial neural
network (ANN)s to convert CYGNSS observed peak reflec-
tivity, trailing edge slope (TES), and incidence angle to soil
moisture. These products are trained using soil moisture from
the NASA SMAP mission. Both products also utilize an
extensive suite of ancillary data, including soil texture, surface
water, normalized difference vegetation index (NDVI), and
land cover type. The two products differ in the soil moisture
training data that are used. Senyurek et al. [18] are trained
with in situ data from the International Soil Moisture Network
(ISMN), while Lei et al. [17] are trained with remote sensing
soil moisture data from SMAP. These two products are not
used in the merged product because a successor to them was
later developed [16]. The successor product is trained with
SMAP and utilizes a convolutional neural network (CNN) that
takes the full delay-Doppler map (DDM) of CYGNSS as an
input rather than just the peak reflectivity. We will refer to
this product as “CNN.” Yet, another ANN product [20] uses a
broader array of CYGNSS observables, including reflectivity,
signal-to-noise ratio (SNR), effective isotropic radiated power
(EIRP), normalized radar cross section (NRCS), and more. We
will refer to this product as “ANN.” Finally, the product of
[21] uses a CNN approach similar to that of [16]. This product,
CNN, and ANN all use SMAP soil moisture as their training
data.

All of these products provide daily soil moisture retrievals.
The majority of the products are gridded on the 36-km SMAP
equal area scalable Earth (EASE) grid. The exception to this
is the CNN product [16], which uses the 9-km SMAP EASE
grid. For the merged product, this product is downsampled to
36 km by performing a simple average of the 16 9-km grid
cells that make up a single 36-km cell.

B. Merged Cygnss Soil Moisture Product
The CYGNSS merged product is developed using an MVE

[25]. This technique is already used in the CYGNSS ocean
wind products, but here is applied here to soil moisture
products. The MVE performs a weighted averaging of the
soil moisture values provided by the input products. The
Rao–Blackwell theorem guarantees that the root-mean-square
error (RMSE) of the MVE will be lower than that of any of
its inputs. The error covariance matrix of the input products
is used to find the weights that minimize the variance of the
weighted average soil moisture values.

II. METHODOLOGY

A. Minimum Variance Estimator

Here, we provide an overview of the mathematical expres-
sions of the MVE. The derivation outline is given in [25]. We
have included an expanded derivation in the Appendix with
pertinent linear algebra and tensor calculus needed to make it
accessible to the readers and useful to a wider audience.
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The MVE is defined by the following weighted average:

umv = m · u (1)

where umv is the merged soil moisture value, m is a vector
containing the weights given to the CYGNSS soil moisture
products, and u is the vector of soil moisture values reported
by the CYGNSS soil moisture products.

The MVE revolves around finding the optimal weighting
vector m, which can be shown to be

m = −
λ

2
1 · C̄−1 (2)

where C̄ is the error covariance matrix for the input products
and 1 is a vector of ones. λ is given by

λ =
1P

i
P

j C−1
i j

(3)

where C−1
i j are the elements of the matrix C̄−1.

B. Merged Product Overview
Six products outlined in I-A are used in the merged product.
1) Mission [14], [22].
2) TSR [15], [26].
3) CNN [16].
4) SEM [19].
5) Lux-Reg [23].
6) ANN [20].
All of the product providers supplied data for the period

September 1, 2019 to September 1, 2021. Two years of
data provide ample information for the covariance matrix
calculations. September 2019 was chosen as the start date
because the most recent change in the CYGNSS processing,
which was a switch from 1- to 0.5-Hz reporting, occurred in
August 2019. The in situ data used originate from the seven
SMAP calibration and validation (cal/val) sites [27] that fall
within the CYGNSS latitude range of −38◦ to +38◦, and all
ISMN [28], [29], [30], [31], [32], [33], [34], [35], [36], [37],
[38], [39], [40], [41], [42], [43], [44], [45], [46], [47], [48],
[49], [50], [51], sites within this range.

One item of concern is that the input products are each
trained using SMAP soil moisture in one way or another
and that the training windows of some products overlap with
some or all of the merged product time period as shown in
Table I. A major concern is that the estimator may bias itself
to products with training periods that overlap the observation
period. However, this should not be an issue as long as each
product is trained with a large enough dataset to be statistically
representative. For example, the ANN product is the most
favored product by the estimator as shown in Section III. This
product has zero overlap with the merged product observation
period. Furthermore, this product also only trains using 1%
of the available data in its one-year training window and
uses the rest for validation [20]. For other products that do
overlap, there are factors that reduce these concerns. The TSR
algorithm does not undergo ‘training’ using SMAP’s retrievals.
Instead, maximum and minimum soil moisture bounds formed
using a historical SMAP record extending from 2017 to 2022
are used to constrain the solution of the retrievals’ respective

TABLE I
DATES RANGES OF SMAP TRAINING DATA USED FOR EACH OF THE

INPUT CYGNSS SOIL MOISTURE PRODUCTS. SEVERAL PRODUCTS
HAVE TRAINING PERIODS THAT OVERLAP SOME OR ALL OF

THE MERGED PRODUCT DATE RANGE OF SEPTEMBER 1,
2019–SEPTEMBER 1, 2021

systems of equations. The bounds are in the form of maps that
undergo day-to-day variations but no year-to-year variability.
The CNN product uses a separately trained neural network
for each year of retrievals and omits the current year from
training. For example, if the algorithm generates soil moisture
for the year 2020, it will train using all SMAP soil moisture
retrievals from 2018 to 2022, but omit those from 2020.

Figs. 1 and 2 show an evaluation of the input CYGNSS soil
moisture products. In Fig. 1, maps of the correlation coefficient
of the product soil moisture relative to the SMAP radiometer
soil moisture are shown. The time period for the correlation
calculation was from September 1, 2019 to September 1, 2021,
the same time period as the merged product spans. Several
trends can be seen across most of the products. The correlation
is typically lower in arid regions such as the Sahara and
Arabian Peninsula. The correlation is also lower in heavily
vegetated regions such as the Amazon and Congo. Five of
the six products show similar patterns, but the ANN product
has dramatically higher correlation to SMAP than the other
five. This suggests that this product follows the tendencies of
SMAP much more closely than the other products, and this
fact will be corroborated in Section III.

Global maps of coverage likelihood for each product are
shown in Fig. 2. To create these maps, for every day during
which SMAP reports a soil moisture retrieval, the algorithm
checks if there is a CYGNSS retrieval for that day. The
map shows the percentage of the SMAP retrievals with a
corresponding CYGNSS retrieval. The map for the ANN
product shown in Fig. 2(f) shows 100% coverage everywhere.
This indicates that this product will always report data under
any conditions in which SMAP reports data, suggesting that
it has a quality flag scheme that is equally or less lenient
than that of SMAP. In the cases of the other products, it is
common for there to be low coverage in heavily vegetated
regions and/or mountainous regions. These locations typically
result in weak scattered signals which have low SNR. Products
that set quality flags requiring a minimum SNR will exhibit
these types of patterns.

A key component of this work is selecting the reference soil
moisture dataset for the error covariance matrix calculation.
There are two options that have been evaluated. Each option
has distinct advantages and disadvantages.
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Fig. 1. Maps of the correlation coefficient relative to the SMAP radiometer soil moisture retrievals for each of the CYGNSS products. (a) Mission product.
(b) TSR. (c) CNN. (d) SEM. (e) Lux-Reg. (f) ANN.

Fig. 2. Maps of the coverage of each product relative to that of SMAP for the period September 1, 2019–September 1, 2021. Each pixel represents the
percentage of the total SMAP observations that had an observation from the CYGNSS product for that day. (a) Mission product. (b) TSR. (c) CNN. (d) SEM.
(e) Lux-Reg. (f) ANN.

1) In situ soil moisture from the SMAP cal/val sites and
ISMN.

2) Soil moisture from the 36-km SMAP L3 Radiometer
data (SPL3SMP).
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In situ data have the advantage of unambiguously represent-
ing ground conditions at a particular point location. As such,
the merged product will be trained to converge to the actual
soil moisture. However, there are several issues that must be
acknowledged. First, the merged product reports on a 36-km
grid, and the in situ data are from point sources. This may
introduce a significant error due to sparse sampling of the
36-km grid cells. The amount of in situ data available is also
an issue. The soil moisture sensors available only sample a
small fraction of the globe. Additionally, there is the issue
of representativeness of land cover types. The sites within the
CYGNSS latitude zone have a disproportionately large number
of cropland and grassland sites compared to all other land
cover types. The other issue is that these in situ data must
also be used for validating the merged product.

Using the 36-km SMAP Radiometer soil moisture has both
advantages and disadvantages compared to using in situ data.
First, the grid used by SMAP is the same that is used by
the merged product, meaning that there is no error introduced
by spatial sampling. Second, SMAP covers the entire globe
and provides much more data with which to train the merged
product. However, there are some disadvantages of using
SMAP. First, SMAP is a soil moisture product retrieved using
a model and various assumptions, not a ground truth dataset.
Using SMAP as a reference may lead to a merged product
that exhibits similar performance shortcomings to SMAP. This
issue is compounded by the fact that all of the input CYGNSS
soil moisture products use SMAP as training data in one way
or another. This could lead to a case where a CYGNSS product
that is overfitting to SMAP is given a disproportionately large
weighting by the MVE.

The merged product will report “nodata” for a given grid
cell unless at least two input products report data. The MVE
for the set of all six products is invalid if any of the inputs are
missing. Therefore, an MVE is computed for every possible
combination of products and the correct averaging scheme
is selected on a cell-by-cell basis. This can be done very
efficiently using a hash table.

C. Partitioning Using Ancillary Data

An effort was made to improve the results of the merged
product by partitioning the data. This took both the reference
soil moisture used for covariance calculation and the input soil
moisture values from the CYGNSS products and divided them
into categories based on ancillary data of either precipitation or
vegetation. To form the MVE using the partitioning, both the
reference and retrieved soil moisture values were separated
into two categories based on the ancillary data. Then, two
separate MVEs were generated for each category. The merged
product would choose the appropriate MVE on a location-by-
location basis by referencing the ancillary data. There were
two partitioning approaches used.

The first approach used precipitation data from the global
precipitation measurement (GPM) Integrated Multi-satellitE
Retrievals for GPM (IMERG) dataset. The goal of this was
to divide the data into periods where the soil is expected to
be very wet and periods when the soil is expected to be dry.
The categories were as follows.

1) Wet: Precipitation of at least 1 cm over the prior 48 h.
2) Dry: Precipitation of less than 1 cm over the prior 48 h.
The second approach used NDVI data from Moderate

Resolution Imaging Spectroradiometer (MODIS) to divide the
data into regions of high and low vegetation. The categories
were as follows.

1) Heavy Vegetation: NDVI of 0.5–1.
2) Light Vegetation: NDVI less than 0.5.
Neither partitioning approach resulted in significant changes

in the outcomes of the evaluation because the MVE weights
were similar for the partitions. The reason for this was that
the performance changes for all of the input CYGNSS soil
moisture products for various conditions were highly corre-
lated. When the error performance of all of the products is
biased similarly, the MVE weights change very little from their
previous values, resulting in almost no difference in product
performance. For this reason, no further discussion of the
partitioned results is provided in what follows.

III. RESULTS

In this section, we present two versions of the merged prod-
uct. The difference between the two versions is the reference
soil moisture dataset used to calculate the error covariance
matrix of the MVE. For one version, soil moisture retrievals
from SMAP are used. For the other, in situ soil moisture data
is used.

A. Covariance Matrices and Product Weighting

Two covariance matrices were generated using the approach
detailed in Section II-A. For each, a different reference soil
moisture dataset was used. Results using the SMAP 36-km
Level 3 Radiometer soil moisture product [52] are presented
in Tables II and III. Results using in situ data from the SMAP
Core Cal/Val Sites [27] and the ISMN [28], [29], [30], [31],
[32], [33], [34], [35], [36], [37], [38], [39], [40], [41], [42],
[43], [44], [45], [46], [47], [48], [49], [50], [51] are presented
in Tables IV and V.

Each of these reference datasets has limitations that must be
acknowledged. The SMAP soil moisture retrievals suffer from
a significant amount of error. Validation efforts show an overall
unbiased root-mean-square error (ubRMSE) of 0.04 m3/m3

[53]. Additionally, the performance of SMAP is dependent
on land cover, and the performance is degraded significantly
in regions with dense vegetation [53], [54]. The in situ soil
moisture data have the advantage of providing high-accuracy
soil moisture measurements. However, these data suffer from
uncertainty due to spatial sampling. This is not a major
concern for the SMAP core cal/val sites, which consist of
mutiple sensor nodes distributed to provide a representative
sampling of a single 36-km grid cell [27]. However, only seven
of these sites exist within the latitude coverage of CYGNSS,
so these sites alone do not provide sufficient data to train the
estimator. For this reason, data from the ISMN are also used.
These data come from independent sensor operators and do
not representatively sample the 36-km grid cells since each
site consists of either a single sensor or several sensors located
within a few kilometers of each other. Since data are collected
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TABLE II
MODIFIED COVARIANCE MATRIX USING SMAP AS THE REFERENCE. THIS IS NOT THE RAW COVARIANCE MATRIX GENERATED BY THE ESTIMATOR.

RATHER, IT IS OPERATED ON TO PROVIDE INTUITION. THE DIAGONAL TERMS ARE THE STANDARD DEVIATION OF THE DIFFERENCE OF
EACH PRODUCT WITH RESPECT TO SMAP IN UNITS OF M3/M3 . THIS IS EQUIVALENT TO THE RMSD WITH RESPECT TO SMAP. THE

OFF-DIAGONAL TERMS ARE UNITLESS CORRELATION COEFFICIENTS OF THE DIFFERENCES OF EACH PAIR OF PRODUCTS WITH
RESPECT TO SMAP

TABLE III
WEIGHTS GIVEN TO EACH PRODUCT WHEN SMAP IS USED AS THE REFERENCE. TEST CASES ARE SHOWN WHERE ONE PRODUCT IS MISSING. NOTE:

DUE TO ROUNDING, SOME WEIGHT VECTORS DO NOT SUM EXACTLY TO 1

TABLE IV

MODIFIED COVARIANCE MATRIX USING IN SITU SOIL MOISTURE DATA AS THE REFERENCE. THIS IS NOT THE RAW COVARIANCE MATRIX GENERATED
BY THE ESTIMATOR. RATHER, IT IS OPERATED ON TO PROVIDE INTUITION. THE DIAGONAL TERMS ARE THE STANDARD DEVIATION OF THE

DIFFERENCE OF EACH PRODUCT WITH RESPECT TO THE IN SITU DATA IN UNITS OF M3/M3 . THIS IS EQUIVALENT TO THE RMSD WITH
RESPECT TO THE IN SITU DATA. THE OFF-DIAGONAL TERMS ARE UNITLESS CORRELATION COEFFICIENTS OF THE DIFFERENCES

OF EACH PAIR OF PRODUCTS WITH RESPECT TO THE IN SITU DATA

from only a specific location within the 36 km cell, a large
uncertainty of the overall soil moisture within the cell exists.
Another limitation of using the in situ soil moisture as the
reference is that the overwhelming majority of sites are located
in low-vegetation regions, which could potentially skew the
results.

Both SMAP and the in situ soil moisture have temporal
resolutions that are different from the CYGNSS soil moisture
products, which report daily soil moisture retrievals. SMAP
has a revisit time of 2–3 days but reports soil moisture
retrievals at both 6 A.M. and 6 P.M. local solar time (LST).
We consider a temporal matchup between SMAP and the
CYGNSS products if the SMAP retrieval falls within the time
period of 00:00 and 23:59 UTC for the given day. The in situ

soil moisture data have a variety of different reporting inter-
vals. For this case, all of the in situ soil moisture measurements
within the 24-h period are averaged. Additionally, only sensors
with a depth of less than 10 cm were used because L-band
signals do not penetrate deeply into soil.

The results shown in Tables II and IV are derived from the
error covariance matrices. This format provides much better
intuition of the results than the raw covariance matrix. For
the diagonal terms, the square root of the error variance was
taken. The result of this is that the diagonal terms are the root-
mean-square difference (RMSD) of each product. In Table IV,
the diagonal terms can be considered as an assessment of
each product’s performance with respect to the in situ soil
moisture data. For the off-diagonal terms, the error correlation
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TABLE V

WEIGHTS GIVEN TO EACH PRODUCT WHEN IN SITU DATA ARE USED AS THE REFERENCE. TEST CASES ARE SHOWN WHERE ONE PRODUCT IS MISSING.
NOTE: DUE TO ROUNDING, SOME WEIGHT VECTORS DO NOT SUM EXACTLY TO 1

coefficients are shown. Half of the off-diagonal terms are
omitted for clarity since the matrix is symmetric.

Tables III and V show the weighting vectors provided by
the MVE. Since it is common for one or more products to be
missing for a given acquisition, weighting vectors with one
product missing are shown as well.

B. Performance Analysis

The merged product has been analyzed based on the Interna-
tional Geosphere-Biosphere Program (IGBP) land cover type
taken from the MODIS 0.5◦ land cover type dataset [55].
The 17 IGBP land cover classes are separated into seven
categories.

1) Forests (Eight Sites):
a) Evergreen needleleaf forest.
b) Evergreen broadleaf forest.
c) Deciduous needleleaf forest.
d) Deciduous broadleaf forest.
e) Mixed forest.

2) Shrublands (Six Sites):
a) Closed shrublands (>60% coverage).
b) Open shrublands (10%–60% coverage).

3) Savannahs (16 Sites):
a) Woody savannah (tree cover 30%–60%).
b) Savannah (tree cover 10%–30%).

4) Grasslands (84 Sites):
a) Grassland.

5) Croplands (135 Sites):
a) Croplands (>60% of area is cultivated).
b) Cropland and natural mosaic (40%–60% of area is

cultivated).
6) Barren (13 Sites):

a) Barren (no vegetation).
7) Other (Not Used):

a) Wetlands.
b) Urban and built-up lands.
c) Water bodies.

For each land cover category, the RMSE, ubRMSE, bias,
and correlation coefficient were computed. This was done for
both the merged product that uses SMAP as its reference and
the merged product that uses the average of the CYGNSS

TABLE VI

PRODUCT RMSE BASED ON IGBP LAND COVER CLASS. THE UNITS ARE
SOIL MOISTURE VOLUME FRACTION m3 /m3

TABLE VII

PRODUCT UBRMSE BASED ON IGBP LAND COVER CLASS. THE UNITS
ARE SOIL MOISTURE VOLUME FRACTION m3 /m3

TABLE VIII

PRODUCT BIAS BASED ON IGBP LAND COVER CLASS. THE UNITS ARE
SOIL MOISTURE VOLUME FRACTION m3 /m3

products as its reference. The 36-km soil moisture of the
SMAP L3 radiometer is also included in these results for
comparison purposes. The charts in Tables VI–IX show the
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Fig. 3. Maps of ubRMSE (left column) and correlation coefficient (right column) for in situ sites within the contiguous United States. (a) SMAP radiometer.
(b) CYGNSS merged product—SMAP reference. (c) CYGNSS merged product—in situ reference. (d) SMAP radiometer. (e) CYGNSS merged product—SMAP
reference. (f) CYGNSS merged product—in situ reference.

TABLE IX
PRODUCT CORRELATION COEFFICIENT BASED ON

IGBP LAND COVER CLASS

results of this assessment. The results show that the two
merged products have comparable performance to SMAP in
most cases. The merged product shows improved RMSE and
Bias compared to SMAP for the forest sites.

Maps of ubRMSE and correlation coefficient for both the
SMAP L3 radiometer product and the CYGNSS merged
products over the in situ sites in the contiguous United States
are presented in Fig. 3. The ubRMSE result shows similar
performance trends between SMAP and the CYGNSS merged
products. Across all three products, ubRMSE values tend to be

lower in the drier and more sparsely vegetated western USA
than in the more densely vegetated eastern USA. This corrobo-
rates the results of the land-cover-based performance analysis.
However, there are a small number of sites where the merged
products report similar performance, but the performance of
SMAP is distinct. The maps of correlation coefficient show
that the SMAP radiometer product and the SMAP-referenced
merged product exhibit very similar patterns of performance.
However, the in situ-referenced merged product differs consid-
erably from the other two at a significant number of sites. From
these results, we observe that the spatial variation of ubRMSE
is very similar for the two merged products. However, this is
not the case for the correlation coefficient, with the SMAP-
referenced merged product exhibiting spatial variation similar
to that of SMAP, while the in situ-referenced merged product
differs from these two.

IV. DISCUSSION

Table III demonstrates that, when SMAP is used as the
reference, the ANN product receives the highest weight by far.
This can be explained by observing the modified covariance
matrix of Table II. The MVE will more heavily weigh products
with lower RMSD since this will reduce the error of the
merged product. It will also more heavily weigh pairs of
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Fig. 4. Global maps of soil moisture (m3/m3) from September 1, 2019.
Maps of the SMAP radiometer product and both CYGNSS merged products
are shown. (a) SMAP radiometer. (b) CYGNSS merged product—SMAP
reference. (c) CYGNSS merged product–in situ reference.

products with low correlation to each other, since their errors
are more likely to cancel out, thus reducing the error in the
merged product. The ANN product has the lowest RMSD
in this case, which is why it is given the greatest weight.
The Mission product does not have one of the lowest RMSD
values, but it has relatively low correlation to the ANN
product, which is why it also receives a higher weight than
other products with lower RMSD.

Table V demonstrates that, when in situ data are used as the
reference, the highest weights are given to CNN and SEM.
This is explained in Table IV because these products have
the two lowest RMSD values with respect to in situ data
and their errors exhibit low correlation relative to other pairs
of products. An interesting result in comparing Table IV to
Table II is that using in situ data as the reference results in
universally higher error correlation. This indicates that some
products track SMAP much more closely than others, whereas
all six products seem to track the in situ data similarly. It
is notable that the ANN product has very low weight when
in situ data are used as reference. As this product tracks
SMAP closely, it also manifests some of the performance
shortcomings of SMAP. This is corroborated in Fig. 4, which
shows an example of the merged product for a specific day
(September 1, 2019) for both reference datasets, as well as the
SMAP L3 radiometer soil moisture product for that day. In the
SMAP reference case, where ANN has a large weight, the soil
moisture values in forested regions such as the Amazon, the
Congo, and Southeast Asia are much higher than those in the
in situ reference case, where ANN has a lower weight. This

is notable because SMAP often overestimates soil moisture in
forested areas [54] and the SMAP-referenced merged product
shows soil moisture much closer to SMAP in these regions.
The in situ reference merged product is closer to the true soil
moisture value in these forested regions.

It is helpful to reiterate that a disadvantage of using in
situ soil moisture data as the reference is that the merged
product is reported on a 36 km grid, while the sensors of
ISMN [28], [29], [30], [31], [32], [33], [34], [35], [36], [37],
[38], [39], [40], [41], [42], [43], [44], [45], [46], [47], [48],
[49], [50], [51] are point measurements. This creates an error
source since a point measurement is assumed to represent the
soil moisture of the entire 36-km grid cell. The perceived
limitations associated with in situ gauge networks are less
severe in the case of SMAP’s cal/val sites given their more
dense spatial sampling [27]. However, the available ISMN sites
vastly outnumber the SMAP cal/val sites. It should also be
noted that Fig. 3 shows the in situ reference product having
better overall performance than the SMAP reference product.
This comparative result is expected since the in situ reference
product is optimized to minimize error with respect to these
sites. However, this should not be taken as a condemnation
of the validity of this version of the product. After all, the
estimator simply performs a weighted average of CYGNSS-
derived products that do not use the in situ data for training
whatsoever.

Overall, the merged product provides a soil moisture dataset
with better performance than any CYGNSS product, and
improved temporal resolution compared to SMAP, providing
daily soil moisture retrievals. One key feature of using the
MVE for soil moisture is that the estimator becomes more
effective as the diversity of the input products increases. This
will be particularly important because many future GNSS-R
missions are planned or are in progress, including the SPIRE
Cubesats [8], smallsats from MuonSpace [13], and the ESA
HydroGNSS mission [12]. The MVE can be used to combine
products from one or more of these missions and CYGNSS to
produce a soil moisture product with even better performance.

V. CONCLUSION

Overall, the CYGNSS merged product is a promising
development in GNSS-R soil moisture retrieval. It demon-
strates that performance similar to flagship microwave soil
moisture sensing missions is possible while leveraging the
improved temporal resolution enabled by constellations of
GNSS-R receivers. The results of this work demonstrate that
using an MVE for combining multiple soil moisture products
shows great promise for future applications. The two reference
datasets tested, SMAP and in situ soil moisture data, both have
advantages and disadvantages. Using SMAP provides a greater
volume of data and avoids error due to the resolution mismatch
between the remote sensing and in situ data. Using in situ soil
moisture as the reference results in more realistic soil moisture
retrievals over forested regions.

Future merged products can improve on these results by
leveraging additional data from future GNSS-R missions.
Additionally, several CYGNSS soil moisture products have a
9-km spatial resolution, meaning that it is possible to develop
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a second merged product with this improved resolution. Doing
so would also have the benefit of reducing the resolution
mismatch between the product and in situ data.

APPENDIX
MVE DERIVATION

The following derivation follows the procedure found in
the appendix of [25]. However, the derivation of [25] is
abbreviated and assumes that the reader has knowledge of
several advanced mathematical processes. Here, we present an
in depth mathematical derivation with explanations of all steps.
In the following derivation, scalar quantities are represented
in regular font, vector quantities are represented in bold font,
and 2-D tensor quantities are represented in uppercase bold
font with a bar.

To begin, we represent the weighted averaging as

umv = m · u (4)

where umv is the merged soil moisture value, m is the vector
of weights, and u is the vector of input soil moisture values.
To find the optimal weights, we require the error covariance
matrix of the input products C̄, whose elements are given as

Ci j =
˝
(ui − utrue)

�
u j − utrue

�˛
(5)

where ui and u j are the soil moisture values reported by the
ith and jth products, respectively, utrue is some reference soil
moisture value which we assume to be the true soil moisture,
and the angle brackets denote the expected value of a random
variable. As this is a minimum variance estimator, we must
have an expression for the variance of the output soil moisture
error that we can minimize. This is given by

σ2
mv =

˝
(umv − utrue)2˛ . (6)

This problem is solvable via the method of Lagrange
multipliers if the following equality holds:

σ2
mv = m · C̄ ·m′ (7)

where the “prime” operator denotes the transpose of a vector
or matrix. We will now prove this equality. We can expand
the right-hand side of (7) as follows:

m · C̄ ·m′ =
X

j

 X
i

miCi j

!
m j. (8)

Next, we substitute the expression for Ci j found in (5) to obtain

m · C̄ ·m′ =
X

j

X
i

mim j〈(ui − utrue)
�
u j − utrue

�
〉. (9)

Distributing the multiplication, we get

m · C̄ ·m′ =
X

j

X
i

˝
(miui − miutrue)

�
m ju j − m jutrue

�˛
. (10)

Revisiting (4), we see that miui and m ju j are, respectively, the
ith and jth elements of the dot product that is evaluated to
obtain umv in (4). Additionally, since m is a vector of weights
for a weighted average, the sum of its elements must be one.
Therefore, we have the following two expressions:

umv = m · u =
X

i

miui (11)

X
i

mi = 1. (12)

Now, we consider the sum over i for (10), which allows us to
insert the expressions of (11) and (12) to obtain

m · C̄ ·m′ =
X

j

˝
(umv − utrue)

�
m ju j − m jutrue

�˛
. (13)

Performing the same steps with the sum over j, we arrive at

m · C̄ ·m′ =
˝
(umv − utrue)2˛ = σ2

mv (14)

thus proving the equality in (7).
Now that we have a useful expression for σ2

mv, we will
use the method of Lagrange multipliers to find the vector of
weights m that minimizes the variance. We cannot solve this
by simply setting the gradient of σmv equal to zero because
this yields the trivial solution m = 0. The method of Lagrange
multipliers allows us to impose the condition of (12) onto the
solution space. We have the following:

∇m
�
m · C̄ ·m′ + λm · 1

�
= 0 (15)

where λ is the Lagrange multiplier and 1 is a vector of ones.
The operator ∇m indicates the gradient taken with respect to
the elements of m. Applying this operator to a vector gives
us a 2-D tensor of the following form:

[∇ma]i j =
∂ai

∂m j
. (16)

We can simplify (15) by observing that

∇mm = ∇mm′ = Ī (17)

where Ī is the identity matrix. This yields

∇m
�
m ·C ·m′

�
+ λ1 = 0. (18)

We must now evaluate ∇m(m · C̄ ·m′). We will do this by
applying the product rule for the gradient of a tensor. First,
we will find the gradient of a subsection of this expression,
then later substitute it to obtain the full expression. We have
the following:

∇m
�
C̄ ·m′

�
= m′ · ∇mC̄′ + C̄ · ∇mm′. (19)

It is important to realize that the matrix C̄ is constant, so

∇mC̄ = ∇mC̄′ = 0. (20)

Applying (17) and (20), it is shown that

∇m
�
C̄ ·m′

�
= C̄. (21)

We will now use substitution to evaluate ∇m(m · C̄ ·m′). We
will define

z = ∇m
�
C̄ ·m′

�
(22)

which gives us

∇m
�
m · C̄ ·m′

�
= ∇m (m · z) . (23)

We can now easily apply the product rule for the gradient of
a tensor a second time to evaluate this expression

∇m (m · z) = m′ · ∇mz′ + z · ∇mm′. (24)
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Now, inserting (21) and (22), we obtain

∇m
�
m · C̄ ·m′

�
= C̄ ·m′ + m · C̄. (25)

We also observe that since the error covariance matrix C̄ is
symmetric

C̄ ·m′ = m · C̄. (26)

Therefore, we can reduce (25) to

∇m
�
m · C̄ ·m′

�
= 2m · C̄. (27)

Now, we return to the minimization problem. Substituting
(27) into (18) gives us the following easily solvable equation

2m · C̄ + λ1 = 0. (28)

Solving, we obtain the vector of weights m that minimizes
σmv

m = −
λ

2
1 · C̄−1

. (29)

The Lagrange multiplier λ is obtained by applying (12), which
forces the sum of the weights to equal one

λ =
1P

i
P

j C−1
i j
. (30)
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