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Soil Moisture Retrieval Using BuFeng-1 A/B Based
on Land Surface Clustering Algorithm

Zhizhou Guo , Baojian Liu , Wei Wan , Feng Lu, Xinliang Niu, Rui Ji, Cheng Jing, Weiqiang Li ,
Xiuwan Chen, Jun Yang, and Zhaoguang Bai

Abstract— A new land surface clustering algorithm is devel-
oped to retrieve soil moisture (SM) using the Global Navigation
Satellite System reflectometry (GNSS-R) technique. Data from the
BuFeng-1 (BF-1) twin satellites A/B, a pilot mission for the Chinese
GNSS-R constellation, is used for SM retrieval. The core concept
of the algorithm is to cluster global land areas into different types
according to the land properties and calculate the SM type by
type, based on the linear relationship between equivalent specular
reflectivity and SM. The global comparison between the results
and SM product from the Soil Moisture Active Passive mission
shows the correlation coefficient (R) is 0.82, and unbiased root
mean square error (ubRMSE) is 0.070 cm3·cm−3. The results also
show good agreement compared with in situ SM measurements
with the mean ubRMSE of 0.036 cm3·cm−3. This study proves that
the global SM can be retrieved successfully from the BF-1 mission
with the land surface clustering algorithm. By taking full advantage
of the similarity of land surface physical properties in different
regions, the algorithm provides a practical approach for global SM
retrieval using spaceborne GNSS-R data.

Index Terms—Bufeng-1 (BF-1), global navigation satellite
system reflectometry (GNSS-R), land surface clustering, soil
moisture (SM).

INTRODUCTION

SOIL moisture (SM) is of great significance in surface evap-
otranspiration [1], terrestrial water migration [2], and the
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carbon cycle [3], [4]. In practical applications, SM data are
used in numerical weather prediction [5], agriculture monitoring
[6], and stream-flow forecasting [7]. At present, optical [8] and
microwave remote sensing sensors [9] are used for large-scale
SM retrieval. However, optical remote sensing has a high spatial
resolution but with a relatively long revisit time, and it is easily
affected by clouds and mist. Passive microwave remote sensing
at L-band (∼1.4 GHz) has become the primary approach of SM
observation worldwide due to its all-weather and all-time capa-
bility. For example, the Soil Moisture Active Passive (SMAP)
can provide global SM data products with a minimum interval
of 2/3 days [10].

Global Navigation Satellite System-Reflectometry (GNSS-R)
is a new remote sensing technique to observe the earth’s surface
by receiving the forward scattering signal of the GNSS satellites.
Spaceborne GNSS-R utilizes payloads on board of low-orbit
satellite to obtain the surface scattered signal broadcasted by
the GNSS. GNSS-R is a cost-effective technique because it
takes advantage of the GNSS as the transmitters. Moreover,
because the signal broadcasted by the GNSS satellite is L-band,
it preserves the same advantages that microwave sensors, such
as SMAP and Soil Moisture and Ocean Salinity have. Space-
borne GNSS-R missions, e.g., the Technology Demonstration
Satellite-1 of the U.K., the Cyclone Global Navigation Satellite
System (CyGNSS) of NASA, and the BuFeng-1 (BF-1) twin
satellites A/B of China, have been used to observe not only the
ocean surface [11]–[16] but also the land surface [17]–[22]. SM
retrieval is one of the most popular and practical land surface
applications [23].

Various SM retrieval methods using spaceborne GNSS-R data
have been proposed in previous studies. Most of the algorithms
were established on the linear relationships between the GNSS-
R equivalent specular reflectivity (ESR) and other land surface
SM products. For example, some studies directly linear fit the
calculated ESR with SMAP SM in each surface grid [17], [24].
Some focused on quantifying the effect of land properties, e.g.,
vegetation and surface roughness in [25] and [26]. There have
also been some studies that retrieved SM by machine learning
[27]–[29]. However, the methods mentioned above have the
following limitations: 1) the linear relationships were usually
obtained in each dispersed surface grid or subgrid, and this
solution requires long-time and high-density observations to
build reliable relationships; and 2) In order to decrease the quan-
tified effect on the ESR calculation, some frequently-changing
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Fig. 1. Functional diagram of BF-1. GNSS-R receiver receives ocean/land
scattered signals of GNSS (GPS/BDS) satellite, and the observation position is
determined by locations of GNSS satellite and GNSS-R receivers.

reference data, e.g., vegetation opacity (VO), have to be con-
stantly updated grid-by-grid in real-time SM retrieval.

To benefit from the high accuracy of the aforementioned linear
fitting algorithm and the physical meaning of the land-property-
based algorithm, we propose a novel land surface clustering
method to retrieve SM. Based on the consensus that SM retrieval
is highly affected by vegetation and surface roughness, the
proposed algorithm uses critical parameters [i.e., the roughness
coefficient (RC) and VO] for global land surface clustering. This
solution provides a new way for SM retrieval by taking full
advantage of the similarity of land surface physical properties in
different regions. The algorithm is initially applied to five-month
BF-1 data (i.e., From July 1 to November 31, 2019) to verify its
effectiveness. Three specific regions (i.e., southern Australia,
eastern United States, and India) and four in situ sites (i.e.,
Ithaca-13-E, Whitman-5-ENE, Geneva #1, and Tucson-11-W)
are also used to futher evaluate the detailed performance of the
algorithm. Both the global and regional comparisons prove that
the SM can be retrieved successfully from the BF-1 mission with
this new algorithm.

II. BACKGROUND

A. BF-1 Mission

The BF-1 A/B twin satellites, launched in June 2019, consti-
tute the first Chinese GNSS-R constellation [30]. The primary
payloads were developed by the China Academy of Space
Technology Xi’an Branch. Each platform has two nadir GNSS-R
antennas and a GNSS-R receiver. BF-1 operates at the height of
579 km with an orbital inclination of 45°. The data coverage
ranges from 53 °S to 53 °N. BF-1 receives signals of both
GPS L1C/A and BeiDou B1I bands (The BeiDou data are not
yet available for usage). As shown in Fig. 1, GNSS satellites
constantly emit L-band signals under normal working condi-
tions, and BF-1 observes these signals through the down-looking
antennas after reflectivity on the earth’s surface.

Delay-Doppler map (DDM) [31] is the main product to
record GNSS reflected signals in BF-1 L1Bdata. BF-1’s DDM
is computed by 1-ms coherent integration and 1-s incoherent

Fig. 2. BF-1 DDM over: (a) ocean; (b) land.

integration, and it contains 17 × 11 BRCS in the L1B product
[30]. Fig. 2(a) and (b) shows the instances of the DDMs observed
over ocean and land, respectively.

B. Principle of SM Retrieval

The main principle of SM retrieval using GNSS-R is to
calculate the ESR and retrieve SM with the linear relationship
between ESR and SM. The ESR can be calculated with several
approaches based on the assumptions of both coherence and
incoherence [17], [26], [29]. For now, there are still some dispu-
tations on the coherence of GNSS-R signal on land applications.
In our research, based on the previous studies, SM measurement
is normalized to coherent ESR.

Based on the assumption that the coherent reflection signal
dominates the observed GNSS-R signal, the ESR affected by
vegetation and roughness [17] can be described as follows:

Γ =
σ(Rst +Rsr)

2

4π(RstRsr)
2 (1)

where Γ is the ESR; Rst is the distance between the specular
reflection point and the transmitter; Rsr is the distance between
the specular reflection point and the receiver;σ is the value of the
DDM of the BF-1 product. The Γ is converted to Γ(dB) using
(2), which is then used for the linear regression to calculate
the resulting SM. The method used to determine the linear
regression of this study will be described in the following Section
II-B

Γ (dB) = 10 log σ + 20 log (Rst +Rsr)

− 20 logRst − 20 logRsr − 10 log 4π. (2)
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Fig. 3. Spatial distribution of the five-month BF-1 data point used in this study (shown in 36-km EASE-Grid). The ISMN in situ sites used for validation are
marked as red stars; The three specific regions are used in Section IV-B to analyze the accuracy of the proposed algorithm is shown as the blue rectangles.

II. DATASET AND METHODOLOGY

A. Dataset

In this study, BF-1 L1B sample data from July to November
2019 are used. Similar to the filtering method proposed to
process the land data of CyGNSS [17], we remove the BF-1 data
with a signal-to-noise ratio (SNR) < 5 dB and the incident angle
> 45°. Fig. 3 shows the number of valid BF-1 data points over the
globe in 36-km Equal-Area Scalable Earth Grid (EASE-Grid). It
is noted that, due to the design of BF-1 orbit, the density of data
coverage at high latitudes is higher than that at low latitudes.

The SMAP data are used as reference data, and all the ref-
erence data come from SMAP L3 Radiometer Global Daily 36
km EASE-Grid SM, Version 7, which are freely available at
https://nsidc.org/data/SPL3SMP. The five variables used in this
study are listed as follows: [32]:

1) SM;
2) RC;
3) VO;
4) landcover class;
5) static water body fraction.
RC (from 0 to 3.0) is the same “h” RC for a given polarization

channel, and VO (from 0 to 5.0) is the parameter normalized by
the cosine of the incidence angle [33]. The land cover class
is from ranking among the International Geosphere Biosphere
Programme (IGBP) land cover classes using a statistical model.
The static water body fraction is computed based on the number
of water and land pixels reported on a 250-m grid. With the static
water body fraction, the static water bodies in BF-1 land data
are removed for retrieval.

The SM data of the International Soil Moisture Network
(ISMN) are used as ground truth to verify the SM retrieval
results. Locations of the sites used in this study are shown in
Fig. 3, and the properties of these sites will be shown in the
following Section IV-C.

B. Methodology

1) Land Surface Clustering: Previous studies have proven
that the confounding factors of vegetation and surface roughness
reduce the sensitivity of the L-band to SM [34]. In most real

situations, the original ESR is a combined value of reflec-
tions from the rough surface of soil and vegetation [26], [35].
Two expressions, i.e., exp[−τ sec(θ)] and exp[−hcos2(θ)],
were commonly used to correct the effects of vegetation and
surface roughness, respectively. Where τ is the VO, h is the
surface roughness parameter, and θ is the incidence angle [36]. h
can be expressed as h = ( 2π

λ
) 4σ2,which depends on the GNSS

signal wavelength λ and the surface height standard deviation
(STD) σ [37].

This study assumes that the vegetation and surface rough-
ness effects for the same land type can be considered similar
enough to be neglected. Based on this, we propose a land
surface clustering algorithm using critical vegetation and surface
roughness parameters. Averaged RC and VO for five months
(From July 1 to November 31, 2019) are used as the key features
in the land surface clustering for each pixel. The heatmap of
two parameters is shown in Fig. 4(a). Except for the ocean
pixels, there are several high data density areas in this figure.
The K-Means++ algorithm [38] is employed in the clustering.
The clustering results are iteratively derived according to the
number of clustering types inputted to the algorithm, and each
pixel will be imparted a type ID according to its key features.
For a specific type, the ratio of type area versus total global
area is defined as a proxy of the area-percentage of this type.
To compare the clustering results of different type numbers,
Fig. 4(c)–Fig. 4(g) shows the top 17 large-area-percentage types
out of total clustering numbers (20, 50, 100, 200, and 500) for
readability. The IGBP types are also shown as a benchmark in
Fig. 4(b) for comparison. These subfigures visually show the
feasibility of the K-Means++ algorithm.

To quantitatively determine a reasonable number of types, the
(SSE) and average contour coefficient (ACC) are calculated to
represent the quality of clustering (SSE closed to 0 and ACC
closed to 1 are considered with high quality). Because of our
program’s random selection of the cluster center, clustering
results with a bit of difference, the clustering predictions are
made 30 times, and the average ACC and SSE are finally used.
As shown in Fig. 5, with the increase of the number of types, SSE
decreases monotonously as expected. On the other hand, ACC
fluctuates irregularly, which comes to the peak value when the
number of types is 330. Therefore, to avoid the senseless types

https://nsidc.org/data/SPL3SMP
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Fig. 4. Land clustering results for different type numbers. (a) Distribution of VO and RC (the clustering basis). (b) IGBP land type. (c) Top 17 types of area ratio
in 20-types-clustering. (d) Top 17 types of area ratio in 50-types-clustering. (e) Top 17 types of area ratio in 100-types-clustering. (f) top 17 types of area ratio in
200-types-clustering. (g) Top 17 types of area ratio in 500-types-clustering.

Fig. 5. K-Means++ clustering quality judged by the sum of square due to
error (SSE) and ACC.

with insufficient sample size and ensure a low SSE value and
a high ACC value for the clustering, the number of clustering
types in this study is determined to be 200.

We use the IGBP landcover class to merge the K-means clus-
tering results for a more straightforward analysis and display.
When merging categories, the proportion of IGBP pixels in
a particular clustering type in the total number of such pixels
(PIGBP) is taken as a reference, which is calculated as follows:

PIGBP = NIGBP , i/Ni (3)

where NIGBP,i is the number of IGBP pixels in the clustering
type i. Ni is the pixel number of the clustering type i.

For the types whosePIGBP are greater than 70%, the clustering
types will be linked to the IGBP types. The link will be used for
display only and will not affect the retrieval; otherwise, the type
is considered a new type without a specific IGBP type. The final
result of the combination of clustering results in this experiment
is shown in Fig. 6(a). To compare the result of clustering types

and IGBP types, we use the IGBP types as the reference target
land types for the combination of the clustering types, and
Fig. 6(b) shows the basis of this combination. The proportion
of the pixel number of IGBP to clustering types is used to get
clustering-IGBP types with the combination line of 70%. It
should be noted that the surface clustering results obtained in
this experiment are quite different from those of IGBP land type
products. The clustered land types only consider the similarity of
vegetation and surface roughness, which directly contributes to
the SM retrieval algorithm. The effects of the two parameters on
SM are depicted in Fig. 6(c) using SMAP data. Note that SM is
very sensitive to vegetation and surface roughness, which further
reflects the effectiveness of the clustering method proposed in
this study.

2) SM Retrieval With Linear Regression: Based on the linear
relationship between GNSS-R reflectivity and SM, the algorithm
use ESR (Γ(dB)) of BF-1 calculated by (2) in this section. For
each clustering type, we assume that vegetation and roughness
have a similar effect on SM retrieval, which means the impact
is a constant in the calculation. Thus, we use Γ(dB) only in the
linear fitting. We calculate the slope and intercept of the best-fit
linear least-squares regression between SMSMAP and Γ in each
clustering type.

As shown in Fig. 7, the BF-1 ESR and SMAP SM are corre-
lated for each type, and a linear fitting equation is determined.
Note that for each correlated match-up (type), there is one
specific slope derived from the linear regression.

And the final SMBF−1 calculation can be described as the
following equation:

S MBF−1 = ki · Γi + bi (4)

where i is the type ID of clustering type. ki , bi are the slope and
intercept. Γi is the BF-1 ESR.
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Fig. 6. Clustering results. (a) Distributions of the 17 clustering-IGBP clustering types. (b) Proportion of IGBP types pixels within clustering types pixels (ranging
between 0 and 1). (c) Average SM in different VO and RC ranges obtained from SMAP SM data.

Fig. 7. Examples of the linear fitting of BF-1 ESR and SMAP SM for different clustering types. (a) Type ID = 3. (b) Type ID = 32. (c) Type ID = 41.
(d) Type ID = 110. (e) Map of the types in (a)–(d).
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Fig. 8. PDFs of BF-1 SM and SMAP 36 km SM.

Fig. 9. Correlation of BF-1 SM and SMAP SM colored by (a) data density;
(b) type density.

III. RESULT AND DISCUSSION

A. Overview of BF-1 Retrieved Global SM

The probability density functions (PDFs) of the BF-1 SM and
SMAP SM are shown in Fig. 8. Both PDFs show that more
than 40% of the SM data has a low SM value with 42.18%
BF-1 SM and 45.30% SMAP SM less than 0.1 cm3·cm−3. The
distribution range of BF-1 SM is less than that of SMAP SM,
and the difference mainly distributes between 0–0.1 cm3·cm−3

and 0.2–0.4 cm3·cm−3.
Fig. 9 shows the correlation of the BF-1 SM and SMAP SM,

where the correlation coefficient (R) is 0.82, and unbiased root
mean square error (ubRMSE) is 0.070 cm3·cm−3. Fig. 9(a) and
(b), respectively, shows the data density of SM and the type
density of SM. Similar to data density, the type density is defined
as the number of different clustering types around each data
point, and it is calculated by statisticizing the number of different
clustering types in each grid divided by SMAP SM and BF-1
SM. It clearly shows that most data are centrally distributed
in low SM (< 0.1 cm3·cm−3) in Fig. 9(a) with a low-type
density in Fig. 9(b), which means these low SM data come from
various types. Besides, most type variations appear in SMs range
from 0.05 cm3·cm−3 to 0.35 cm3·cm−3 and distribute along the
y = x line. It proves the effectiveness of the land surface cluster-
ing method to solve the problem of the uneven data distribution,
and SM can be retrieved by merging the data in similar pixels.

Fig. 10(a) and (b) shows the spatial distribution of BF-1 SM
and SMAP SM. It shows a good similarity of distribution trend

of the two SM data. Fig. 10(c) and (d) shows the R and ubRMSE
between BF-1 SM and SMAP SM with obvious regional distri-
bution characteristics. For low SM regions (< 0.1 cm3·cm−3),
the BF-1 SM shows good ubRMSE (0.042 cm3·cm−3) but poor
R (0.15) with SMAP SM, such as the Sahara Desert, the middle
east and north of China, and the Russian border region (most of
these regions belongs to IGBP 16). However, some sparse shrub
regions with similar low SM, such as central Australia, Southern
Africa, and Argentina (most of these regions belongs to IGBP 7),
have both good ubRMSE (0.053 cm3·cm−3) and good R (0.56)
with SMAP SM. For high SM regions (> 0.4 cm3·cm−3) (most
of which is tropical rainforest), such as the Amazon, Indonesian
rainforest, and Congo rainforest, both BF-1 SM and SMAP SM
are considered to be unreliable due to dense vegetation cover
[6].

To sum up, the proposed algorithm performs differently in
different regions on a global scale. First, the algorithm performs
well in low SM areas of subtropical for the clustering of flat
and sparsely vegetated deserts and open shrublands. However,
in some highly covered moist areas in tropic and subtropic, the
error of the land surface clustering algorithm gets larger signif-
icantly. In some dense vegetation pixels and their neighboring
pixels under the influence, e.g., rainforests, thick grasslands, and
croplands, the retrieved SM is considered unreliable. Second, for
the significant impact of the open water on the ESR [17], the sur-
face water bodies affect the SM retrieval under the observation
scale of this study, particularly in the areas with a high water
body fraction, e.g., Southern China, and the southwestern coast
of South America. Third, the BF-1 data at very high altitude
areas, e.g., the Rocky Mountains, the Andes Mountains, and the
Tibetan Plateau, are not used in the algorithm because of the low
SNR of those data.

B. BF-1 SM in Local Regions

In this section, three regions, i.e., southern Australia, east-
ern United States, and India, are chosen to show the detailed
information of the BF-1 retrieved SM in Fig. 11.

BF-1 SM retrieval in Eastern United States [see Fig. 11(a1)–
Fig. 11(a5)] has the best agreement with SMAP among the
three regions, with R = 0.75 and ubRMSE = 0.066 cm3·cm−3.
SMs in this region mainly distribute between 0.05 and 0.16
cm3·cm−3, and quite a few SMs distribute bwtween 0.16 and
0.35 cm3·cm−3. As shown in Fig. 11(a2) and (a3), the variations
of SM from the western mountainous area to the eastern coast
are clearly depicted.

As the high-latitude region with more BF-1 observations, the
SM retrieval in southern Australia is shown in Fig. 11(b1)—
Fig. 11(b5). As shown in the 2-D histogram in Fig. 11(b5), the
majority of this region is with low SM (0.05–0.08 cm3·cm−3),
and the residential areas around the southeast coast can be
recognized by higher SM values [see Fig. 11(b1) and (b2)].
Thus, the retrieval result in this region is good, with R of 0.70
and ubRMSE of 0.083 cm3·cm−3.

BF-1 SM in Indian Fig. 11(c1)–Fig. 11(c5) has the low-
est consistency compared with the eastern United States and
the southern Australia, with R = 0.65 and ubRMSE = 0.091
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Fig. 10. Comparison of the BF-1 SM and SMAP SM. (a) BF-136 km global SM. (b) SMAP 36 km global SM. (c) R value between SMAP SM and BF-1 SM.
(d) ubRMSE between SMAP SM and BF-1 SM.

TABLE I
COMPARISON OF THE ACCURACIES OVER THE THREE REGIONS

cm3·cm−3. As shown in Fig. 11(c2) and (c3), in the middle of
this region, BF-1 underestimates quite a lot of high SMs, which
is the largest error in the region. It can be seen in Fig. 11(c5)
that SMs in this region mainly distribute between 0.39 and 0.5
cm3·cm−3, and the error between SMAP SM and BF-1 SM is
larger than errors in the other two regions.

A comparison of the accuracies over the three regions is shown
in Table I. It is interesting to note that, based on the similar
average R between SMSMAP and ESRBF-1, the accuracy of
SM increases with the increase of ACC. However, India has
the highest ACC (0.41) but the lowest RESR, with the lowest
accuracy.

C. Validation Using the In Situ Data

Four ISMN sites, i.e., Ithaca-13-E, Whitman-5-ENE,
Geneva#1, and Tucson-11-W are chosen to validate the accuracy
of the BF-1 SM. Basic information of the sites is listed in
Table II. During the observed period of BF-1, there should be

more than 100 ISMN sites for validation. However, since the
BF-1 SM is sparse, there are actually only a few available sites.
Even so, for a specific ISMN site, we have to set the search
radius to be 10 km to get more than 10 BF/ISMN match-ups for
comparison. Therefore, considering the range and significance
of SM variations, the four sites in Table II are finally selected
for validation.

As shown in Fig. 12(a) and Table II, for the Ithaca-13-E site,
the average in situ SM is 0.276 cm3·cm−3, and the ubRMSE
between BF-1 SM and ISMN SM is 0.044 cm3·cm−3. SM in
this site changes over a wide range (STD is 0.057 cm3·cm−3).
In Fig. 12(b), for the Whitman-5-ENE site, the variation range
of the in situ SM is 0.05–0.11 cm3·cm−3 with the mean of
0.07 cm3·cm−3 and STD of 0.013 cm3·cm−3. The consistency
between BF-1 SM and ISMN SM is good except that within
DOY 190–221. The ubRMSE between BF-1 SM and ISMN
SM in this site is 0.030 cm3·cm−3. From Fig. 12(c), which is
for the Geneva#1 site, except for the outlier in DOY 260, the
accuracy is good within the narrow range of SM variation (i.e.,
0.17–0.32 cm3·cm−3 with the STD of 0.038 cm3·cm−3). The
ubRMSE between BF-1 SM and ISMN SM is 0.046 cm3·cm−3.
Fig. 12(d) shows the results of the Tucson-11-W site, where
the variation frequency of SM is high, but the range is nar-
rower (0.02–0.14 cm3·cm−3). There are some low accuracy
SM data during the low variation frequency period like DOY
278–319. The ubRMSE between BF-1 SM and ISMN SM is
0.024 cm3·cm−3 for this site. Besides, as it can be seen, the sites
with lower VO have a better result, e.g., Whitman-5-ENE and
Tucson-11-W.

Overall, the mean ubRMSE between the BF-1 SM and ISMN
SM is 0.036 cm3·cm−3 for the four sites. These results prove that
the retrieval accuracy is related to the vegetation parameters (i.e.,
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Fig. 11. Retrieval of different regions in the world (a) Southern Australia; (b) Eastern U.S.; (c) India. No.1–5 indicate the 1) Regions extent; 2) BF-1 SM;
3) SMAP SM; 4) clustering type; 5) 2-D histogram.

the VO in this study). It also shows that the BF-1 SM is not that
accurate when SM variation is frequent.

D. Comparison With Other Methods

The proposed land surface clustering algorithm is further
compared with the two previous algorithms, i.e., the UCAR/CU
algorithm in [17] and the reflectivity–vegetation–roughness

(R–V–R) algorithm in [26]. The former is a representative
grid-by-grid linear fit algorithm, and the latter is one of the
global/regional linear fit algorithms. Five-month BF-1 data after
being consistently preprocessed, the same as used in this study,
are used as inputs to the two algorithms. The results of the three
algorithms are shown in Table III. The UCAR/CU algorithm
shows the highest R of 0.86 and the lowest ubRMSE of 0.57
cm3·cm−3, benefiting from the grid-by-grid linear relationships
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TABLE II
RETRIEVAL RESULT OF FOUR ISMN SITES

Fig. 12. Four ISMN stations. (a) Ithaca-13-E. (b) Whitman-5-ENE.
(c) Geneva#1. (d) Tucson-11-W; SM and BF-1 SM retrieval for five months.

TABLE III
COMPARISON WITH UCAR/CU AND R–V–R METHODS METHODS

between only ESR and SMAP SM. However, it sacrificed the
available SM area (in percentage), with the land surface clus-
tering algorithm being more than twice as much as that of the
UCAR/CU algorithm (35.63% versus 17.06%). In the meantime,
the R–V–R algorithm shows slightly poorer accuracy than the
other two, with R= 0.68 and ubRMSE= 0.089 cm3·cm−3. How-
ever, it achieves the highest percentage of 47.38% concerning
the available SM area.

IV. CONCLUSION

In this study, a new land surface clustering algorithm is
developed to retrieve SM using the GNSS-R technique, and
the algorithm is applied to the BF-1 data to verify its effec-
tiveness. The SM results are presented globally and in different
regions, and the BF-1 SM is compared with the SMAP SM
and in situ measurements to analyze the performance of the
clustering algorithm and the BF-1 data. From the experiments
of this study, BF-1 SM shows good consistency with SMAP
SM with R = 0.82 and ubRMSE = 0.070 cm3·cm−3, and
BF-1 SM also shows good agreement with the in situ mea-
surements from typical ISMN sites with the mean ubRMSE =
0.036 cm3·cm−3. The results of this study initially prove the
effectiveness of the land clustering algorithm for GNSS-R SM
retrieval. Besides, after the initial evaluation in [21], this study
further validated the ability of BF-1 to retrieve SM as a new
spaceborne GNSS-R data source. From a new perspective, by
taking full advantage of the similarity of land surface physical
properties in different regions, the proposed algorithm provides
an effective approach for global SM retrieval using spaceborne
GNSS-R data.
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