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Abstract: Soil moisture is an important geophysical parameter for studying terrestrial water and en-
ergy cycles. It has been proven that Global Navigation Satellite System Interferometry Reflectometry
(GNSS-IR) can be applied to monitor soil moisture. Unlike the Global Positioning System (GPS) that
has only medium earth orbit (MEO) satellites, the Beidou Navigation Satellite System (BDS) also
has geosynchronous earth orbit (GEO) satellites and inclined geosynchronous satellite orbit (IGSO)
satellites. Benefiting from the distribution of three different orbits, the BDS has better coverage
in Asia than other satellite systems. Previous retrieval methods that have been confirmed on GPS
cannot be directly applied to BDS MEO satellites due to different satellite orbits. The contribution
of this study is a proposed multi-satellite soil moisture retrieval method for BDS MEO and IGSO
satellites based on signal-to-noise ratio (SNR) observations. The method weakened the influence of
environmental differences in different directions by considering satellite repeat period. A 30-day
observation experiment was conducted in Fengqiu County, China and was used for verification.
The satellite data collected were divided according to the satellite repeat period, and ensured the
response data moved in the same direction. The experimental results showed that the BDS IGSO and
MEO soil moisture estimation results had good correlations with the in situ soil moisture fluctuations.
The BDS MEO B1I estimation results had the best performance; the estimation accuracy in terms of
correlation coefficient was 0.9824, root mean square error (RMSE) was 0.0056 cm3cm−3, and mean
absolute error (MAE) was 0.0040 cm3cm−3. The estimations of the BDS MEO B1I, MEO B2I, and
IGSO B2I performed better than the GPS L1 and L2 estimations. For the BDS IGSO satellites, the B1I
signal was more suitable for soil moisture retrieval than the B2I signal; the correlation coefficient
was increased by 19.84%, RMSE was decreased by 42.64%, and MAE was decreased by 43.93%. In
addition, the BDS MEO satellites could effectively capture sudden rainfall events.

Keywords: SNR; BDS; MEO; IGSO; soil moisture retrieval

1. Introduction

Soil moisture is a fundamental variable in the study of terrestrial water and energy
cycles [1–4]. It is very important to obtain accurate and real-time soil moisture for climate
research. Conventional soil moisture measurement methods include field measurement
methods such as time-domain reflectometry (TDR) [5] and frequency-domain reflectometry
(FDR), as well as remote sensing [4,6,7]. In recent years, in addition to traditional appli-
cations such as positioning, navigation, and timing (PNT), it has been found that GNSS
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reflected signals received by ordinary geodetic receivers could be used to monitor the
geophysical parameters, including soil moisture [8,9], snow depth [10,11], vegetation water
content [12,13], and significant wave height [14]. The technique has been termed Global
Navigation Satellite System Interferometry Reflectometry (GNSS-IR). Since signal-to-noise
ratio (SNR) oscillations are influenced by soil moisture around a GNSS receiver, GNSS-IR
can obtain the soil moisture fluctuations by processing the SNR observations. This tech-
nology has higher spatial (40 m) and temporal resolution (1 day) as compared with in situ
observations and remote sensing [6,15], and is suitable for wide applications due to its low
cost and continuous observations as compared with field measurements [5,16].

Soil moisture retrieval based on SNR observations was first studied by Larson et al. [17,18];
they demonstrated that soil moisture can be obtained by the Global Positioning System
(GPS) multipath signals. Chew et al. [9] further studied multipath modulation and proved
that phase was the best proxy for describing linear soil moisture variations with a slope of
65.1◦ cm3cm−3, while amplitude and frequency had a suboptimal nonlinear relationship
with soil moisture. Zavorotny et al. [8] described the electrodynamic model relationship
between soil moisture and reflected signals to study the mechanism of SNR modulation
caused by soil moisture variations, and proposed recommendations for improving the
performance of bare soil moisture retrievals using GPS multipath modulation. Moreover,
Chew et al. [19] presented a method to determine whether SNR data were influenced by
vegetation and established a soil moisture retrieval model for bare and vegetated soil. The
algorithm significantly improved the agreement between estimated soil moisture and in
situ measurements where vegetation had a non-negligible impact effect. Small et al. [20]
further compared the performance of three different retrieval algorithms which represented
vegetation effects with different degrees of complexity. The results showed the algorithm
that simply corrected for the vegetation had a better performance even in the case of low
vegetation water content. In addition, Yang et al. [21] discussed single-satellite soil moisture
retrieval based on the Beidou Navigation Satellite System (BDS) medium earth orbit (MEO)
and inclined geosynchronous satellite orbit (IGSO) SNR observations. They confirmed
that both the previous phase method and the interference method were still applicable to
BDS MEO and IGSO satellites, and the BDS B1 and B2 signals were as sensitive to surface
geometry as those of GPS. Ban et al. [22] proposed a soil moisture estimation approach
based on BDS geosynchronous earth orbit (GEO) SNR observations. Even though the
GEO results had good consistency among different GEO satellites, the GEO estimation
performance was worse than GPS.

On 31 July 2020, the third generation of BDS (BDS-3) was officially completed and
put into operation. The BDS has become one of the most important satellite navigation
systems worldwide. The BDS consists of MEO, GEO, and IGSO satellites which provide
better coverage of satellites in Asia than other satellite navigation systems [23]. In this
context, research on GNSS-IR based on the BDS is significant. However, due to the different
orbits of BDS MEO, IGSO, and GPS satellites, previous multi-satellite soil moisture retrieval
methods which have confirmed on GPS cannot be directly applied to BDS MEO satellites.

In this study, a method to measure soil moisture fluctuations based on BDS MEO
and IGSO satellites was proposed. Satellite repeat periods were calculated to select the
initial SNR observations. Then, a second-order function was used to describe the single-
satellite track model, and the multi-satellite model was established based on the correlation
between the single-satellite track model estimations and soil moisture. The structure of
this article is as follows: In Section 2, we describe the theory of soil moisture retrieval
based on GNSS-IR, the calculation method for satellite repeat period, and the proposed
multi-satellite retrieval methods of BDS MEO and IGSO satellites; then, in Section 3, we
describe and show the experimental results from Fengqiu County, China; and finally, the
discussions and conclusions are provided in Section 4.
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2. Background
2.1. Soil Moisture Retrieval Theory

SNR oscillations are caused by interference of direct and reflected GNSS signals, which
are more intense at low satellite elevations due to strong reflected signals. Soil permittivity
is related to soil moisture, which changes ground reflectivity and affects interference.
Therefore, soil moisture can be retrieved through SNR. The relationship between SNR and
signals can be expressed by the following formula and is illustrated in Figure 1 [16]:

SNR2 ≡ A2
c = A2

d + A2
r + 2Ad Ar cos ψ (1)

where Ac denotes the amplitude of the composite signal recorded by the receiver; Ad and
Ar denote the amplitudes of the direct and reflected signals, respectively; and ψ denotes
the phase difference between the two signals.
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On an approximately horizontal surface, the typical multipath reflection geometry of
GNSS-IR is shown in Figure 2. The residual SNR multipath interferogram SNRmpi, which
has removed the direct signal from SNR using a low-order polynomial, can be expressed
as follows [9]:

SNRmpi = Ampi cos(
4πh0

λ
sin E + ϕmpi) (2)

where Ampi and ϕmpi denote the amplitude and phase shift, respectively; h0 denotes the
priori reflector height; λ denotes the carrier wavelength; and E denotesthe elevation angle.
Note that the SNRmpi model is characterized based on the satellite track, not the satellite.

Previous studies have shown that phase shift ϕmpi is strongly correlated with soil
moisture. In this study, a second-order function is used to describe the relationship as
follows:

SMC = a2 · ϕmpi + b · ϕmpi + c (3)

where SMC denotes the soil moisture content and a, b, and c are constants. Note that the
above theory is only suitable for flat ground, and it is different on sloping ground.
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2.2. Satellite Repeat Period

Some satellites (e.g., all GPS satellites) appear in the same position in the sky within
a time period, which we refer to as the satellite repeat period [24]. For GPS satellites, the
satellite repeat period is about 1 day, which means each satellite track of GPS satellites
appears in the same direction every day. In a traditional GPS soil moisture retrieval model
presented by Larson et al. [18], the same satellite track was used every day to establish
the model, although it did not need to consider this influence on the model due to the
special satellite repeat period (about 1 day) of GPS. However, for other satellites that do not
repeat every day, satellite tracks in two adjacent days may not appear in the same direction,
and therefore they may be influenced by different environments if the previous model
was used.

The orbital period, T, refers to the time required for the same satellite to pass through
the same location twice in a row, and can be expressed by:

T =
2π√

GM · a−3 + ∆n
(4)

where a denotes the semimajor axis, ∆n denotes the correction to the mean motion, G
denotes the gravitational constant, M denotes the Earth’s mass, and

√
GM = 1.996498×

107m2/kg. If the influence of the Earth’s revolution around the sun and satellite orbit
precession are not taken into consideration, the number of times that the satellite orbits the
earth per day, Q, can be expressed by:

Q =
T1

T
(5)

where T1 denotes the period of Earth’s rotation and is equal to 1 sidereal day. Then, Q can
be expressed as a fraction:

Q = I +
K
D

(6)

where I, K, and D are integers. When K and D are relatively prime, the approximate
satellite repeat period is equal to D. However, even for GPS satellites that are all MEO
satellites, the values of a are not exactly the same, and the values of K and D need to be



Remote Sens. 2021, 13, 3967 5 of 17

determined by the search and test process [25]. Note that the value of D is an approximate
satellite repeat period, and the difference with the real satellite repeat period is the satellite
repeat shift time, which is several minutes [25]. Since it only needs to determine which
days the satellite tracks are in the same direction, it is only necessary to calculate the
approximate repeat period. Table 1 gives the approximate satellite repeat periods of GPS
and BDS satellites.

Table 1. Approximate satellite repeat periods of GPS and BDS satellites. (Here, the repeat period of a
BDS IGSO satellite is 1 day due to its geosynchronous orbit.)

GNSS Constellation Orbit Approximate Repeat Period

GPS MEO 1 day

BDS
MEO 7 days
IGSO 1 day

2.3. Multi-Satellite Retrieval Methods of BDS MEO and IGSO Satellites

Different satellites have different positions relative to the station, and reflect soil
moisture variations in different directions. Since the satellite is in motion, the position of
the satellite is different at any time. In order to avoid the influence of different environments,
it is necessary to build the retrieval model based on the approximate satellite repeat period,
which can guarantee that the data used from a satellite track (i.e., SNR observations) are all
responses in the same direction. Here, we describe the multi-satellite retrieval methods of
BDS MEO and IGSO satellites.

Suppose there is a sequence of reflected signals:{
SNRmpi(s, t, dm)

}
where SNRmpi indicates the residual SNR multipath interferogram, s is the satellite number,
t is the satellite track number, and dm is the day sequences involved in the calculation.
After adding the satellite repeat period to the consideration, dm can be expressed as:

∀m ∈ {1, 2, . . . , TARP}, dm = {m + n · TARP}, n ∈ {0, 1, 2, . . . , N} (7)

where TARP denotes the approximate satellite repeat period and N is related to the sequence
size. Similarly, the phase shift sequences, ϕmpi, can be expressed as:{

ϕmpi(s, t, dm)
}

Then, the phase shift sequences, ϕmpi, need to be normalized as follows:

ϕnorm(s, t, dm) =
{

ϕmpi(s, t, dm)− Z(s, t, dm)
}

(8)

where ϕnorm denotes the normalized phase shift sequences and Z denotes the normalized
reference value which uses the median of ϕmpi:

Z(s, t, dm) = median
(

ϕmpi(s, t, dm)
)

(9)

Then, the single-satellite track soil moisture retrieval models can be established based
on the relationship between ϕnorm and the soil moisture content:

ESMC(s, t, dm) = F(ϕnorm(s, t, dm)) (10)

where ESMC denotes the estimated soil moisture content by each satellite track, and this
step is the same as Formula (3). Finally, the multi-satellite soil moisture retrieval model can
be established as follows:
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SMC(dm) = ∑
s=1

∑
t=1

∑
m=1

(ESMC(s, t, dm) · w(s, t, dm)) (11)

w(s, t, dm) =
R2(s, t, dm)

∑s=1 ∑t=1 ∑m=1 R2(s, t, dm)
(12)

where SMC denotes the estimated multi-satellite soil moisture content, w is the weight of
ESMC, and R is the correlation coefficient between ESMC and the soil moisture content.
The environment and soil conditions in different directions of the GNSS station may be
different, and the usage of weight is to reduce the effects of bad satellite tracks which
are affected by interference and environmental noise. When TARP = 1, the model is a
traditional retrieval model suitable for GPS satellites.

The steps of BDS multi-satellite soil moisture retrieval are shown in Figure 3. The
SNR observations are, first, classified according to the satellite repeat period, dm, and
the corresponding normalized phase shift sequences are calculated. Then, the single-
satellite track retrieval models are built respectively and correlation coefficients between
the estimations and soil moisture are calculated. Finally, the multi-satellite track retrieval
model is established based on the above correlation coefficients.
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3. Experiment

An experimental site was set up in Fengqiu County, Henan Province, China (latitude
35◦01′34′′ and longitude 114◦33′30′′). The surrounding environment and experimental
equipment are shown in Figures 4 and 5. The receiver was installed on flat ground. Winter
wheat had just been sown in the soil and was in a dormant period. During the measurement
period, there was no vegetation growth, and the soil was be considered to be bare soil.
The experimental area was approximately a square with side lengths of 160 m; therefore,
the reflected signal was not affected by surrounding houses and other ground surfaces. A
Sino M300 Pro II receiver and antenna were used to collect the GNSS signals. The receiver
coulf track BDS B1I, BDS B2I, GPS L1, and GPS L2 signals; however, it could only record
the B2I signal from some satellites due to equipment limitations. In this experiment, we
tracked and recorded data with an elevation ranging from 5 to 25 degrees. The soil moisture
sensor was installed at 5 cm depth and provided soil moisture values at two-hour intervals.
The experiment lasted 30 days, from day of year (DOY) 26–55 in 2021, and three rainfall
events occurred. In addition, in order to ensure the soil moisture measured by the sensor
was reliable, we used 10 days of manual measurement data (which could be regarded as
the true soil moisture) to calibrate the soil moisture. Figure 6 shows a photograph of the
manual measurement of soil moisture.

It is important to note that, although the sampling frequency of the soil moisture
sensor was 2 h, we aggregated the daily soil moisture (i.e., we used the average of 12
values per day). This can be easily explained, since, although using the two-hour scale soil
moisture data closest to the satellite observation time is more accurate, it would have been
difficult to compare using the results obtained by these satellites because the satellite repeat
observation times were not the same each day for all satellites. Therefore, we averaged
the soil moisture per day and used it as the actual soil moisture variations. In fact, the soil
moisture variation in a single day was very small without rainfall, and it hardly affected
the results. When the rainfall events occurred, it was difficult to accurately measure the
actual soil moisture that determined the reflected signal due to the seepage speed of rain
and the soil heterogeneity. This is another reason why we chose daily soil moisture.
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4. Results

Following the steps shown in Figure 3, we compared the normalized phase shift
sequences, single-satellite track soil moisture estimations, and multi-satellite soil moisture
estimations, as described below. In addition, GPS results were calculated for further
comparisons.
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4.1. Comparison of Normalized Phase Shift Sequences

According to Formula (8), the phase shift sequences need to be normalized, and then
a second-order function is used to build the ESMC model. The correlations between the
normalized phase shift sequences and soil moisture are shown in Figure 7. Regarding the
two selected satellites, the results of C12 B1I achieve the highest correlation (R = −0.9730),
and the normalized phase shift sequences of all results are negatively correlated with soil
moisture. For the IGSO C06 satellite, the correlation of B2I results is 4.84% higher than
that of B1I, while it is the opposite for the MEO C12 satellite. The results suggest that the
normalized phase shift sequences are sensitive to soil moisture variations. However, the
phase values of C06 are unstable when the soil moisture is high, which may be caused by a
rainfall event.
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(C06) and MEO (C12) satellites on B1I and B2I frequencies.

Figure 8 shows the normalized phase shift sequences of all the IGSO satellite tracks
and the phase shift average results. During the experimental period, three rainfall events
occurred, and the soil moisture changed significantly on DOY 45, 53, and 54. The IGSO
B1I and B2I phase shift results both show a good correlation with drastic changes in soil
moisture. When soil moisture increases about 0.1 cm3cm−3 on DOY 53–54, both B1I and
B2I phase shift average results decrease about 1.2 rad and 0.6 rad, respectively; however,
when the soil moisture only rises insignificantly (i.e., DOY 45), the IGSO B1I phase shift
hardly changes, while the B2I phase shift has a clear downward trend. Similar to the result
of C06 in Figure 7, the phase shift of C06 is also unstable on DOY 55. It further proves that
a rainfall event increases the uncertainty of the phase shift. In addition, the normalized
phase shift average results of BDS MEO and IGSO satellites are negatively correlated with
soil moisture, which is similar to the GPS satellites in the previous studies.

However, it may have a significant difference for BDS MEO satellites. Figure 9 shows
the normalized phase shift of all the MEO satellite tracks and the average phase shift results.
Unlike the phase shift result of IGSO, the phase shift of BDS MEO is more discrete, and
there seems to be no connections between the B2I phase shift sequences and soil moisture,
which may be caused by the difference in the normalized reference value level of Z in
Formula (8). The soil moisture corresponding to the normalized reference value of each
IGSO satellite phase shift sequence is almost the same, while this is different for MEO
because each of the MEO satellites contains various data days. Therefore, it is necessary to
estimate the soil moisture based on each phase shift sequence.
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4.2. Comparison of Single-Satellite Track Soil Moisture Estimations

Following the establishment procedures of the ESMC model, the second-order model
is used to describe the relationship. Figure 10 displays the second-order estimations of the
single-satellite track. The results of C12 B1I achieve the highest correlation (R = 0.9805).
Similar to the results in Figure 7, the normalized phase shift sequence that has a higher
correlation with soil moisture would have a better performance in the second-order soil
moisture estimation. Table 2 shows the comparison between linear and second-order
estimations. As compared with the linear estimations, the accuracy of the second-order
model in terms of the error statistics has been improved by 2–66%. The second-order model
is more suitable for describing the relationship between normalized phase shift sequences
and soil moisture. This explains why, in this study we use the second-order model to
establish the ESMC model.
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Figure 10. Correlations between single-satellite track second-order soil moisture estimations for BDS
IGSO (C06) and MEO (C12) satellites on B1I and B2I frequencies.

Table 2. Comparison between linear and second-order estimations.

Estimation Correlation
Coefficient (R)

Root Mean Square
Error (cm3cm−3)

Mean Absolute
Error (cm3cm−3)

Linear
estimation

C06 B1I 0.7235 0.0210 0.0137
C06 B2I 0.7585 0.0198 0.0129
C12 B1I 0.9730 0.0079 0.0062
C12 B2I 0.8473 0.0182 0.0145

Second-order
estimation

C06 B1I 0.7383 0.0205 0.0147
C06 B2I 0.8116 0.0177 0.0109
C12 B1I 0.9805 0.0067 0.0055
C12 B2I 0.8767 0.0165 0.0144

Figure 11 shows the single-satellite track soil moisture estimations (i.e., ESMC de-
scribed in Section 2.3) by BDS MEO and IGSO satellites based on B1I and B2I signals. The
number of dots each day in Figure 11d is obviously smaller than the other estimations
because the receiver can only record the BDS MEO B2I signal from several satellites. As
shown in Figure 11a,b, the satellite track estimations of the B2I signal are better than that
of the B1I signal in terms of correlation. Most of the IGSO B2I results have a correlation
coefficient of around 0.8, while that of B1I is around 0.5. After the rainfall events, the BDS
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IGSO B2I satellite track estimations also respond better to the soil moisture changes. The
dots of the IGSO B2I satellite track estimations have an obvious rise, while the dots of B1I
only rise slightly.
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depth of the dot represents the correlation between the satellite track estimation that the dot belongs
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estimations on the day.
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However, although the data amount of BDS MEO B2I is less than B1I due to the
limitation of the receiver and satellites, as shown in Figure 11c,d, we can still see that the
results of BDS MEO B1I and B2I seem to be similar. The estimations of the two BDS MEO
signals show a significant correlation with soil moisture. The dots of B1I or B2I satellite
track estimations that correlate well with soil moisture (R > 0.9) are very close to the soil
moisture curve.

By comparing the BDS IGSO and MEO satellites, the BDS MEO satellites have a better
response to drastic changes in soil moisture than the IGSO satellites (i.e., DOY 45, 53, and
54). The estimations of the BDS MEO satellites on these days are closer to the soil moisture
(i.e., dots on these days are closer to the soil moisture curve) and the corresponding satellite
track estimations have a higher correlation with soil moisture (i.e., dots are darker).

4.3. Comparison of Multi-Satellite Soil Moisture Estimations

For a comprehensive comparison, we also calculated the multi-satellite estimation
results of GPS satellites based on the above theory. Figure 12 displays the multi-satellite
soil moisture estimation results by BDS MEO and IGSO satellites and GPS satellites;
Figure 13 displays the errors between the estimations and soil moisture. The six estimation
results show good agreements with the soil moisture fluctuations. During the period of
insignificant fluctuations in soil moisture (i.e., from DOY 26 to 43), the errors between
the six estimations and soil moisture are all less than 0.08 cm3cm−3. However, not all
estimations respond well to the dramatic changes of soil moisture. From DOY 52 to 54, the
soil moisture increased from 0.11 to 0.21 cm3cm−3, while BDS IGSO B1I, IGSO B2I, GPS L1,
and GPS L2 estimations only increased to about 0.13–0.16 cm3cm−3. The accuracy in terms
of error statistics of the six estimations are displayed in Table 3.

Among the six estimations, the BDS MEO B1I results show almost perfect performance,
and the estimation accuracy in terms of R is 0.9824, root mean square error (RMSE) is
0.0056 cm3cm−3, and mean absolute error (MAE) is 0.0040 cm3cm−3. The maximum
error between the estimation and soil moisture is less than 0.02 cm3cm−3. The BDS IGSO
B1I estimation performs the worst with the three estimation precision statistic values of
0.6389, 0.0198, and 0.0109 cm3cm−3, and the error with soil moisture is up to 0.08 cm3cm−3.
Three of the BDS estimations are better than GPS (BDS MEO B1I, BDS MEO B2I, and BDS
IGSO B2I).
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Table 3. Soil moisture estimation precision statistics.

Estimation Correlation
Coefficient (R)

Root Mean Square
Error (cm3cm−3)

Mean Absolute Error
(cm3cm−3)

BDS MEO B1I 0.9824 0.0056 0.0040
BDS MEO B2I 0.9490 0.0076 0.0048
BDS IGSO B1I 0.6389 0.0198 0.0109
BDS IGSO B2I 0.9292 0.0112 0.0061

GPS L1 0.7328 0.0181 0.0111
GPS L2 0.8010 0.0156 0.0083

For the BDS satellites, the RMSE and MAE of the BDS MEO estimations are less than
the BDS IGSO estimations, i.e., 71.72 and 63.30% for B1I signal, and 32.14 and 21.31% for
B2I signal, respectively. The BDS MEO satellites seem to be much more suitable for soil
moisture retrieval than the BDS IGSO satellites. This comparison is somewhat unreasonable,
because each BDS IGSO satellite track model contains 30 days of data for modeling in this
experiment, while the BDS MEO model only contains 4 or 5 days for its satellite repeat
period. On the basis of multi-satellite retrieval, the BDS MEO satellites achieve better
performances as compared with the BDS IGSO satellites in this experiment.

For BDS IGSO and GPS satellites, although their orbit types are different, the satellite
repeat periods are the same, which means that their retrieval models are similar. As shown
in Table 3, the BDS IGSO B2I performs better than the BDS IGSO B2I and the GPS L2
performs better than the GPS L1. In previous studies, it has been shown that GPS L2 is
more suitable for soil moisture retrieval than L1, which also achieved the same result in this
experiment. The signal frequencies of L1 and L2 are 1575.42 and 1227.6 MHz, respectively,
while B1I and B2I are 1561.098 and 1207.140 MHz, respectively. This means that the signal
characteristics of L1 and B1I are similar, while L2 and B2I are closer, which is the possible
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reason that BDS IGSO and GPS get such results. However, the difference is not obvious
for BDS MEO, the estimation results of the two frequency signals are very close to the soil
moisture, and the result of B1I is a little better than B2I. We suggest that it is normal for an
error to occur under such results.

5. Discussion and Conclusions

In the procedures of data processing, it should be noted that the orbital periods of
GPS (GPS satellites all belong to the MEO satellites), BDS MEO, and BDS IGSO satellites
are, respectively, about 12 h, 14 h, and 1 d. This means GPS and BDS IGSO satellites appear
near the same locations in the sky every day, while BDS MEO satellites appear at different
locations in the sky within seven days and repeat on the eighth day. Therefore, there are
up to four available satellite tracks every day that can be used for soil moisture retrieval
for GPS and BDS MEO satellites, and two available satellite tracks for BDS IGSO satellites.
This means that for a single satellite, a GPS satellite has the fastest revisit speed and a BDS
MEO satellite can detect the soil moisture in more directions. Although the orbit type of
BDS IGSO satellites is different from that of GPS satellites, we still classify them into the
same category (i.e., have the same retrieval model) and the model based on the satellite
repeat period for BDS MEO satellites to weaken the impact of environmental differences
needs to be established. We suggest that this is the biggest difference between BDS IGEO,
MEO, and GPS satellites in retrieval methods.

In this experiment, we can see from Figure 11 that when soil moisture changes dra-
matically due to the rainfall, BDS IGSO and GPS satellites cannot respond well. The two
satellites cannot effectively capture sudden rainfall events, due to the seepage speed of
rain and soil heterogeneity. During the period that the soil moisture changes very little
(e.g., from DOY 26 to 43), all the estimation results show great performance. It should be
noted that all the conclusions in this study are obtained on bare soil, and may be different
in other conditions. Because the proposed method considers the satellite responses to
the environment in the same direction rather than the detection of a specific surface, we
propose that this method is applicable to other surfaces such as vegetated soil, although
its performance may vary. In addition, the BDS IGSO B1I and B2I signals have different
responses to soil moisture, and similar conclusions can be obtained in GPS. The results
indicate that low-frequency signals may be more sensitive to changes in soil moisture. The
results also show that BDS MEO satellites are more sensitive to soil moisture variations as
compared with GPS satellites. BDS has great potential to become a powerful supplement
for a global soil moisture monitoring network and to provide a richer data source for
GNSS-IR. Since BDS has three different orbit satellites, it is expected to achieve higher
temporal and spatial resolution in soil moisture retrieval.

In this study, a multi-satellite soil moisture retrieval method for BDS MEO and IGSO
satellites was proposed. This model is a fusion of different satellite track models. A 30-day
observational experiment was used to verify this method and was compared with GPS
satellites. The SNR observations of the BDS B1I and B2I signals were used in this study.
The experimental results showed good correlations between the BDS IGSO and MEO
estimation results and soil moisture fluctuations. The BDS IGSO and MEO satellites can
both be used for soil moisture retrieval. The BDS MEO B1I estimation result had the best
performance. For the BDS IGSO satellites, the B1I signal was more suitable for soil moisture
retrieval as compared with the B2I signal. The correlation coefficient was increased by
19.84%, the RMSE value was decreased by 42.64%, and the MAE value was decreased by
43.93%. In addition, estimations of BDS MEO B1I, MEO B2I, and IGSO B2I performed better
than the GPS L1 and L2 estimations. However, the method proposed in this study cannot
be applied to BDS GEO satellites because its position relative to the site hardly changes.
Future research should focus on soil moisture retrieval based on BDS GEO satellites.
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