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Abstract: Soil moisture (SM) is an important parameter in water cycle research. Rapid and accurate
monitoring of SM is critical for hydrological and agricultural applications, such as flood detection and
drought characterization. The Global Navigation Satellite System (GNSS) uses L-band microwave
signals as carriers, which are particularly sensitive to SM and suitable for monitoring it. In recent years,
with the development of Global Navigation Satellite System–Reflectometry (GNSS-R) technology
and data analysis methods, many studies have been conducted on GNSS-R SM monitoring, which
has further enriched the research content. However, current GNSS-R SM inversion methods mainly
rely on auxiliary data to reduce the impact of non-target parameters on the accuracy of inversion
results, which limits the practical application and widespread promotion of GNSS-R SM monitoring.
In order to promote further development in GNSS-R SM inversion research, this paper aims to
comprehensively review the current status and principles of GNSS-R SM inversion methods. It
also aims to identify the problems and future research directions of existing research, providing a
reference for researchers. Firstly, it introduces the characteristics, usage scenarios, and research status
of different GNSS-R SM observation platforms. Then, it explains the mechanisms and modeling
methods of various GNSS-R SM inversion research methods. Finally, it highlights the shortcomings
of existing research and proposes future research directions, including the introduction of transfer
learning (TL), construction of small models based on spatiotemporal analysis and spatial feature
fusion, and further promoting downscaling research.

Keywords: remote sensing; GNSS-R; soil moisture; machine learning; transfer learning

1. Introduction

SM is an indispensable part of the global water cycle and plays a crucial role in the
interaction between the land surface and the environment. It affects various environmental
processes and has significant implications for hydrology, meteorology, and agriculture. Un-
derstanding the dynamics of SM is essential for a range of applications, including drought
and flood monitoring, short-term and imminent weather forecasting, crop yield estima-
tion, and agricultural disaster prevention [1–5]. Traditional methods for SM monitoring
include conventional in situ monitoring methods [6], Time Domain Reflectometry (TDR)
methods [7], Optical monitoring methods [8], Active Radar monitoring methods [9,10],
and Microwave Radiometer monitoring methods [11–13]. However, these methods have
several disadvantages. In situ monitoring and TDR methods are time-consuming and
laborious, while optical remote sensing methods are highly dependent on weather condi-
tions. Microwave remote sensing methods, on the other hand, are less affected by weather
conditions but their revisit cycles are usually longer. Active microwave approaches also
entail significant investment in dedicated signal transmission equipment.
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GNSS-R technology is a remote sensing method that involves utilizing GNSS reflec-
tion signals from the measured area. It enables the estimation of relevant parameters by
analyzing the variations in characteristics observed within the reflection signals. In recent
decades, the GNSS-R method has gained increasing popularity as a means of monitoring
SM due to its numerous advantages. On the one hand, it uses GNSS signals as the source,
which can be sent to any position on the Earth under all weather conditions, ensuring
continuity in spatial and temporal coverage. Compared to other microwave SM remote
sensing methods, the revisit time of spaceborne GNSS-R techniques is shorter (e.g., for
CYGNSS, median and mean revisit times are 2.8 and 7.2 h, respectively). Meanwhile, its
monitored area covers the entire surface below the antenna, and the size of monitored
area can be changed by adjusting the antenna height and selecting the incident angle. In
addition, the GNSS-R remote sensing method does not require specialized transmitting
equipment, which has the potential to lower input expenses [14–17].

At present, numerous studies have been conducted on GNSS-R SM retrieval interna-
tionally. According to the platform of receiving equipment, these studies can be divided
into three different observation modes: ground-based, airborne, and spaceborne. The
ground-based GNSS-R SM retrieval method entails the deployment of receivers on the
ground to capture direct signals from satellites and reflected signals from target areas. It can
provide long-term, continuous, and high-resolution observation data, which is suitable for
SM monitoring in specific areas. The airborne GNSS-R method uses receivers installed on
the aircraft to collect data, providing a wider coverage range, and it is suitable for medium-
scale SM monitoring tasks. On the other hand, the spaceborne GNSS-R method utilizes
receivers installed on near-Earth orbit satellites to receive reflected GNSS signals from
the Earth’s surface. This method can provide global-scale observational data and meets
the requirements of large-scale environmental monitoring. Consequently, considering the
characteristics of each observation platform, these systems can be applied in various fields,
such as agricultural management, environmental monitoring, and hydrological cycles,
enabling more accurate and comprehensive SM monitoring.

In existing research, in order to further improve the accuracy of SM retrieval, re-
searchers have gradually introduced different environmental parameters into the model
constriction process, such as vegetation index, elevation, slope, and surface temperature,
amongst others. However, most of these studies rely on machine learning (ML) methods
and use remote sensing data as auxiliary information, which limits its potential in practical
applications. So, it is necessary to promote in-depth research into GNSS-R technology and
enhance its high-precision independent inversion capabilities. This will reduce the reliance
on auxiliary data, making it a more independent monitoring method, which means that
the GNSS-R SM monitoring method can maximize its advantages in practical applications
and play a greater role in environmental resource monitoring and agricultural disaster
prevention. In order to achieve these goals and further complement current SM retrieval
methods, this paper reviews the current status and principles of GNSS-R SM retrieval
technology and discusses its development direction for future researchers’ reference.

In Section 2, this paper offers a detailed review and analysis of prior studies on GNSS-
R SM retrieval, focusing on different receiver platforms: ground-based, airborne, and
spaceborne. Section 3 elucidates the mechanisms of GNSS-R SM inversion studies based on
signal reflectivity and interferometric signals. Section 4 categorizes the methods of GNSS-R
SM inversion into three signal reception processing modes, single-antenna reception, multi-
antenna reception, and open-loop reception, to explicate the data processing workflows and
model development approaches of existing research methods. Concurrently, it introduces
the application of ML models in GNSS-R SM inversion research. Finally, Sections 5 and 6
concludes the paper by identifying the limitations of current research and proposing future
directions for the advancement of GNSS-R SM retrieval.
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2. Research Status

The GNSS-R remote sensing method was mainly used in sea surface measurement
in the early stage. Subsequently, researchers discovered that GNSS-R also exhibited a
certain sensitivity to SM and conducted a consistency analysis with other methods such
as L-band microwave radiometers. The results demonstrated the potential application of
GNSS-R remote sensing method in SM inversion. According to the platform of the GNSS-
R receiver, this paper summarizes its current status from three aspects: ground-based,
airborne, and spaceborne.

2.1. Ground-Based

In the ground-based GNSS-R method, the antenna installation height is typically low
and fixed. This results in both the direct and reflected signals having the same Doppler shift
and fixed phase difference, leading to interference between the two signals. Consequently,
in the field of ground-based retrieval methods, there are primarily two observation modes:
multi-antenna independent reception and single-antenna interferometric reception, which
can provide a spatial monitoring range from several meters to tens of meters. Zavorotny
and Voronovich extended the original Z-V model and conducted research on soil surface
parameters inversion. They found that it was difficult to determine SM by analyzing
the ground reflection signal alone. Thus, in subsequent experiments, they used specific
antennas to receive direct and reflected signals for SM retrieval [18]. Egido et al. captured
GNSS reflection signals through specific receivers and obtained estimates of SM using
the interferometric complex field method and empirical model [19]. In the process of
establishing the multi-antenna observation model, Jia et al. introduced Random Forest
(RF) and Support Vector Regression (SVR) methods to improve the accuracy of inversion
results [20].

The aforementioned studies describe some of the multi-antenna inversion methods
that typically retrieve SM based on surface reflectivity. On the other hand, single-antenna
interferometric methods, also known as the Global Navigation Satellite System Interference
and Reflectometry (GNSS-IR) monitoring method, can construct an SM regression model
by analyzing the regression relationship between multiple characteristics of the interfer-
ence signal and SM as well. Larson et al. thought that using traditional signal receiving
devices could also invert SM. They used a single antenna receiver to collect interference
GNSS signal data, and the regression models for SM inversion were constructed using
the amplitude, phase of multipath signals, and reflectometer height, respectively [21–23].
Sibylle et al. conducted research on SM inversion by using the signal-to-noise ratio (SNR)
records of received signals at the SUTM observation station in South Africa. During the
research process, all satellite data were included in the analysis, and the SNR was divided
based on the number of orbits and azimuth quadrants of each satellite. At the same time,
the main frequency of each satellite’s trajectory sine curve was estimated using the Lomb–
Scargle periodogram method, thereby achieving the purpose of calculating the spectral
power of irregular time series intervals [24]. Rodriguez et al. conducted an analysis using
interference pattern technology to assess the sensitivity of interference signal amplitude
notches to SM and vegetation height. They developed inversion models for estimating SM
on both bare and vegetation-covered surfaces based on the detected interference signals.
The study successfully achieved SM inversion under conditions of bare soil and uniform
vegetation coverage, which provides a more intuitive representation of the impact of SM
and vegetation on signal characteristics [25,26]. Zhang et al. carried out an experiment
on GNSS-IR SM inversion in wheat fields and grasslands in southwestern France. They
utilized the phase characteristics of interference signals to construct the SM regression
model, subsequently comparing the model’s estimations with in situ measurements. The
findings indicated that SM estimation was viable when the wheat’s height was smaller
than one wavelength; compared with the measured value, the correlation coefficient can
reach 0.74. However, the estimation accuracy markedly diminished with increasing veg-
etation height. Additionally, the grassland experiment revealed a significant influence
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of grass litter water content on the GNSS signal. By excluding data heavily affected by
vegetation, the correlation coefficient of the estimated SM to the in situ SM is 0.86 [27,28].
To further improve the accuracy of SM inversion results, Jing et al. proposed a Robust
Kalman Filter model for SM inversion and compared the effects of different bands and
observation features on prediction results. The results indicated that the “dual-band, dual-
observation” approach achieved the best inversion performance, and the Robust Kalman
Filter model outperformed traditional regression models and robust regression models [29].
For relatively dry sandy soils, GNSS signals have a strong penetration effect, which greatly
affects the accuracy of SM inversion. Ha et al. developed a new method that combines the
interference pattern technology with the phase unwrapping method to obtain continuous
phase measurements of SNR multipath, enabling SM inversion. This method achieved
good inversion results in sandy soil observation areas, with a volumetric soil moisture
(VSM) range of 2.5–8%, and the correlation coefficient between the inverted SM and the
actual measured SM reached 0.97 [30].

2.2. Airborne

Compared to ground-based GNSS-R monitoring methods, airborne platforms can
provide a larger spatial observation range and more flexible selection of monitoring ar-
eas. At the same time, due to the characteristics of flight altitude, dual-baseline radar
measurements based on unmanned aerial vehicles (UAVs) will acquire higher-resolution
data of specific areas compared to data obtained from spacecraft. This is beneficial for im-
proving the understanding of fine-scale surface feature changes. The SMEX02 experiment
conducted by Master collected direct signal and reflected signal SNR data through the
receiving devices installed on drones and analyzed them separately. The results indicate
that changes in SNR values of the reflected signals are highly sensitive to changes in SM
after rainfall events occur [31]. Katzberg et al. validated the correlation between signal
reflectivity and volumetric water content by utilizing the SMEX02 experimental data in
conjunction with an empirical model of reflectivity and dielectric constant [32]. Jia et al.
conducted a study on the airborne GNSS-R SM inversion methods using data obtained
near Avigliana Lake in Italy and incorporated ML methods, RF and SVR, into the process of
establishing SM inversion models. The results showed that ML algorithms demonstrated
high potential and efficiency in the application of SM retrieval [20].

Microwave interferometric reflectometer (MIR) is a multi-beam dual-frequency GNSS
reflectometer with beamforming capabilities. Munoz-Martin et al. conducted two airborne
missions over the Yanco-designated portion covered by OzNet, New South Wales, Australia,
utilizing MIR. Their study examines the impact of increasing averaging time on surface
roughness estimation. It suggests that to minimize the influence of surface roughness, the
effective integration time should be extended to 5 s [33]. The development of planetary
UAV technology has reemphasized the need to develop miniaturized dual-base radar
instruments compatible with UAV platforms. Oudrhiri et al. designed a compact open-loop
receiver that supports dual-base radar observations on Earth and other planets and tested
the instrument’s sensitivity to different surface electrical properties on a UAV platform [34].
Additionally, Moller et al. highlighted a collaboration between NASA and Air New Zealand,
where Air New Zealand installed and hosted next-generation GNSS-R receivers (NGRx)
and commercial aviation GPS omni-directional antennas on their Q300 aircraft. This setup
can provide unprecedented high-resolution, wide-coverage, and long-term records, which
will support ground calibration and validation of CYGNSS [35].

2.3. Spaceborne

In order to obtain a larger spatial monitoring range, the spaceborne GNSS-R method
has gradually been developed in recent years. At present, the available spaceborne GNSS-R
programs for SM detection mainly include UK-DMC, TDS-1, CYGNSS, BuFeng-1 A/B,
FSSCat, FY-3E, and Spire, amongst others [36–42]. Similar to the early stages of GNSS-R
technology, initial research on spaceborne GNSS-R primarily focused on ocean observa-
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tions. Subsequently, researchers analyzed the sensitivity of satellite observations to land
surface parameters and gradually applied this knowledge towards the retrieval of SM and
vegetation biomass characteristics [43,44].

In actual SM inversion research, there are differing opinions among researchers regard-
ing whether the reflected signals primarily come from coherent or incoherent reflections.
However, satisfactory inversion results have been achieved in both lines of research. In
addition, in order to mitigate the influence of factors such as vegetation and surface rough-
ness in observed pixels, auxiliary remote sensing data products are often used. As research
has progressed, the selection of auxiliary data has expanded beyond early vegetation index
and surface roughness to include elevation, slope, precipitation, soil texture, water, and
land surface temperature, amongst others. Most of the existing research on spaceborne
GNSS-R SM retrieval exhibits strong similarities in terms of study areas and validation
methods. However, there are differences in the choice of processing methods and models.
To provide a clearer comparison of different research methods and their corresponding
results, this study primarily summarizes and compares several aspects, including the ob-
serving satellites, spatial coverage, main components of reflected signals, GNSS observation
data, auxiliary data, modeling methods, reference data, validation data, and key results.
The specific details are presented in Table 1. It is worth noting that Jia et al. proposed a
digital label classification method based on land cover types for SM retrieval. In their study,
potential surface cover features were introduced into the model-construction process by
labeling the input features, reducing the reliance on auxiliary data, and further advancing
the development of GNSS-R SM retrieval research [45].
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Table 1. Examples of spaceborne GNSS-R SM inversion studies 1.

Study Mission Satellites Spatial Coverage Main
Components GNSS Data Auxiliary Data Adopted

Algorithms
Reference

SM
Validation

SM Main Results (cm3/cm3)

Chew and
small [46] CYGNSS Quasi-Global Coherent Reflectivity LAI Linear

regression SMAP SMAP, in situ median ubRMSE = 0.045

Kim and
Lakshmi [47] CYGNSS Regional

(CONUS) Coherent Reflectivity GPM, VWC,
landcover types

Linear
regression SMAP SMAP For different observation

conditions: R = 0.67/0.68/0.77

Wan et al. [48] BuFeng-1 A/B Quasi-Global Both Reflectivity VWC Linear
regression SMAP SMAP, in situ

R = 0.94, RMSE = 0.029
(vs. SMAP)

R = 0.77, RMSE = 0.049
(vs. in situ)

Al-Khaldi et al.
[49] CYGNSS Quasi-Global Incoherent BRCS — Time-Series

technique SMAP SMAP R = 0.82, RMSE = 0.04

Munoz-
Martin et al. [50] FSSCat Regional

(above 45◦N) Coherent
Reflectivity,

SNR, incident
angle

FMPL-2 MWR
radiometry data ANN SMOS SMOS R = 0.79,

STD (error) = 0.063

Santi et al. [51] CYGNSS Quasi-Global — Reflectivity, SNR,
incident angle VOD ANN SMAP SMAP R = 0.85, RMSE = 0.069

Yan et al. [52] CYGNSS Quasi-Global Coherent

Reflectivity
(maximum, mean,

variance,
skewness,
kurtosis)

VOD Linear
regression SMAP SMAP R = 0.80,

RMSE = 0.07

Yang et al. [53] TDS-1,
CYGNSS

Regional
(China) Coherent Reflectivity

Elevation, slope,
NDVI, VWC,

roughness data,
precipitation

BP-ANN SMAP SMAP, in situ

R = 0.676/0.798,
ubRMSE = 0.060/0.062,

MAE = 0.052/0.040
(TDS-1/CYGNSS vs. SMAP)

R = 0.687/0.724,
ubRMSE = 0.056/0.053,

MAE = 0.066/0.052
(TDS-1/CYGNSS vs. in situ)

Jia et al. [54] CYGNSS Quasi-Global Coherent Reflectivity
VOD,

roughness
coefficient

XGBoost with
pre-classification

strategy
SMAP SMAP, in situ

median RMSE = 0.052,
median R = 0.86

(vs. SMAP)
median RMSE = 0.049,

median R = 0.753
(vs. in situ)

Jia et al. [45] CYGNSS Quasi-Global Coherent
Reflectivity, TES,

dielectric constant,
incident angle

Land type
XGBoost with an
LT digitization

strategy
SMAP SMAP R = 0.71, RMSE = 0.063

Zhu et al. [55] CYGNSS Quasi-Global Coherent Reflectivity VOD, SST Linear
regression SMAP SMAP, in situ

R = 0.929, RMSE = 0.043
(vs. SMAP)

R = 0.927, RMSE = 0.042
(vs. in situ)
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Table 1. Cont.

Study Mission Satellites Spatial Coverage Main
Components GNSS Data Auxiliary Data Adopted

Algorithms
Reference

SM
Validation

SM Main Results (cm3/cm3)

Zhang et al. [56] CYGNSS Regional
(CONUS) Coherent

Reflectivity
(maximum, mean,

variance,
skewness,
kurtosis)

VOD, SST Linear
regression SMAP SMAP, in situ

R = 0.815, RMSE = 0.066
(vs. SMAP)

R = 0.549, RMSE = 0.078
(vs. in situ)

Yin et al. [57] FY-3E Global Coherent Reflectivity
(GPS/BDS/GAL)

VWC,
IGBP

classification
Linear

regression SMAP SMAP, in situ

R = 0.83/0.85/0.86,
RMSE = 0.0503/0.0497/0.0482
(GPS/BDS/GAL vs. SMAP)

Mean RMSE = 0.054
(GPS/BDS/GAL vs. in situ)

Setti. et al. [42] Spire
Regional

(Southeast
Australia)

Coherent Reflectivity
(GPS/multi) — Linear

regression SMAP SMAP, in situ

R = 0.85,
median ubRMSE = 0.062
(Spire-multi vs. SMAP)

median ubRMSE = 0.057
(Spire-multi vs. in situ)

1 LAI: leaf area index; GPM: global precipitation measurement; VWC: vegetation water content; NDVI: normalized difference vegetation index; VOD: vegetation optical depth; SST: soil
surface temperature.
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3. Mechanization

GNSS-R SM inversion research is predicated on the differential impact of soil dielectric
constant on reflected signals under various SM conditions. As shown in Figure 1, the GNSS
signal is transmitted by the satellite and partially received directly by the receiver, while
another part is reflected from the land surface before being received. It is generally accepted
that when the reflecting surface is relatively smooth, the reflected signal primarily comes
from the specular reflection point P, and this is considered as coherent reflection. Con-
versely, when the reflecting surface has higher roughness, the reflected signal is composed
of various diffuse reflection components around the specular reflection point, such as point
P′. In this case, the reflected signal is predominantly considered as incoherent reflection.
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In Figure 1, r represents the position of P′ relative to P; |rT | represents the distance
between the satellite and the specular point P; |rR| represents the distance between the
specular point P and the receiver; |rT + r| represents the distance between the satellite and
the reflection point P′; |rR − r| represents the distance between the reflection point P′ and
the receiver; θ represents the signal incidence angle; α is the residual angle of θ, which can
be approximated as the satellite elevation angle.

The reception of reflected signals at the receiving antenna can be divided into two
modes: using a specific antenna to independently receive the reflected signal (including
multi-antenna reception mode and open-loop reception mode, as described in Section 4),
and using a single antenna to simultaneously receive both the direct and reflected signals.
An example of receiving signals using circularly polarized antennas is shown on the
right side of Figure 1. Jia and Pei have provided a detailed description regarding the
selection and combination of different types of antennas [58]. Here, the differences in
SM inversion by receiving reflection signals in different ways are summarized, as shown
in Table 2. Generally, the independently receiving reflected signals mode can directly
obtain independent observation data of direct and reflected signals, which facilitates
the extraction of signal characteristics. However, it requires the construction of specific
receiving equipment. On the other hand, the single-antenna reception method has the
advantage of simplicity in terms of receiving equipment, but it requires signal processing
techniques to obtain the desired observation features. Furthermore, the GNSS-IR method is
typically applied in scenarios where the receiving antenna is fixed and positioned at a lower
height, which is necessary to meet the requirements for signal interference. The following
will provide explanations of the mechanisms behind these two observation modes.



Remote Sens. 2024, 16, 1193 9 of 27

Table 2. Differences in SM inversion by receiving reflection signals in different ways.

Receive Ways Mechanization Advantage Deficiency Applicable Platforms

Independence

Independently
receiving signals, and

the model is built based
on reflectance

Intuitively acquiring
signal characteristics

Requires specific
equipment

Ground-based,
Airborne,

Spaceborne

Interferometric

Receiving interference
signals, and the model
is established based on

its characteristics

Does not require
specific equipment

Requires data
processing algorithms Ground-based

The relationship between SM and surface reflectance can be established through
empirical models of the SM dielectric constant and the Fresnel reflection equation. By
using a specific antenna to solely receive the reflected signals, the signal strength can
be directly obtained, facilitating the calculation of reflectance. Therefore, this approach
typically relies on surface reflectance for SM retrieval. The data processing methods and
theoretical models pertaining to this are described in Sections 4.1.2 and 4.1.3. Here, only
the variation characteristics of reflectivity will be explained. Generally speaking, the direct
satellite signals are considered as pure right-handed polarization, and under different
satellite elevation angles, the reflected signals will exhibit different situations, where left-
handed polarization is dominant or right-handed polarization is dominant. The following
algorithm is an analysis of the reflectivity corresponding to the right-handed polarized
reflection and left-handed polarized reflection. Without considering the influence of surface
roughness, based on the Fresnel reflection coefficient, the reflectivity can be expressed
as [58]:

Γrl = [ℜrl ]
2 =

1
4
(ℜvv −ℜhh)

2 (1)

Γrr = [ℜrr]
2 =

1
4
(ℜvv +ℜhh)

2 (2)

ℜvv =
ε sin α −

√
ε − cos2 α

ε sin α +
√

ε − cos2 α
(3)

ℜhh =
sin α −

√
ε − cos2 α

sin α +
√

ε − cos2 α
(4)

ε = εs/ε0 + j60λδ (5)

where ℜrl , ℜrr, ℜvv and ℜhh represent the Fresnel reflection coefficients under different
polarization forms, respectively; ε is the dielectric constant; εs is the dielectric constant of
the surface; ε0 is the dielectric constant of the air; λ is the wavelength of the signal; δ is the
standard deviation of the surface. The relationship among the circular polarization signal
reflectivity, the dielectric constant, and the satellite elevation angle is shown in Figure 2.
In this context, “rr” and “rl” refer to the two different transmission and reception modes,
where “rr” represents the right-hand circular polarized transmitted and right-hand circular
polarized received, while “rl” represents the right-hand circular polarized transmitted and
left-hand circular polarized received.

The GNSS-IR method is a multipath-based interferometric reflection measurement
technique that exhibits distinct characteristics of multipath signals under different SM con-
ditions. Existing research has shown a direct correlation between the amplitude, frequency,
initial phase of the interference signal, and notch in the received signal from the vertically
polarized antenna with SM. Section 4.1.1 provides a comprehensive explanation of the
workflow involved in data processing, feature extraction, and model construction for the
GNSS-IR SM inversion method. This section aims to describe the principles and occurrence
conditions of signal interference.
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Figure 2. Schematic diagram of reflectivity variation.

In physics, the condition for interference between two beams of triangular wave
signals is that they have the same frequency and a fixed phase difference. The classic
double-slit interference experiment, as shown in Figure 3a, serves as an example here.
The monochromatic light waves generated by primary source S pass through two slits at
S1 and S2, forming two coherent light waves. Due to the difference in path length, the
two light waves have different phases when they reach different points on the screen.
When the phase difference is an even multiple of half-wavelength, the two waves interfere
constructively, resulting in the maximum amplitude of the interference wave, illustrated as
bright fringes in the graph. Conversely, when the phase difference is an odd multiple of
half-wavelength, the two waves interfere destructively, leading to the minimum amplitude
of the interference wave, shown as dark fringes in the graph.
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The phase difference between the two columns of waves varies periodically from
left to right, causing corresponding changes in the amplitude of the interference waves,
resulting in a pattern of alternating bright and dark fringes, known as an interference pat-
tern. When the primary wave source S undergoes a slow horizontal movement, recording
the interference signal at point r can also generate an interference pattern. This pattern
reflects the variations in interference amplitude at the same position over different mo-
ments. The periodicity of the change in the amplitude of the interference wave not only
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depends on the spacing between the double slits but also on the speed of the primary wave
source’s movement.

For GNSS-IR SM retrieval methods, the orbiting satellites can be considered as moving
sources of radiation, while the receiver acts as a stationary observation point. Due to the
differences in the propagation paths of the direct and reflected signals, there exists a phase
difference between them upon reaching the receiver antenna. When the receiver antenna
is assumed to be at a lower height, the Doppler shifts of both signals are nearly identical,
satisfying the conditions for interference to occur. As the GNSS satellites slowly move
over time, the phase difference between the direct and reflected signals undergoes periodic
changes, resulting in an interference pattern at the receiver location. The signal propagation
and reception diagram for the GNSS-IR SM inversion method is shown in Figure 3b. This
method uses a single antenna to simultaneously receive direct and reflected signals. Due
to differences in the propagation path and ground reflection, the amplitude and phase of
the reflected signal exhibit certain differences compared to the direct signal. In existing
research, the right-hand circularly polarized antenna is usually used to receive the satellite’s
direct signal. As shown in Figure 2, it is known that when the satellite elevation angle is low
(lower than 30 degrees), the reflected signal is mainly composed of right-hand circularly
polarized components. Therefore, this method typically selects satellite signals with lower
elevation angles for study.

4. Method

In the existing research on GNSS-R SM retrieval, the signal reception and processing
modes can be primarily categorized into three types: single-antenna reception mode, multi-
antenna reception mode, and open-loop reception mode. These methods can be applied to
different observation platforms based on their specific characteristics. The single-antenna
GNSS-R method is mainly suitable for ground-based GNSS-R monitoring due to limitations
imposed by signal interference conditions. The multi-antenna reception mode is applicable
to both ground-based and airborne observation platforms. On the other hand, the open-
loop reception mode is primarily used in space payloads and certain airborne observation
platforms. This section will provide a detailed description of the data processing flow for
these reception modes, as well as traditional and ML-based model construction methods.

4.1. Data Processing Flow and Traditional Model Construction Methods
4.1.1. GNSS-IR Soil Moisture Inversion Method

Because of the path difference between the direct signal and the reflected signal, a
phase shift occurs when they reach the antenna. When the antenna is stationary and
installed at a low height, the two signals experience a similar Doppler shift, satisfying the
interference condition. Furthermore, due to the typically small amplitude and phase shift of
the reflected signal components, the interference signal can still maintain sufficient strength
to enable receiver capture and tracking. So, generally, the GNSS-IR SM inversion method
uses a right-hand polarized antenna and conventional receiver to receive the interference
signal, and SM can be retrieved as follows.

GNSS receivers usually take SNR as a measure of signal strength; the SNR of the
interference signal can be modeled as [59]:

S = Sd(α) + Sr(−α) + 2
√

Sd(α)Sr(−α) cos
(

4πH
λ

sin(α) + φ0

)
(6)

where Sd(α) represents the direct signal component; Sr(−α) represents the reflected signal
component, and the negative sign represents that the signal is incident from the bottom of
the antenna; H is the effective height of the receiver antenna; λ is the carrier wavelength; α
denotes the satellite elevation angle; φ0 is the initial phase of the interference signal.

In Formula (6), Sd(α)+Sr(−α) is a trend term and the 2
√

Sd(α)Sr(−α) cos
(

4πH
λ sin(α) + φ0

)
part is the interference term. The key technology of the GNSS-IR SM inversion method involves ex-
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tracting the interference signal strength feature. Common extraction methods include the stepwise
fitting model [21–23], parametric carrier to noise ratio model [60–62], and semi-empirical
fitting model [63]. The implementation of relevant methods is shown in Figure 4.
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The stepwise fitting model is intuitive and flexible, as it does not need prior knowl-
edge, such as antenna parameters, as support. However, using a standard sinusoidal
function to fit the signal data with attenuation trend will bring large errors. Although the
parameterized theoretical model based on carrier-to-noise ratio has better accuracy, it needs
more complete prior knowledge. The semi-empirical simulation model proposed by Han
et al. is compatible with the advantages of the other two models under the condition of
requiring less prior knowledge. Therefore, it is taken as an example to explain here. The
SNR of baseband GNSS signal can be expressed as:

SNR =
E2( p̃)

var(Re( p̃))
(7)

where p̃ is the baseband signal output by the correlator under the assumption of perfect
carrier frequency tracking, which can be expressed as:

p̃ = ĩ + jq̃ =

√
Ct

2

K

∑
k=0

akR(τk − τx)e(j(φk−φx)) + η̃ (8)

where Ct is the carrier power of the transmitted signal; R(·) is the normalized autocorrela-
tion function of the PRN (Pseudo-Random Noise) modulation code; η̃ is a narrow-band
complex white Gaussian noise with the same independent distribution of the real part and
the imaginary part; τx and φx are local codes and carrier phases, respectively; τk and φk
are the code and carrier phase delays of the input signal, respectively; ak is the attenuation
coefficient; K represents the total number of multi-channel components, which is assumed
to be 1; K = 0 indicates the direct signal component. Let p̃ = ( p̃1, p̃2, . . . p̃M) be a vector
of M consecutive correlators’ output in a T-second period, where M = T/TC and TC is a
modulation code period, assuming it is 1 ms. In the ground-based inversion study, a slow
multipath change is considered when T is less than 1 s. Assuming that there is no noise, it
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can be inferred that all items in p̃ = ( p̃1, p̃2, . . . p̃M) are equal. Therefore, the SNR formula
can be expressed as:

SNR =

∣∣∣∣(1/M)
M
∑

m=1
p̃m

∣∣∣∣2
(1/2M)

(
M
∑

m=1
| p̃m|2 − (1/M)

∣∣∣∣ M
∑

m=1
p̃m

∣∣∣∣2
) (9)

where M can be regarded as the number of coherent accumulations. Since τk − τx is
approximately zero in the case of ground-based, and R(·) is 1 at this time, then after some
manipulation, the following equation can be obtained:

| p̃|2 =
Ct

2

[
|a0|2 + |a1|2 + 2|a0a1| cos(φ1 − φ0 + φa)

]
(10)

where φa contains the phase of the attenuation and additional phase terms; φ1 − φ0 is the
phase difference of direct and reflected signals due to different propagation paths, which
can be expressed as:

φ1 − φ0 =
4πH

λ
sin α (11)

Since the numerator of Formula (9) is the maximum likelihood estimation of | p̃|2, SNR
can be rewritten in the form of | p̃|2, that is:

SNR = c0

[
|a0|2 + |a1|2 + 2|a0a1| cos(2πc1 sin α + c2)

]
(12)

Through the analysis of the reflected signal and the scattering situation, it can be found
that the reflected signal has higher-order changes than the direct signal. So, a high-order
polynomial can be used to approximate the dB attenuation of the reflected signal, and a
low-order polynomial can be used to approximate the dB attenuation of the direct signal.
Then, the following formula can be obtained: pn0(sin α) = bn0(sin(α))n0 + bn0−1(sin(α))n0−1 + · · ·+ b1(sin(α)) + b0 = 10 log10

(
|a0|2

)
pn1(− sin α) = bn1(− sin(α))n1 + bn1−1(− sin(α))n1−1 + · · ·+ b1(− sin(α)) + b0 = 10 log10

(
|a1|2

) (13)

where p(·) is a polynomial function; n0 and n1 represent the order of the polynomial,
and 0 < n0 < n1. Then, a new SNR estimation formula can be obtained by combining
Equations (12) and (13):

SNR = c0

[
10

pn0 (sin α)
10 + 10

pn1 (− sin α)
10 + 2

√
10

pn0 (sin α)+pn1 (− sin α)
10 cos(2πc1 sin α + c2)

]
(14)

where c0 represents the SNR offset (expressed using base-10 logarithm); c1 and c2 represent
the frequency and phase of the interference signal, respectively. Therefore, the process of
solving the signal characteristic quantity can finally be converted into solving the solution of
the model. By solving the series of parameters, the direct component, reflected component,
and interference signal strength characteristic quantity can be restored. Subsequently, an
SM inversion model can be established by either performing regression analysis using
the relationship between the interference signal features and in situ SM or by utilizing an
empirical model that relates the signal reflectivity to the dielectric constant. In addition,
as shown in Figure 4, Rodriguez et al. also proposed an SM inversion method based on
interference pattern technology, which can invert SM by analyzing the amplitude notch
position of the interference signal directly [25,26].
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4.1.2. Multiple Antennas GNSS-R Soil Moisture Inversion Method

The multiple antenna inversion method utilizes different polarization antennas to sep-
arately receive direct signals and reflected signals. By directly observing the characteristic
differences between these signals, the method establishes an SM inversion model by com-
bining the Fresnel reflection equation and the empirical dielectric constant model. However,
different from the GNSS-IR method, due to significant power attenuation of the reflected
signal, directly processing weak input signals through reflection signal channels often poses
certain difficulties. So, in multiple-antenna GNSS-R inversion research, researchers often
use software receivers to complete the signal correlation calculation. The acquisition and
tracking of reflected signals generally rely on information provided by the direct channels.
Generally speaking, the GNSS-R software receiver is mainly composed of a hardware signal
acquisition part and a software signal solution part. The signal acquisition part can be
divided into two aspects: RF front-end and A/D conversion. The RF front-end mainly
completes signal reception and down conversion, while A/D acquisition is the relevant
algorithm that converts down-converted signals into digital quantities to complete signal
processing. For software receivers, the direct signal channel usually needs to provide carrier
frequency offset and code delay information for the reflected signal channel, in addition
to its positioning and computation functions, in order to capture and track the reflected
signals. Then, the power of the reflected signal can be obtained by coherent and incoherent
accumulation. The basic flow of the multiple-antenna GNSS-R SM inversion method and
the design example of the GNSS-R software receiver (taking GPS as an example) are shown
in Figure 5.

Theoretically, it is assumed that the effects of roughness and incoherent scattering
can be neglected when the reflecting surface has low roughness. According to the free
space propagation model and bistatic radar equation, the direct signal power Pdirect and
the reflected signal power Pre f lect at the specular point can be expressed as [58]:

Pdirect =
PTGTGRλ2

(4π)2|rTR|2
(15)

Pre f lect =
PTGTGRλ2

(4π)2(|rT |+ |rR|)2 Γrl (16)

where |rTR| represents the distance between satellite and receiver; |rT | represents the
distance between satellite and the specular point; |rR| represents the distance between
the specular point and receiver; PT is the satellite launch power; GT and GR represent the
transmitter antenna gain and receiver antenna gain, respectively; λ is the wavelength of
the transmitted signal; Γrl represents the reflectivity under the condition of right-handed
polarization transmitting and left-handed polarization receiving. So, Γrl can be expressed as:

Γrl =
(|rT |+ |rR|)2

|rTR|2
Pre f lect

Pdirect
(17)

By combining Equations (1) and (17), the dielectric constant of the reflecting surface
can be described as a function of the observed values: Pdirect, Pre f lect and α, denoted as:
ε = f (Pdirect, Pre f lect, α). Assuming that SM can be expressed as a function mv = g(ε), then
mv can be represented by Pdirect, Pre f lect, and α as:

mv = g
[

f (Pdirect, Pre f lect, α)
]

(18)

where g(·) can be described by the model of soil dielectric constant. Common empirical
models include the Wang model [64], Topp model [65], Dobson model [66], and Hallikainen
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model [67], amongst others. Here, taking the Hallikainen model as an example, it can be
expressed as follows:

ε′ = (a0 + a1µ + a2ν) + (b0 + b1µ + b2ν)mν + (c0 + c1µ + c2ν)m2
v (19)

where ε′ represents the real part of the soil dielectric constant; µ represents the sand content
in the soil; ν represents the proportion of clay in the soil; a0, a1, a2, b0, b1, b2, c0, c1 and c2
are related coefficients. Because the imaginary part of the soil dielectric constant is very
small, the dielectric constant ε can be approximated as ε′. According to Hallikainen’s theory
and experience, the calibration coefficient is brought into:

ε = (2.862 − 0.012µ + 0.001ν) + (3.803 + 0.462µ − 0.314ν)mv + (119.006 − 0.500µ + 0.633ν)m2
v (20)
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The values of µ and ν are related to specific soil types; in the experimental samples of
Hallikainen et al. [67], the corresponding values are presented in Table 3.

Table 3. The values of µ and ν in samples of Hallikainen et al.’s experiment [67].

Soil Type µ/% ν/%

Sandy Loam 51.51 13.43
Loam 41.96 8.53

Silt Loam 30.63 13.48
Silty Clay 5.02 47.38

4.1.3. Open-Loop GNSS-R Soil Moisture Inversion Method

The open-loop GNSS-R monitoring method involves the reception of GNSS-reflected
signals only, and the signal reflectivity is directly calculated based on the bistatic radar
equation. In contrast to the aforementioned methods, it does not receive the direct signals
but utilizes the transmitted power of GNSS satellite signals in the computation. This
method is commonly employed in spaceborne GNSS-R research. The spaceborne GNSS-R
SM inversion method monitors SM by carrying a GNSS signal receiving device on the
spacecraft, which is higher from the ground. Due to the large spatial range covered, it is
very important to eliminate the impact of surface roughness and vegetation. Currently,
the primary approach involves utilizing surface roughness and vegetation index remote
sensing data as auxiliary factors to mitigate the influence. Once the reflectivity is obtained,
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similar to the multi-antenna GNSS-R SM inversion method, it can also construct an SM
inversion model using empirical models or ML methods based on surface reflectivity. The
schematic diagram of the spaceborne GNSS-R SM inversion process is shown in Figure 6.
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In this context, T denotes a GNSS satellite, RS is a remote sensing satellite used for
land monitoring, and G is a GNSS-R satellite that receives the ground-reflected signals.
Theoretically, the ground-scattering signal power received by satellites includes two aspects:
the coherent part under smooth surface conditions and the incoherent part under rough
surface conditions:

PR = Pcoh
R + Pinc

R (21)

In existing research, some scholars argue that the ground-reflected signal is predomi-
nantly composed of coherent components, while disregarding the incoherent scattering
part. Conversely, some researchers believe that the coherent components in the ground-
reflected signal primarily originate from inland water bodies, with soil reflection being
mainly associated with incoherent scattering. Consequently, the coherent components in
the reflection signal are overlooked. Due to the large spatial coverage of spaceborne GNSS-
R observation modes, variations in terrain and surface composition can introduce complex
influences on the dominant components of the reflection signal. Currently, several studies
have explored the reflection characteristics. Balakhder et al. have indicated that, for a wide
range of flat areas, the L-band signal reflected from the ground to the satellite receiver
is predominantly composed of coherent components [68]. Campbell et al. constructed
three different models to estimate the power of ground-reflected signals, considering the
influences of surface roughness, elevation, and soil composition. The results suggest that
when the surface roughness is sufficiently large, the geometric optics approximation holds
in the models, thus allowing for the neglect of coherent contributions [69]. Wan et al.,
in their study, assumed that the coherent and incoherent components were of the same
magnitude based on the actual situation of the reflecting surface and constructed a function
of reflectivity with respect to the radar cross-section [48]. In addition, Yueh et al. pointed
out that since it is difficult to directly estimate the coherent and incoherent components
separately in research, they represented the effective reflectivity as a weighted sum of the
coherent scattered reflectivity and the incoherent radar cross-section of the reflection [70].
Based on existing research, it is known that the composition of surface GNSS signals is
not simply dominated by a single component but varies with the actual conditions of
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the reflecting surface, and independently estimating both components also poses certain
difficulties. As a review paper, this paper will not delve into the analysis methods of the
components in the reflected signal here. Instead, it will summarize the current calculation
methods for ground reflectivity under different assumptions.

When the reflection surface is relatively flat, the reflected signal is predominantly
composed of coherent components, and the incoherent components can be neglected. In
this case, the reflected signal can be represented in terms of coherent power [71]:

PR ≈ Pcoh
R =

PTGTλ2GR

(4π)2(|rT |+ |rR|)2 Γrl(θ) (22)

where Pcoh
R represents the coherent scattering power of the signal; PT is the satellite launch

power; GT and GR represent the transmitter antenna gain and receiver antenna gain,
respectively; |rR| and |rT | represent the distance from the specular point to the receiver and
transmitter, respectively; λ is the wavelength of the transmitted signal; Γrl(θ) is the surface
reflectivity of the signal. Because coherent scattering mainly occurs near the specular point,
the scattering signal power corresponds to Ppeak, which is the peak power of DDM. So,
according to Equation (22), the reflectivity can be expressed as:

Γrl(θ) =
(4π)2Ppeak(|rT |+ |rR|)2

PTGTλ2GR
(23)

Considering the influence of ground roughness and vegetation, it can be expressed as:

Γrl(θ) = |ℜ(θ)|2γ2 exp
(
−(2k0h cos(θ))2

)
(24)

where ℜ(θ) is the Fresnel reflection coefficient, which is represented as a form of the signal
incidence angle θ, as shown in Equation (25); γ is the vegetation transmittance, which can
be represented by ζ as Equation (26), where ζ represents VOD; k0 represents the free space
wave number; h represents the RMSE of surface roughness. The references [70,72,73] had
introduced the calculation methods for surface roughness and vegetation transmittance.

ℜ(θ) = 1
2

(
ε cos θ −

√
ε − sin2 θ

ε cos θ +
√

ε − sin2 θ
− cos θ −

√
ε − sin2 θ

cos θ +
√

ε − sin2 θ

)
(25)

γ = exp(−ζ sec(θ)) (26)

Therefore, under the condition of neglecting incoherent components, the Fresnel
reflection coefficient ℜ(θ) can be obtained using surface roughness and VOD remote
sensing data by combining Equations (23)–(26).

When scattering signals are predominantly comprised of incoherent components and
coherent scattering components are disregarded, the reflected signal can be represented
by the incoherent scattering component according to the dual-baseline radar scattering
equation as [68]:

PR ≈ Pinc
R (τ, f ) =

PTλ2

(4π)3

∫
A

GTGRσ0Λ2(τ − τ′)S2( f − f ′)

|rT + r|2|rR − r|2
dr (27)

where Pinc
R (τ, f ) represents the incoherent reflected signal power at the reflecting point,

which has a delay of τ and a Doppler frequency shift of f ; r is the position relative to
the specular reflection point; PT is the satellite launch power; GT and GR represent the
transmitter antenna gain and receiver antenna gain, respectively; λ is the wavelength of
the transmitted signal; Λ2 is the autocorrelation function of the GPS pseudorandom code;
S is the SINC function of the Doppler frequency shift; The product of functions Λ2 and
S2 illustrates the ambiguity function of the employed transmission waveform; |rT + r|
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represents the distance between the diffuse reflection point and the transmitter; |rR − r|
represents the distance between the diffuse reflection point and the receiver; σ0 is the
surface normalized bistatic radar cross section.

From Equation (27), it can be inferred that the incoherent reflection component varies
with changes in the ground reflection point. When the reflection point is in the vicinity of
the specular reflection point (τ ≈ 0, f ≈ 0), it can be approximated, as follows:

Pinc
R (0, 0) =

PTλ2GRGT

(4π)3r2
Rr2

T

·σ0·Ae f f (28)

where Ae f f represents the effective area on the surface corresponding to the ambiguity
function integrated over the surface with zero delay and Doppler offset, which can be
expressed in terms of the semi-major axis G1x and semi-minor axis G1y of the elliptical
reflection region as:

Ae f f =
2π

3
·G1x·G1y = π

(
G1m

2

)2
(29)

where G1x and G1y can be expressed as (30) and (31); G1m represents the effective diameter
of the reflection area Ae f f , which is proportional to the geometric mean of the semi-major
and semi-minor axes.

G1x =
1

Dx cos θ

√
2c(rRrT)

B(rR + rT)
(30)

G1y = TG1x (31)

where c represents the speed of light, and B represents the bandwidth of the transmitted
signal; T =

(
Dx/Dy

)
cos θ, which in the limit that the delay ambiguity function entirely

determines Ae f f , where Dx and Dy represent the error induced by the Earth’s curvature.
Under the assumption that the reflected signal is predominantly incoherent and the coherent
part is neglected, the reflectivity can be expressed as a function of the normalized radar
cross-section, as shown below [49]:

Γ′ =
σ0MSS

exp(−ζ sec θ)
(32)

where MSS represents the mean square slope of surface roughness; ζ is the VOD of vegeta-
tion in the reflection aera; Γ′ represents the reflectivity without the influence of vegetation
and surface roughness, which can be expressed by the Fresnel reflection coefficient as:

Γ′ = |ℜ(θ)|2 (33)

As mentioned earlier, the different states of the reflecting surface have a complex
impact on the composition of the reflected signal. The calculation models that consider
only the coherent component or the incoherent component mentioned above are simplified
under the corresponding assumptions. In consideration of the actual state of the reflecting
surface, Wan et al. assumed that the coherent and incoherent components in the reflected
signal are of equal magnitude. They derived the expression for reflectivity in terms of radar
scattering cross-section as (34), where σ represents the radar scattering cross-section of the
reflective region [48]:

Γrl(θ) =
σ(|rT |+ |rR|)2

4π|rT |2|rR|2
(34)

Considering the impact of vegetation and surface roughness, Yueh et al. represented
the effective reflectivity as the weighted sum of coherent reflectance and radar cross-section,
i.e., [70]:

Γe f f = Γrl(θ) + Sσ (35)
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where S represents the weighting coefficient of the incoherent radar cross-section, which is
correlated with the distance between the transmitter and receiver to the specular reflection
point. It is expressed as:

S =
Ae f f (|rT |+ |rR|)2

4π|rT |2|rR|2
(36)

Similarly, Ae f f represents the effective reflective area, which is related to the ambiguity
function of the transmitted waveform. In their study, they express it as:

Ae f f =
∫

χ2(τ, f )dA (37)

where χ2 represents the Woodward ambiguity function, which is approximately the product
of functions Λ2 and S2 mentioned earlier in the text.

4.2. GNSS-R Soil Moisture Inversion with Machine Learning Method

ML, as a data-driven approach, has proven to be a powerful tool for environmental
monitoring, using the rapidly increasing amount of remote sensing data. Compared to
traditional physical and empirical models, ML methods can offer better scalability. [74]. De-
pending on the complexity of the model, ML methods can be classified into two categories:
traditional ML methods and deep learning methods. Traditional ML methods typically
include linear models, shallow neural network models, support vector machines, decision
tree-based learning methods, and ensemble learning methods. These methods are generally
considered simpler and more suitable for situations where the sample dataset is limited.
However, they may struggle to capture the periodicity and continuity of time-series data.
Deep learning models usually refer to neural network models that consist of multiple layers
(typically more than three layers) and have more complex network structures. Due to the
large number of network nodes in such models, a substantial amount of data is required to
solve the parameters of each node during the training process. The GNSS-R SM retrieval
method is essentially a process of solving a regression problem. When using a regression
equation for fitting, the results are subject to considerable errors due to factors such as
equation order limitations. However, ML methods can continuously approximate the actual
relationship as much as possible. It typically involves five processes: data preprocessing,
feature extraction, dataset splitting, model training, and model testing. The schematic
diagram of constructing the GNSS-R SM inversion model with the ML method is shown
in Figure 7.
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Data preprocessing is a pivotal step in the development of ML models to ensure
optimal performance. Key components of this process include the management of outliers
and missing values, data normalization, and discretization. Among these, the handling
of outliers and missing values is particularly crucial. The most effective strategies for
addressing these challenges typically involve:

• Integration of multiple data sources: Collecting various data sources to obtain more
comprehensive and accurate information.

• Data augmentation technology: Using interpolation, regression, and other meth-
ods to expand and simulate data, improving the representativeness and quantity of
the dataset.

• Modeling of spatial and temporal distributions: Establishing models of spatial and
temporal distributions can effectively utilize existing data and deduce relevant infor-
mation for unknown areas or time periods.

In GNSS-R SM retrieval, feature extraction is pivotal. It involves selecting observa-
tional data parameters that are closely associated with the desired outcomes for use in
constructing predictive models. In the field of GNSS-R SM retrieval, the typical approach
involves choosing surface reflectivity, signal strength, and incidence angle as input features.
To enhance retrieval accuracy, as mentioned earlier, additional environmental characteristic
parameters are being incorporated as auxiliary data in model development. These carefully
selected parameters play a crucial role in capturing the fundamental information required
for accurately estimating SM using GNSS-R technology. However, the effectiveness of
feature selection may be impacted by feature correlation and an insufficient or excessive
number of features. Therefore, it is essential to fully consider these factors during the
feature selection process, and the following methods can be used:

• Empirical analysis: Utilizing professional knowledge, domain expertise, and statistical
analysis to conduct feature analysis and eliminate irrelevant features.

• Wrapper evaluation method: This approach is a feature selection method that utilizes
ML models to evaluate different subsets of features and selects the combination of
features that perform best in terms of model performance.

• Principal component analysis: Reduces dimensionality by transforming original vari-
ables into principal components. By selecting the principal components with the
highest variance, important information is effectively retained, while irrelevant or
redundant features are removed.

• Embedded methods: Such as LASSO and Ridge regression, are employed directly
in model construction for feature selection. These methods reduce the influence of
irrelevant features by penalizing large coefficients through regularization, thereby
balancing model complexity with predictive accuracy.

The process of dataset partitioning involves dividing the specified attribute and label
data into training, validation, and testing sets, which are used, respectively, for model
learning and testing. The training phase is the main step in ML methodologies, wherein the
model iteratively adjusts its parameters to minimize the loss function, thereby optimizing
performance. Effective parameter adjustment, essential for reducing the loss function,
can be achieved through various methods. Traditional optimization techniques, such
as simulated annealing, are commonly employed for parameter tuning. Additionally,
advanced technologies, like GridSearchCV and the Optuna framework, are instrumental
in hyperparameter tuning and optimization. Model testing represents the final step in
obtaining an ML model, aiming to evaluate its generalization capability and performance,
thereby ensuring the effectiveness of the ML model.

In general, the introduction of ML methods has significantly advanced GNSS-R SM
retrieval research. Firstly, it overcomes the limitations of traditional fitting equations,
avoiding approximations and the need for complex parameters in the computation process
of empirical and physical models, thereby simplifying the model construction process.
Moreover, they can mitigate the impact of various other factors on the GNSS-R SM inversion
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method, such as the inclination of the signal reflection surface and discrepancies among
different signal transmission channels. These elements can be optimized as systematic
errors during the model building phase.

5. Development Prospects Discussion

As is well-known, extensive research has been conducted on GNSS-R SM inversion
in the past few decades, focusing on both platforms and model construction methods.
Various detection modes have been developed, as depicted in Figure 8, enabling spatial
monitoring resolutions that range from several meters to thousands of meters. However, it
is crucial to note that, as previously mentioned, the impact of reflected signals during signal
transmission encompasses multiple factors, such as SM, surface roughness, and vegetation.
It is a highly intricate process and has been comprehensively described by Wu et al. in
their study [75]. Currently, the analysis of vegetation effects heavily relies on ML methods
or simulation models that utilize vegetation index as prior knowledge. Examples of such
models include the Bi-MIMICS models [76], Water Cloud models [77], MIMICS models [78],
and Clump models [79], amongst others. Furthermore, as mentioned earlier, the accuracy
of the model is also affected by other factors such as elevation, slope, and soil texture,
amongst others. In order to enhance the precision of the model, an increasing amount
of auxiliary data is being utilized in the model construction process in current research.
Nonetheless, this reliance on auxiliary data imposes limitations on the further advancement
of the GNSS-R SM inversion method, impeding its progress as an independent and highly
accurate SM monitoring technique. In addition, although airborne platforms can provide
observations at a medium to small-scale, they may not meet the continuous long-term
monitoring requirements. Therefore, it is necessary to conduct downscaling studies on
spaceborne observation data. In order to further enhance the practical application ability of
the GNSS-R SM remote sensing method and better supplement the SM inversion method
and product, here are some potential directions for future research, summarized as follows:

(1) Implementing multi-objective data inversion based on multi-system observation data
fusion and multi-task learning (MTL) method. MTL is a TL approach that enhances
model generalizability and efficiency by jointly learning across several related do-
mains. The aim of MTL is to maximize model extrapolation and enhance performance
across one or more tasks. All domains share a common feature set, while their learning
tasks are distinct yet interrelated [80]. As noted, the reflectivity of GNSS signals is
mainly affected by the combined influence of vegetation, surface roughness, and
SM [70]. This research proposes using MTL to concurrently retrieve SM, vegetation
index, and surface roughness. In theory, acquiring three target parameters simulta-
neously necessitates additional input features to satisfy the conditions for solving a
closed system of equations. The data from FY-3E and Spire satellites present a feasible
solution. These satellite systems can concurrently provide GNSS-R data from GPS,
BDS, and Galileo satellites. Owing to the distinct carrier frequencies, code rates, and
chip lengths of each satellite system, their respective reflection characteristics exhibit
certain variances. The paper posits that the variability in these reflection characteris-
tics can serve as a shared training set for multi-task learning, enabling the concurrent
inversion of the three target parameters.

(2) Introducing fine-tuning methods in deep learning (DL) to improve model generaliza-
tion ability. ML methods are data-driven models, whose generalization capabilities
are directly influenced by the training dataset. When the geographical spatial en-
vironment changes, directly applying ML models trained on the original dataset to
new target tasks often results in poor performance. Therefore, current research often
involves augmenting model input features with auxiliary data to accurately reflect
characteristics such as the composition and spatial features of surface soil, thereby
improving the model’s inversion accuracy. As is known, features like soil texture,
elevation, and slope in a specific study area usually do not change significantly in the
short term. In such cases, adjusting existing models for the target area can further
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enhance model generalization without relying on auxiliary data. The method of fine-
tuning in TL is aptly suited to address this issue. Fine-tuning is a method where the
model trained on a source domain is subsequently adapted to a target domain. This
approach is advantageous, as it leverages existing models and data to quickly adapt to
the characteristics of the target domain. In the context of deep neural networks, initial
layers tend to capture general features, whereas later layers are more focused on spe-
cific tasks [81–83]. Therefore, in GNSS-R SM retrieval studies, researchers can freeze
the weights of the initial layers of pre-trained DL architecture and fine-tune or retrain
the last few layers. This customization enables the application of existing models and
data to new soil types or regions, enhancing the model’s predictive capabilities.

(3) Construction of small models based on spatiotemporal analysis and spatial feature
fusion. In research areas with relatively mature and stable vegetation cover or in
farmlands with consistent crop types, the vegetation indices typically exhibit distinct
spatiotemporal variation characteristics. Based on the hypothesis proposed by Yin
et al., which assumes that soil roughness (topography) and soil texture remain constant
over time at a given location, analyzing these characteristics and segmenting them on
a temporal scale to construct small models integrating spatial features can achieve
accurate inversion results without relying on auxiliary data [57]. In our current
research, we conducted experiments on a monthly scale and achieved favorable
inversion results. It should be noted that in our study, we directly utilized the spatial
location information of reflection points as input features. The results indicate that
ML methods based on classifiers, such as Random Forest and XGBoost, yield good
inversion outcomes. However, the use of Fully Connected Neural Networks (FCNNs)
was less effective. This is attributed to the lack of a direct physical relationship
between SM and the spatial location information of the reflection points. For future
research, researchers can explore the construction of vegetation spatial feature indices.
If an index that maps vegetation indices to spatial distributions can be developed, this
concept could be applied to more model construction methods, thereby enriching the
research methodologies in this field.

(4) Deepening the research on the downscaling of spaceborne observation data. Current
research in SM inversion using GNSS-R extends from ground-based to spaceborne
observation models, offering spatial resolutions ranging from several meters to thou-
sands of meters. Notably, medium to small-scale remote sensing data, primarily
provided by airborne observation platforms, play a crucial role in hydrological moni-
toring and agricultural applications. However, it is important to note that these scales
of observation, while valuable, are challenging to maintain over extended periods and
large areas due to the limitations of airborne platforms. Although ground-based obser-
vation methods offer high spatial resolution, they fall short in meeting the needs for
global data observation. Consequently, research on the downscaling of satellite obser-
vation data is essential. Jia et al. have developed a mapping model for CYGNSS and
SMAP SM data by integrating CYGNSS data with land type, which successfully down-
scaled 9 km SM products to 3 km resolution. Meanwhile, the downscaled data exhibit
good consistency with the corresponding in situ data [84]. As is known, SM is intri-
cately linked to soil texture, vegetation evapotranspiration, and the spatial positioning
of observation points, amongst others. To enhance the accuracy and generalizability
of the downscaling model, future research could benefit from fine-tuning approaches
tailored to specific target areas. In addition, Carreno-Luengo et al. have introduced an
enhanced multi-scale CYGNSS data product with higher spatial resolution [85]. This
advancement contributes to research on downscaling GNSS-R SM products, further
enhancing the spatial resolution and accuracy of downscaled products.
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6. Conclusions

With the development of GNSS technology, it has provided a new approach for SM
retrieval by analyzing the sensitivity of its L-band signals to SM. Compared with other SM
remote sensing methods, GNSS-R possesses unique advantages. For instance, unlike optical
remote sensing methods that rely on clear skies, GNSS signals can penetrate clouds, fog,
and even vegetation. This means that researchers can collect data continuously regardless
of weather conditions, providing valuable insights into dynamic environmental processes.
It also enables monitoring in regions with persistent cloud cover, such as tropical rainforests
or polar regions, where other remote sensing methods may face limitations. Additionally,
compared to current microwave SM remote sensing methods, its revisit time is shorter and
does not require signal-emitting devices like active microwave remote sensing method,
significantly reducing the research investment.

In order to improve the inversion accuracy and generalization ability of GNSS-R SM
retrieval models and to enhance its practical application potential in environmental resource
monitoring, hydroclimatology research, agricultural production guidance, and other fields,
this paper provides a detailed review of existing research methods and prospects for
future development. The paper first explains the advantages of the GNSS-R SM retrieval
method over traditional SM monitoring methods, indicating the research’s importance in
practical applications. Then, the existing research methods were classified into ground-
based, airborne, and spaceborne modes according to different observation platforms, and
a detailed review and analysis of the existing research was conducted. Furthermore, it
elucidates the data processing flow, characteristics, model construction principles, and
methods of different inversion techniques. Finally, the paper identifies the limitations of
the current GNSS-R SM retrieval method and provides prospects for future development.
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