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Abstract: The Global Navigation Satellite System Interferometric Reflectometry (GNSS-IR)
has demonstrated significant potential for soil moisture content (SMC) monitoring due to
its high spatiotemporal resolution. However, GNSS-IR inversion experiments are notably
influenced by vegetation and meteorological factors. To address these challenges, this study
proposes a multi-factor SMC inversion method. Six GNSS stations from the Plate Boundary
Observatory (PBO) were selected as study sites. A low-order polynomial was applied to
separate the reflected signals, extracting parameters such as phase, frequency, amplitude,
and effective reflector height. Auxiliary variables, including the Normalized Microwave
Reflection Index (NMRI), cumulative rainfall, and daily average evaporation, were used to
further improve inversion accuracy. A multi-factor SMC inversion dataset was constructed,
and three machine learning models were selected to develop the SMC prediction model:
Support Vector Regression (SVR), suitable for small and medium-sized regression tasks;
Convolutional Neural Networks (CNN), with robust feature extraction capabilities; and
NRBO-XGBoost, which supports automatic optimization. The multi-factor SMC inversion
method achieved remarkable results. For instance, at the P038 station, the model attained
an R2 of 0.98, with an RMSE of 0.0074 and an MAE of 0.0038. Experimental results indicate
that the multi-factor inversion model significantly outperformed the traditional univariate
model, whose R2 (RMSE, MAE) was only 0.88 (0.0179, 0.0136). Further analysis revealed
that NRBO-XGBoost surpassed the other models, with its average R2 outperforming SVR
by 0.11 and CNN by 0.03. Additionally, the analysis of different surface types showed
that the method achieved higher accuracy in grassland and open shrubland areas, with
all models reaching R2 values above 0.9. Therefore, the accuracy of the multi-factor SMC
inversion model was validated, supporting the practical application of GNSS-IR technology
in SMC inversion.

Keywords: GNSS-IR; SMC; satellite signal; environmental features; NRBO-XGBoost

1. Introduction
Soil moisture content (SMC) is an important component of the water cycle, and high

spatiotemporal resolution SMC monitoring is crucial for agricultural production, ecological
conservation, and meteorological research [1–4]. Currently, SMC monitoring primarily
relies on field observations, satellite remote sensing, and data assimilation [5–7]. Field
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measurement methods, such as the oven-drying method, Time Domain Reflectometry [8],
and Frequency Domain Reflectometry [9], can provide high-precision data. However,
due to spatiotemporal and geographical constraints, it is difficult to achieve large-scale,
long-term monitoring [10]. Satellite remote sensing technologies, including active/passive
microwave remote sensing [11,12], optical remote sensing [13], and multi-source remote
sensing [14], offer significant advantages for large-scale SMC monitoring. However, they
struggle to meet accuracy requirements in small-scale studies, such as in the construction of
small watershed hydrological models, precision agriculture, and environmental monitoring.
Although model simulations and data assimilation can improve prediction accuracy, they
are limited by the accuracy of the input data [15]. GNSS-IR has been widely used to
invert surface environmental parameters owing to its advantages, including low cost, high
spatiotemporal resolution, and strong cloud penetration capabilities [16–18].

Numerous researchers have made significant advancements in GNSS-IR-based SMC
inversion in recent years [19]. Larson et al. introduced a linear model for SMC inversion by
separating the phase of GPS L2 band reflected signals [20]. Pierdicca validated the feasibil-
ity of GNSS-IR-based SMC inversion by developing a theoretical model, with simulation
results showing trends consistent with experimental data [21]. Chew et al. carried out
a comprehensive analysis on the relationship between SMC and phase, amplitude, and
frequency, finding that phase has the highest correlation with SMC [22]. Tabibi inverted
SMC using the L5 band, and the inversion results were more consistent with those of the
L2 band [23]. Researchers have proposed various improvement methods to enhance the
accuracy of SMC inversion. Han proposed a semi-empirical signal-to-noise ratio (SNR)
model, which further improved the inversion accuracy [24]. Liang improved the issue
of sudden jumps in single-satellite inversion by using a sliding window-based selection
mechanism [25]. Jin obtained better inversion results by integrating dual-frequency phase
observations using the entropy method [26]. Additionally, the introduction of the ampli-
tude attenuation factor (AAF) significantly improved the accuracy of SMC inversion [27].
Meanwhile, Zhu’s experiment demonstrated that better results can be obtained in SMC
inversion with satellite elevation angles ranging from 5◦ to 30◦ and arc lengths exceeding
20◦ [28].

Currently, most GNSS research is conducted under bare-soil conditions, but in prac-
tical applications, it is inevitably affected by vegetation effects. Lv proposed using mul-
tivariate adaptive regression splines (MARS) to mitigate the impact of vegetation during
SMC inversion, and the model achieved promising results [29]. Using empirical mode
decomposition significantly enhances the precision of SMC inversion [30]. In addition,
the integration of triple-frequency signals can also enhance inversion accuracy [31]. The
NMRI derived from multipath data can effectively minimize the influence of vegetation
water content [32,33]. However, traditional linear models struggle to account for the inter-
active effects of multiple surface factors, whereas machine learning algorithms construct
input-output mappings through training data, effectively capturing nonlinear and latent
relationships. Pan et al. successfully inverted vegetation water content by integrating GNSS-
IR and MODIS data [34]. Ding inverted SMC using a backpropagation neural network,
Gaussian process regression, and random forest models, with the random forest achieving
the highest accuracy [35]. Zhang utilized an integrated machine learning approach with
satellite-based GNSS-R and multisource remote sensing data to invert vegetation water
content [36]. Li significantly improved the correlation between feature parameters and SMC
using the improved HVCE fusion method [37]. Huang employed the machine learning
model SSA-ELM to invert SMC, achieving greater model accuracy compared to the BP
neural network [38].
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In the aforementioned studies, the inversion of SMC typically relied on a single
SNR feature parameter, leading to insufficient model robustness and a tendency toward
overfitting. While existing methods focus on reducing vegetation interference, they fail
to adequately address the potential impact of climate, surface characteristics, and other
environmental factors on inversion results. Some studies directly input real-time rainfall
data into models, overlooking the delayed cumulative effects of precipitation. Although
Xian et al. eliminated temporal interference by developing a cumulative precipitation
correction strategy, they did not consider other influencing factors [39]. Therefore, to
achieve more accurate SMC inversion, it is essential to consider multiple environmental
factors from various sources and mitigate their interference with inversion results.

In this study, plots with different vegetation coverage types were studied. By ex-
tracting GPS satellite observation data, including phase, frequency, amplitude, NMRI,
and Heff, and incorporating environmental factors such as cumulative precipitation and
evaporation, a multi-factor inversion dataset was constructed. Subsequently, SVR, CNN,
and NRBO-XGBoost models were employed to develop the SMC inversion model. The re-
search objectives include: (1) comparing and analyzing the correlation between NMRI and
vegetation water content; (2) evaluating the performance of traditional single-factor SMC
inversion models versus multi-factor SMC inversion models; (3) assessing the effective-
ness of the multi-factor SMC inversion model under different vegetation cover conditions;
and (4) analyzing the performance of SVR, CNN, and NRBO-XGBoost in multi-factor
SMC inversion.

2. Materials and Methods
2.1. Methodology

The GNSS satellite signal reflects off environmental surfaces such as the ground,
buildings, and vegetation during the propagation process, forming a reflection signal (Ar).
The direct (Ad) and reflected (Ar) signals combine at the GNSS antenna junction to form
a relatively stable interference signal (Figure 1) [20]. The ground-based GNSS receiver
captures the interference signal, which is recorded as the SNR.
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The reflection characteristics of the object’s surface determine the interference phe-
nomenon. The phase and frequency changes of the reflected signal are strongly linked
to the physical properties of the surface, including its dielectric constant and roughness.
Therefore, by analyzing the characteristics of the interference signal, the properties of the
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surface can be deduced. The mathematical model for the SNR recorded by the receiver is
given by [20,40]:

SNR2 = A2
d + A2

r + 2Ad Ar cos φ(t) (1)

In the equation, Ad and Ar represent the amplitudes of the direct and reflected signals,
respectively, φ is the delay phase, in view of the numerical difference between the multipath
straight and reflection components, Ad ≥ Ar. In addition, with the variation in the GNSS
satellite’s elevation angle, changes to Ad, Ar and φ, lead to fluctuations in the SNR, with
the overall trend of the SNR following a parabolic curve. By removing the amplitude
components from the direct signal and a few multipath reflections, the remaining reflection
components can be approximately represented using a cosine function model [35]:

SNRr = Ar cos(
4πH

λ
sin θ + φ) (2)

In the equation, SNRr represents the residual sequence at low elevation angles contain-
ing reflection information, Ar represents the reflected signal’s amplitude, H is the antenna
height, θ represents the satellite elevation angle, λ represents the wavelength, and φ denotes
the delay phase. Suppose t = sin θ, f = 2H, then Equation (2) can be expressed as [33]:

SNRr = Ar cos(2π f t + φ) (3)

By performing LSP spectral analysis on the reflected signal, the frequency f is obtained.
Subsequently, Ar and φ can be obtained through fitting. Studies have shown that the
frequency, amplitude, and phase of the satellite reflected signal exhibit a strong correlation
with the SMC, which can be utilized for its inversion [20,41].

2.2. Sites and Data
2.2.1. Study Area

This study utilizes data from six Plate Boundary Observatory (PBO) stations across
the U.S.: P038, P389, P309, P472, P742, and Bkap (https://data.unavco.org/archive/gnss/
rinex/, accessed on 14 April 2024). The selected stations are located in the western United
States (Figure 2), covering a range of climate zones, including semi-arid (P038, New Mexico),
temperate continental (P389, Oregon), Mediterranean (P309, P472, P742, California), and
desert (Bkap, Mojave Desert). During the observation period, the total accumulated rainfall
at P038 reached 200 mm, with a single-day peak of 39.1 mm, while the maximum single-
event rainfall at P472 did not exceed 5 mm (Figure 3). The vegetation types at each site
are shown in Table 1. The receivers used in the experiment are capable of receiving dual-
frequency GPS L1/L2 data with a sampling interval of 15 s. Based on the first Fresnel zone
model, a signal reflection area was constructed (Figure 4) to quantify the impact of surface
reflections on multipath effects.

Table 1. Site location and receiver related parameters.

Station Type of Land
Cover Longitude Latitude Mean

Sea Level Receiver Type Antenna
Type

Sampling
Interval

P038 grassland −103.4073 34.147255 1236.51 TRIMBLE NETRS TRM29659.00 15S

p389 open shrubland −120.6033 43.811988 1416.8 TRIMBLE NETRS TRM29659.00 15S

p309 savannas −120.9512 38.08999 71.99 TRIMBLE NETRS TRM29659.00 15S

p472 woody savannas −117.1047 32.889208 172.02 TRIMBLE NETRS TRM29659.00 15S

p742 cultivated land −116.6026 33.495542 1175.09 TRIMBLE NETRS TRM29659.00 15S

Bkap barren -116.080 35.287048 252.03 TRIMBLE NETRS TRM29659.00 15S

https://data.unavco.org/archive/gnss/rinex/
https://data.unavco.org/archive/gnss/rinex/
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SMC and rainfall data are obtained from the International Soil Moisture Network,
which is widely used in SMC inversion studies due to its high quality and representative-
ness. Evaporation data are calculated using the Hargreaves method, with relevant data
also sourced from this network. The NDVI is obtained from Sentinel-2 imagery through
the Google Earth Engine platform. Operated by the European Space Agency, Sentinel-2
provides a 10-m resolution, making it ideal for vegetation dynamics monitoring (Table 2).

Table 2. Data sources.

Data Source Time Sequence

Precipitation
International Soil Moisture Network
https://ismn.earth/en/dataviewer/

(accessed on 14 April 2024)
daily data

SMC
International Soil Moisture Network
https://ismn.earth/en/dataviewer/

(accessed on 14 April 2024)
daily data

Evaporation Calculation of the Hargreaves Equation daily data

Temperature (Maximum,
Minimum, Average)

International Soil Moisture Network
https://ismn.earth/en/dataviewer/

(accessed on 14 April 2024)
daily data

NDVI
Google Earth Engine

https://code.earthengine.google.com/
(accessed on 29 May 2024)

7 day

https://ismn.earth/en/dataviewer/
https://ismn.earth/en/dataviewer/
https://ismn.earth/en/dataviewer/
https://code.earthengine.google.com/
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2.2.2. Data Processing Workflow

This study processes GNSS data using the MATLAB R2022b platform, with the follow-
ing technical workflow (Figure 5): (1) The observation files and broadcast ephemeris are
processed using GIRAS 2021, an open-source software package. After quality control is ap-
plied to remove anomalous data, the frequency, amplitude, and phase of the reflected signal
are estimated based on the satellite’s elevation angle, azimuth angle, and SNR parameters.
The NMRI and Heff are then obtained from multipath observations and Lomb–Scargle
spectral analysis, respectively. (2) An entropy-based fusion method is used to integrate
multi-satellite observation data, and the correlation between the fused NMRI and NDVI is
verified. (3) Pearson correlation analysis is performed between the feature parameters of
multi-satellite reflected signals (frequency, amplitude, phase, NMRI, and Heff), key climate
factors (average temperature, daily rainfall, cumulative rainfall, and evaporation), and
SMC. The optimal variables are selected to construct a multi-factor dataset. (4) The dataset
is separated into training and testing subsets, and the SVR, CNN, and NRBO-XGBoost
inversion models are developed and evaluated for accuracy.
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2.3. GNSS-IR Soil Moisture Inversion Dataset
2.3.1. Extraction of Reflection Signal Feature Parameters

The trajectory of the satellite reflection point is determined by the elevation angle,
azimuth angle, and antenna height, which together describe the satellite’s position relative
to the receiver [42]. Therefore, the azimuth angle can be reasonably selected according to
the reflection point trajectory to maintain consistency with the surrounding environment
(Figure 6).

The SNR of low-elevation satellites is significantly affected by multipath effects, ex-
hibiting periodic oscillations. As the elevation angle increases, antenna gain improves,
leading to a more stable SNR [22,43]. Figure 7a illustrates the oscillatory characteristics of
the SNR at lower satellite elevation angles, while Figure 7b presents the detailed results
of SNR sequence detrending. The blue line denotes the original SNR; the red line denotes
the fitted direct signal; the black line indicates the reflected signal; the red rectangular
box represents the oscillation characteristics of SNR when the satellite elevation angle is
between 5◦ and 30◦. The reflected signal contains the required key parameters such as
phase, frequency, amplitude, and Heff. In this experiment, suitable azimuth and elevation
angles (Table 3) were selected based on the vegetation coverage at each site (Figure 3).
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Figure 7. (a) P038 (DOY:145 PRN: G10) SNR data for GPS satellite. The red rectangular box represents
the oscillation characteristics of SNR when the satellite elevation angle is between 5◦ and 30◦.
(b) Figure (a) on the left shows the SNR data within the red rectangle, including separated reflected
signals. The blue line represents the original SNR data, the black line represents the reflected signal
data, and the red line represents the curve of the low-order polynomial model.

Table 3. Satellite azimuth, elevation angle, and reflection height.

Station Azimuth Angle Elevation Angle Receiver Height

P038 0~230◦ 5~30◦ 0.83
p389 180~360◦ 5~30◦ 0.83
p309 60~240◦ 5~30◦ 0.83
p472 0~250◦ 5~30◦ 0.83
p742 240~360◦ 5~30◦ 0.83
Bkap 45~250◦ 5~30◦ 0.83

2.3.2. Normalized Microwave Reflection Index

NDVI is widely applied for retrieving VWC [44]. In a specific region, as NDVI in-
creases, the reflection of microwave signals from the soil surface gradually weakens [32].
Therefore, NDVI can effectively reflect the extent to which vegetation affects the signal.
Under different vegetation cover conditions, the NMRI, calculated from GNSS pseudor-
ange multipath errors, fluctuates with changes in vegetation growth. The trend of NMRI
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variations closely aligns with that of NDVI, indicating a strong correlation between the two
(Figure 8) [45]. The pseudorange multipath error of the L1 carrier (MP1) is as follows:

MP1 = P1 −
f 2
1 + f 2

2
f 2
1 − f 2

2
λ1 φ1 +

2 f 2
2

f 2
1 − f 2

2
λ2 φ2 (4)

where, P1 represents the pseudorange observation on the L1 carrier, f represents the
frequency of the band, λ1 = 0.19 m, λ2 = 0.24 m, and φ represents the phase of the carrier.
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Figure 8. Scatter plot trend between NDVI and NMRI. Gray dots represent NMRI, while dark green
dots represent NDVI.

According to the epoch-changing MP1, the daily RMS of MP1 for each satellite is
calculated. Subsequently, the weighted sum of the daily observations of each satellite is
used to calculate the RMS of the daily MP1. NMRI is expressed as:

NMRI =
max(RMSMP1)− RMSMP1

max(RMS)
(5)

In the equation, RMSMP1 represents the RMS value of MP1 for a single day;
max(RMSMP1) is the average value of RMSMP1, derived from the upper 5% of RMSMP1

values arranged in descending order.

2.4. Construction of the SMC Inversion Model and Evaluation of Model Accuracy

This study employs machine learning techniques to construct an SMC prediction
model. It is assumed that there exists a nonlinear relationship between the SMC and
multiple feature variables (x1, x2, . . ., xn), and the model can be expressed as follows:

ŷSMC =

 ∑m
i=1 αiK(xi, x) + b

σ(WLσ(WL−1 · · · σ(W1x + b1) + bL−1) + bL)

∑T
k=1 treek(x1, x2, . . . , xn)

 (6)

In the equation, the prediction of SVR is obtained through a weighted summation
calculated by kernel functions and Lagrange multipliers. Neural network predictions are
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derived from a series of multi-layer nonlinear mappings of weight matrices and bias terms.
XGBoost predictions are obtained by combining the outputs of several decision trees, with
each tree’s output corresponding to the prediction for input features x1, x2, . . ., xn.

2.4.1. Support Vector Regression

Support Vector Regression is built upon Support Vector Machines, designed to effec-
tively address nonlinear regression problems by mapping data into a high-dimensional
space [46,47]. Assuming the training samples (xi, yi), where i = 1, . . ., N, the SVR regression
model is as follows:

minR(ω, b, ξ) =
1
2
∥ ω ∥2 +C

1

∑
i=1

(ξi + ξ∗i ). (7)

Subject to the following constraints:

s.t. =


yi − f (xi) ≤ ϵ + ξi

f (xi)− yi ≤ ϵ + ξ∗i
ξi, ξ∗i ≥ 0

(8)

In Equation (7), ∥w∥2 represents the sum of the squares of the weight vector, which
indicates the complexity of the model. ξi and ξ∗i are the slack variables used to handle
samples with errors greater than ε. C is the regularization parameter, used to balance the
model’s complexity and training error, while ϵ is the error tolerance, controlling the model’s
tolerance for errors.

For Equation (7), The original problem’s optimal solution is usually obtained by
solving the Lagrange dual problem of the above model:

f (x) =
1

∑
i=1

(αi + α∗i )K(xi + xj) + b (9)

where K (xi + xj) is called a kernel function, satisfying the Mercer condition and K(xi + xj) =

Φ(xi)Φ(xj) The radial basis function (RBF) is a universal type of kernel.

K(x, x′) = exp
(
−∥ x − x′ ∥2

2σ2

)
= exp

(
−γ ∥ x − x′ ∥2

)
(10)

Here, σ > 0 represents the kernel width coefficient, and γ = 1/σ2. In this study, the
regularization parameter C is set to 4.0, the error tolerance ε is 0.01, and γ is 0.8.

2.4.2. Convolutional Neural Network

Convolutional Neural Networks, common in fields like imaging and natural language
processing, are characterized by local connections and weight sharing [48–50]. The core
idea is to extract features through convolutional layers, progressively learning from the
data at each layer. These features are then integrated for regression analysis. During CNN
training, the weights are typically updated using the backpropagation algorithm. The
convolutional layer is defined as:

X I
j = σ

 ∑
i∈Mj

X I−1
i × X I

ij + bI
j

 (11)

In the equation, X I
j represents the input to the j convolutional kernel of the I layer, and

is also the output of the I − 1 layer. σ denotes the activation function, and Mj denotes the
set of input mapping layers. X I

ij represents the convolution kernel, bI
j is called the bias term.
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The fully connected layer is expressed as follows:

X I+1(j) =
n

∑
i=1

W1
ij · x1

j + b1
j (12)

where XI+1(j) represents the value of the j output neuron in the I + 1 layer, and W I
ij is the

weight matrix of the j convolutional kernel in the i layer. In this study, the convolutional
kernel size is set to 3 × 1. To extract higher-level features, the first layer consists of
16 neurons, and the second layer contains 32 neurons. The starting learning rate is 0.01, the
activation function uses ReLU, and SGDM is used as the optimization strategy.

2.4.3. Newton–Raphson-Based Optimization XGBoost

(1) Newton–Raphson-Based Optimizer

The NRBO generates an initial random population within the candidate solution
boundaries to begin the search for the best solution [51]. Based on Np populations, each
consisting of fuzzy decision variables, the following holds:

xn
j = lb + rand ×

(
ub − lb), n = 1, 2, · ··, Npand j = 1, 2, · · ·, dim (13)

In this expression, xn
j represents the j dimension of the n population’s position, and

rand is a value randomly chosen from the range (0, 1). dim represents the problem dimension,
lb indicates the variable’s lower limit, and ub represents its upper limit. The population
matrix encompassing all dimensions is given by the following equation:

xn =


x1

1 x1
2 · · · x1

dim
x2

1 x2
2 · · · x2

dim
...

...
. . .

...

x
Np
1 x

Np
2 · · · x

Np
dim


Np×dim

(14)

NRSR is the core mechanism of NRBO, which accelerates the convergence of individ-
uals toward the optimal solution by utilizing the gradient and Hessian matrix through
the Newton–Raphson method. To avoid getting trapped in local optima, NRBO intro-
duces a mutation mechanism that uses the Newton–Raphson method with a Taylor series
expansion, updating the solution’s position using the first and second derivatives. The
RSR control vector further enhances the precision of regional exploration, and the second
derivative is expressed as:

f (x + ∆x) = f (x) + f ′(x0)∆x +
1
2!

f ′′(x0)∆x2 +
1
3!

f ′′′(x0)∆x3 + · · · (15)

f (x − ∆x) = f (x)− f ′(x0)∆x +
1
2!

f f ′′(x0)∆x2 − 1
3!

f ′′′(x0)∆x3 + · · · (16)

By subtracting or adding Equations (14) and (15), the formulas for f ′(x0) and f ′′(x0)

are given below:

f ′(x) =
f (x + ∆x)− f (x − ∆x)

2∆x
(17)

f ′(x) =
f (x + ∆x) + f (x − ∆x)− 2 × f (x)

∆x2 (18)

The updated version is as follows:

xn+1 = xn −
( f (xn + ∆x)− f (xn − ∆x))× ∆x

2( f (xn + ∆x) + f (xn − ∆x)− 2 × f (xn))
(19)



Agriculture 2025, 15, 837 12 of 25

To minimize computation time, the formula is modified to use the position xn instead
of the fitness value f (xn), thus the NRSR becomes:

NRSR = randn × (XW − Xb)× ∆x
2 × (XW + Xb − 2 × Xn)

(20)

In the equation: the function randn generates random numbers that follow a normal
distribution with a mean of 0 and a variance of 1, XW represents the least favorable position,
and Xb represents the optimal position. Consider the modification of the formula by NRSR,
which is rewritten as follows:

xn+1 = xn − NRSR (21)

To reduce the likelihood of being stuck in a local optimum, NRBO introduces a
trap avoidance operator (TAO). The TAO identifies possible trap areas by analyzing the
distribution of the current data set. When an individual is detected in a trap area, the TAO
applies a random mutation operation to help the individual escape, thereby increasing the
likelihood of the algorithm finding the global optimum.

(2) XGBoost

XGBoost (Extreme Gradient Boosting) is an extension and optimization of the Boost
idea. It adopts the framework of the Gradient Boosting Decision Tree (GBDT) and has been
significantly improved in terms of computational efficiency and model performance [52].
During training, XGBoost uses the predictions of the previous tree as new features, applying
gradient boosting to fit the residuals. The final prediction is the weighted average of the
outputs from all trees. The algorithm model is as follows:

f p
i =

l

∑
k=1

fk(xi) = f p−1
i + fi(xi) (22)

In the equation, f p(xi) represents the prediction generated by CART for the I input
sample during the P iteration. For the optimization objective Obj, XGBoost defines the loss
function as follows:

Obj(p) ∼=
n

∑
k=1

l(yi, yi) +
p

∑
k=1

δ( fi) (23)

where n denotes the sample quantity; δ refers to the training phase; yi is the dependent
variable in the I sample set, and yi denotes its mean value.

(3) NRBO-XGBoost

The NRBO-XGBoost model combines the strengths of Bayesian optimization and
XGBoost, employing non-stationary random Bayesian optimization (NRBO) to dynam-
ically fine-tune the hyperparameters of XGBoost, as shown in Figure 9. This method
efficiently searches for the optimal hyperparameter configuration in high-dimensional
space, thereby improving model accuracy. By leveraging second-order derivative informa-
tion, NRBO-XGBoost accelerates convergence and fine-tunes the hyperparameters with
precision, effectively preventing both overfitting and underfitting while reducing com-
putational costs. It is not only adept at handling complex, high-dimensional datasets
but also effectively circumvents local minima during the global optimization process [53].
NRBO-XGBoost is mathematically represented as:

ŷ = f (X, θ∗) (24)

where ŷ represents the model’s predicted output, X is the input feature matrix, and X
denotes the optimal set of hyperparameters obtained through NRBO optimization. θ∗
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is the optimal set of hyperparameters derived from NRBO optimization. The objective
of the optimization is to adjust the hyperparameters of XGBoost using robust Bayesian
optimization, which can be described as:

θ∗ = arg min
θ

E[L(X, θ)] + λR(θ) (25)

where L(X, θ) represents the loss function of XGBoost; E[L(X, θ)] is the expected outcome
of the objective function; R(θ) is regularization term, which controls the complexity of the
model; and λ is the regularization hyperparameter. In this study, NRBO was optimized
with 6 individuals, and the iteration count was set to 20. The TAO is 0.6 to prevent falling
into a local optimum. To achieve a better balance between sufficient training and stable
evaluation, 70% of the data are allocated for training, while 30% are reserved for testing.
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2.4.4. 5-Fold Cross-Validation

In traditional machine learning model evaluations, test errors often exhibit random-
ness, leading to unstable results [54]. In this research, a 5-fold cross-validation approach
was applied by randomly shuffling the samples and evenly dividing them into 5 subsets.
In each iteration, 4 of the 5 subsets were allocated for training, while the remaining 1 was
designated for model testing and evaluation. After 5 iterations, the average prediction
error was calculated as the final evaluation metric. This method makes full use of the
samples, so that each sample can participate in different combinations of training and
testing, effectively avoiding overfitting or underfitting.

2.4.5. Model Accuracy Evaluation

In this study, the coefficient of determination (R2), mean absolute error (MAE), and root
mean square error (RMSE) served as metrics to assess the model’s accuracy. R2 represents
the level of fit between the predicted and actual values. MAE represents the prediction
error, with a smaller MAE indicating better model performance. RMSE measures the degree
of data dispersion, with a smaller value suggesting closer agreement between predictions
and observations [55]. The formula is as follows:

MAE =
1
n

n

∑
i=1

|(yi − ŷi)| (26)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (27)
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R2 = 1 − ∑n
i=1 (yi − ŷi)

2

∑n
i=1 (yi − y)2 (28)

In these equations, n represents the sample size; yi represents the observed value of the i
sample; ŷi is the predicted value of the y sample; and represents the mean of all observed values.

3. Results and Analysis
3.1. Factor Selection

To enhance computational efficiency and minimize data redundancy, this study ap-
plied Pearson correlation analysis to explore the associations linking the characteristic
parameters of the reflected signal (frequency, amplitude, phase, NMRI, and Heff), key
climate factors (average temperature, daily rainfall, cumulative precipitation, and evapora-
tion), and SMC. This analysis aimed to identify the primary factors influencing the accuracy
of SMC inversion. Figure 10 presents the correlation analysis results for the P038, P389,
P309, P472, P742, and Bkap sites, displayed sequentially by row and column. The bubble
diameter (the larger the diameter, the stronger the correlation) and the chromatic gradient
(cold tones are negatively correlated; warm tones are positively correlated, and the darker
the color, the stronger the correlation) are used to quantify the correlation. Significance
levels are indicated using plus (*) markers.
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Among the characteristic parameters of the reflected signal, both phase and amplitude
exhibit a strong positive correlation with the SMC at each site, while Heff shows a significant
negative correlation with SMC [39]. NMRI shows a weak correlation with SMC, mainly
because of its strong correlation with VMC [45,56]. The correlation between evaporation and
daily average temperature with SMC is relatively similar, with evaporation at the P472 site
playing a more dominant role. Both daily rainfall and cumulative rainfall show a positive
correlation with SMC, with cumulative rainfall being more significant across the sites.

3.2. Soil Moisture Inversion Results
3.2.1. SMC Inversion Results Based on ∆φ, ∆Heff, and Amplitude

SMC inversion based on ∆φ, ∆Heff, and amplitude shows that, due to the combined
effects of system errors and environmental factors, the relationship between each indi-
vidual feature and SMC is not strictly linear (Figure 11). Among these, ∆φ shows the
highest correlation with SMC [57]. However, the inversion results still exhibit significant
discrepancies, particularly during and after rainfall events. Next, ∆Heff, which represents
changes in the signal penetration depth, shows varying correlations with SMC at different
depths. The correlation between amplitude and SMC is the lowest, resulting in the poorest
inversion performance. The modeling and validation phase revealed that single-parameter
inversion has limited capability to track the dynamic changes in SMC, with significant error
fluctuations. Therefore, relying solely on a single feature for SMC inversion often fails to
achieve sufficient accuracy.
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Figure 11. Single-factor SMC inversion results for station P389. The left graph shows the linear
fit of observed and predicted values for amplitude, ∆Heff, and ∆φ. In this graph, the green dots
represent individual soil samples, the red line is the regression line, and the gray shadow indicates
the 95% confidence interval. The right graph compares the observed values (red circles) with the
predicted values (green circles).

3.2.2. SMC Inversion Optimization Based on Multi-Factor Dataset

A multi-factor dataset, selected based on Pearson correlation analysis, served as the
foundation for constructing the SMC inversion model. To further evaluate model perfor-
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mance under different variable combinations, three variable combination schemes were
designed using the P389 station as an example: Scheme 1: Evaporation, daily rainfall,
amplitude, Heff, delayed phase, and frequency; Scheme 2: Average temperature, cumula-
tive rainfall, amplitude, Heff, delayed phase, and frequency; and Scheme 3: Evaporation,
cumulative rainfall, amplitude, Heff, delayed phase, and frequency. Figure 12 shows that
Scheme 3 achieved the best performance, with R2 = 0.98, RMSE = 0.0056, and MAE = 0.0025.
Compared to Scheme 1, R2 improved by 0.91%, while MAE and RMSE decreased by 0.0006
and 0.0019, respectively, demonstrating that cumulative rainfall is more effective than daily
rainfall in reflecting changes in SMC over a period following rainfall. Compared to Scheme
2, R2 increased by 1.4%, and MAE and RMSE decreased by 62% and 39%, respectively,
indicating that evaporation is a more direct indicator of the impact of climate change on
SMC than average temperature. Compared to the single-parameter model, the multi-factor
model improved R2 by 11.36%, and reduced MAE and RMSE by 0.0111 and 0.0123, respec-
tively. These results confirm that the multi-factor SMC inversion method can enhance the
stability of the model (Figures 11 and 12).
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Figure 12. Multi-factor SMC inversion results for station P389. (a) Linear fit of observed and predicted
values for three schemes, with colored dots indicating the degree of deviation from the observed SMC,
where redder colors represent a greater deviation. The shaded area represents the 95% confidence
interval. (b) Comparison between the observed and predicted values.
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3.2.3. SMC Inversion Results Using Multiple Features Under Different Vegetation
Cover Types

To further validate the general applicability of the multi-factor SMC inversion model,
SMC inversion experiments were conducted at six sites with different vegetation cover
types. Figure 13 illustrates the model’s predicted values and the corresponding SMC
reference values. The predicted values show strong temporal synchronization with the
observed data at all sites, particularly demonstrating high accuracy in monitoring soil
moisture responses after precipitation events. To further assess the model’s predictive
performance, the residual values for the selected sites were calculated, and the residual
plots are presented in Figure 14.
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Figure 13. Comparison of predicted values from each model with the observed SMC values (gray for
the training set, pink for the validation set). Red represents the observed SMC values, blue represents
the Libsvm predicted values, yellow represents the CNN predicted values, and green represents the
NRBO-XGBoost predicted values. The bar chart shows rainfall.

Among the six SMC inversion sites, the grassland (P038) and open shrubland (P389)
sites exhibited higher inversion accuracy, whereas the inversion accuracy for the shrub–
grassland (P309) and cropland (P742) areas were somewhat lower. The lowest inversion
accuracy was observed at the forest–shrub grassland (P472) and bare-soil site (Bkap) [58].
Additionally, the NRBO-XGBoost and CNN models produced smaller soil moisture predic-
tion residuals than the SVR model. Statistical results are provided in Table 4 for a clearer
insight into model performance.

Table 4. Inversion accuracy of each site.

Station Model R2 (All) R2 (Test Set) RMSE (Test Set) MAE (Test Set)

P038
SVR 0.9125 0.92808 0.0192 0.0104
CNN 0.9723 0.96766 0.0146 0.0068

NRBO-XGBoost 0.9895 0.98656 0.0094 0.0051

p389
SVR 0.9564 0.62564 0.0081 0.0065
CNN 0.9639 0.66195 0.0075 0.0059

NRBO-XGBoost 0.9879 0.83272 0.0053 0.0028
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Table 4. Cont.

Station Model R2 (All) R2 (Test Set) RMSE (Test Set) MAE (Test Set)

p309
SVR 0.8713 0.87394 0.0086 0.0060
CNN 0.8998 0.87991 0.0081 0.0056

NRBO-XGBoost 0.9513 0.92153 0.0067 0.0045

p472
SVR 0.6932 0.34031 0.0120 0.0089
CNN 0.8389 0.76487 0.0083 0.0054

NRBO-XGBoost 0.8337 0.64461 0.0121 0.0101

p742
SVR 0.8703 0.49402 0.0096 0.0059
CNN 0.9379 0.49045 0.0083 0.0062

NRBO-XGBoost 0.9521 0.66816 0.0082 0.0061

Bkap
SVR 0.6417 0.58505 0.0088 0.0069
CNN 0.8071 0.76544 0.0067 0.0049

NRBO-XGBoost 0.8968 0.83849 0.0069 0.0058
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4. Discussion
4.1. The Impact of Different Vegetation Cover on SMC Retrieval Accuracy and Mechanisms

The correlation analysis indicated a reduction in the amplitude and SMC correlation
coefficient at the and P472 sites, with values around 0.3. Data analysis showed that the
SMC at both sites fluctuated around 0.1 cm3/cm3, consistent with the correlation pattern
between surface amplitude and SMC in heterogeneous soils proposed by Jin (where the
correlation weakens when SMC < 0.1 cm3/cm3) [22]. However, despite the SMC at the P309
site also being below this threshold, a significant positive correlation of up to 0.7 is observed
(Figure 15). A comparison of vegetation parameters reveals that the site’s NDVI > 0.4 aligns
with the vegetation canopy effect on GNSS-R signal amplitude attenuation proposed by
Li [56], confirming that surface vegetation is the main factor driving the variability in the
relationship between amplitude and SMC.
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models. Color indicates the degree of deviation between measured and predicted values. Note:
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The multi-factor model significantly enhanced the accuracy of SMC inversion
(Figures 11, 12 and 15). However, despite the favorable GNSS-IR observation conditions at
the Bkap station (bare land)—such as no occlusions and an open field of view—the inver-
sion accuracy remained relatively low, with R2 = 0.89 (Figure 15f). This phenomenon can
be attributed to the high sensitivity of GNSS signals to soil dielectric constants (positively
correlated with moisture and negatively correlated with temperature [59]). As the station
is located in a desert climate zone with sparse vegetation and a surface roughness prone
to wind erosion, the reflected signal remains unstable over time [60]. The P472 (woody
savannas) station experiences significant interference in reflection signals due to the uneven
distribution of the vegetation canopy and low incidence angles (5–25◦) [61]. Experiments
show that the multi-factor SMC inversion model performs better for low-growing and
sparse vegetation, while complex vegetation and bare land (near desert areas) are more
susceptible to interference from climatic and natural conditions.

4.2. Impact of Model Selection on SMC Inversion Results

SVR achieves optimal regression by mapping data to a higher-dimensional space. The
CNN completes the regression through feature extraction and dimensionality reduction,
followed by the output of the feature map through the fully connected layer [45,55]. The
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NRBO-XGBoost model utilizes second-order derivatives (Hessian matrix) for numerical
optimization, enabling automatic hyperparameter selection and tuning [45]. A comparison
of the MAE for the three models at six stations (Figure 16) shows that NRBO-XGBoost
exhibits the lowest and most stable error distribution. Li compared the performance
of RF and XGBoost in SMC inversion on the Qinghai-Tibet Plateau (R2 = 0.83 and 0.85,
respectively), further confirming the stability of the XGBoost model [62]. CNN performs
next in line, with Xian using CNN for SMC inversion, achieving an R2 greater than 0.95,
which is similar to the results obtained for the P038 and P389 stations [39]. On the other
hand, SVR exhibits a significant deviation in error. Zhang used the SVR, BPNN, and
MARS models for SMC inversion at the P041 station, with SVR showing the poorest
performance [29]. It is evident that the NRBO-XGBoost model is more effective at capturing
the complex interactions between environmental factors and SMC.
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4.3. Research Constraints and Future Directions

Due to the long monitoring period of the GNSS-IR technology, factors such as vegeta-
tion cover type and climate change can affect data quality. To overcome these challenges,
this study developed a multi-factor SMC inversion model, which exhibited strong robust-
ness and reliability under various environmental conditions, offering a valuable reference
for future SMC inversion research. However, this research overlooked the influence of soil
type and surface roughness on inversion accuracy. Future work will involve more in-depth
investigations to improve the model’s stability.

The SMC monitoring range of a single GNSS station is limited to approximately
1000 square meters around the site. While it provides valuable local data, achieving large-
scale, high-precision SMC monitoring remains challenging. In contrast, InSAR technology
offers significant advantages in spatial resolution, enabling large-area observations. How-
ever, its temporal resolution is constrained by the revisit cycle, making it challenging to
capture rapid soil moisture dynamics. Based on this, future research could integrate GNSS’s
fine temporal resolution with InSAR’s extensive spatial coverage to generate SMC datasets
with enhanced spatiotemporal resolution.

5. Conclusions
As an essential indicator of the water cycle, high spatiotemporal resolution SMC

monitoring has important applications in precision agriculture and environmental protec-
tion. Given the limitations of GNSS-IR-based SMC inversion in data utilization and across
different scenarios, and considering the effects of vegetation and meteorological factors, a
multi-factor fusion model for SMC inversion was proposed. By integrating vegetation error
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correction, cumulative rainfall, average evaporation rate, and multi-GNSS multi-satellite
data, a comprehensive multi-factor database was established. Three distinct machine learn-
ing algorithms were developed for SMC inversion: SVR, CNN, and NRBO-XGBoost. The
experimental analysis led to the following conclusions:

Compared with traditional models, the multi-factor inversion model demonstrated
significant performance improvements, with R2 increasing by 8.2–24.1%, RMSE decreasing
by 75–84.7%, and MAE reducing by 86.1–91.1%. At the same time, the model performed
well across different sites, enhancing its overall applicability.

(1) Comprehensive analysis of different land cover types revealed that SMC inversion
demonstrated significantly higher accuracy in grassland and open shrubland areas
compared to other vegetation types.

(2) Based on MP1, the NMRI exhibited a significant correlation with NDVI, which sup-
ports correction of distortions in the reflected signal’s amplitude and phase induced
by VMC. However, errors increase when using the delayed phase to invert SMC
after rainfall, highlighting the need to consider the influence of rainfall on the de-
layed phase.

(3) The GNSS-IR technology was used to estimate SMC across different land types, and
the performance of three models—SVR, CNN, and NRBO-XGBoost—was compared.
The results showed that the NRBO-XGBoost model demonstrated higher stability.

The multi-factor SMC inversion model proposed in this study demonstrated robust
performance and reliability under various environmental conditions, providing a valuable
reference for future SMC inversion research. However, this study did not account for the
effects of soil type and surface roughness on inversion results. Future research will aim
to explore how soil type and surface roughness affect inversion accuracy, with the goal of
developing a more robust and stable inversion model.
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Abbreviation List

Abbreviation Full Form
AR Accumulated Rainfall
AAF Amplitude Attenuation Factor
CNN Convolutional Neural Networks
DEM Digital Elevation Model
GNSS Global Navigation Satellite System
GNSS-IR Global Navigation Satellite System Interferometric Reflection
GPS Global Positioning System
NDVI Normalized Difference Vegetation Index
NMRI Normalized Microwave Reflection Index
NRBO Newton–Raphson-Based Optimize
NRSR Newton–Raphson Search Rule
PR Precipitation
SMC Soil Moisture Content
SNR Signal-to-Noise Ratio
SVR Support Vector Regression
Tavg Average Temperature
VWC Vegetation Moisture Content
XGBoost Extreme Gradient Boosting
GEE Google Earth Engine
ESA European Space Agency
ET Evapotranspiration

Symbol Nomenclature

Symbol Description
Ad direct signal
Ar reflected signal
bI

j bias term

CART classification and regression tree
dim problem dimension
E[L(X,θ)] expected value of the objective function, accounting for noise and uncertainty
f frequencies
H antenna height
Heff effective reflective height
K (xi + xj) kernel function
L(X,θ) loss function of XGBoost
lb lower bounds
M j input mapping layers
MP1 pseudorange multipath error of the L1 carrier
MAE mean absolute error
P1 pseudorange observation on the L1 carrier
R2 coefficient of determination
R(θ) regularization term
rand random number between 0 and 1
randn normally distributed random number with mean 0 and variance 1
RBF radial basis function
RMSE root mean squared error
SNRr residual sequence of low elevation angle containing reflection information
TAO trap avoidance operator
ub upper bounds
W I

ij weight matrix of the j convolutional kernel in the i layer
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Symbol Description
∥w∥2 sum of the squares of the weight vector
X I

j input to the j convolutional kernel of the I layer, also the output of the I − 1 layer

X I
ij convolution kernel

XI+1(j) value of the j output neuron in the I + 1 layer
xn

j position of the j dimension in the population

θ∗ optimal set of hyperparameters derived from NRBO optimization
θ satellite elevation angle
λ wavelength
ξ slack variable
ϵ error tolerance
φ delay phase
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