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Abstract 
Global Navigation Satellite System-Reflectometry (GNSS-R) remote sensing 
technology, with its advantages of low cost, short revisit cycle, and high-pre-
cision positioning, has been widely applied in soil moisture retrieval. To im-
prove the accuracy of soil moisture retrieval, this paper proposes a Trans-
former-based fusion network (Transformer Fusion Network, TF-NET). TF-
NET leverages a multi-head self-attention mechanism to extract deep features 
from GNSS-R observation data and auxiliary data, and enhances the feature 
correlation between different data sources through a cross-attention mecha-
nism, thereby achieving high-precision soil moisture prediction. In this study, 
the Yellow River Delta was selected as the experimental area, and the Cyclone 
Global Navigation Satellite System (CYGNSS) and Tianmu Satellite were cho-
sen as the primary data sources. Due to the complementary spatial coverage 
of the two satellites, soil moisture was retrieved separately from each satellite 
data, and the results were spatially combined. In the validation process, soil 
moisture observation data from the Soil Moisture Active Passive (SMAP) sat-
ellite were used as reference data. Experimental results indicate that the joint 
use of CYGNSS and Tianmu satellite data significantly improves the accuracy 
and reliability of soil moisture retrieval. 
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1. Introduction 

Traditional soil moisture monitoring methods, including gravimetric, resistivity, 
and neutron methods, were among the earliest applied techniques. However, these 
methods are labor-intensive, costly, and limited to local areas. With the continu-
ous development of remote sensing technology, remote sensing has played an in-
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creasingly important role in soil moisture retrieval due to its wide observation 
range, high spatiotemporal resolution, and easy data sharing [1]-[4]. Among re-
mote sensing methods, optical remote sensing, with its shorter wavelength, has 
weaker signal penetration and is easily affected by weather. In contrast, microwave 
remote sensing, with its longer wavelength, can penetrate clouds and rain, ena-
bling all-weather observation, and is therefore widely used. 

Microwave remote sensing includes both passive and active microwave remote 
sensing. Passive microwave remote sensing primarily involves radiometers, such 
as the Soil Moisture Active Passive (SMAP) Satellite launched by NASA and the 
Soil Moisture and Ocean Salinity (SMOS) Satellite launched by the European 
Space Agency. Both SMAP and SMOS satellites have a spatial resolution of 36 km 
and a temporal resolution of 3 days for object detection. Active microwave remote 
sensing, represented by satellites like the Sentinel-1 launched by ESA, offers a spa-
tial resolution of 1 km and a temporal resolution of 6 - 12 days [5]. However, 
neither passive nor active microwave remote sensing can simultaneously provide 
high spatiotemporal resolution, and their development costs are relatively high. 

Compared with microwave remote sensing technology, the Global Navigation 
Satellite System Reflectometry (GNSS-R) is a satellite remote sensing technique 
characterized by high spatiotemporal resolution, strong signal penetration, and 
low cost. It obtains information on reflective surfaces by processing and analyzing 
signals reflected from the ocean, land, or other objects [6]. GNSS-R technology is 
commonly used for monitoring the ocean and retrieving terrestrial physical pa-
rameters, such as biomass estimation [7], sea ice monitoring [8], ocean altimetry 
[9], and soil moisture retrieval [10]-[13]. Due to the strong surface penetration 
capability of L-band signals, GNSS-R technology is particularly suitable for de-
tecting soil moisture changes. 

With the continuous advancement of GNSS-R technology, spaceborne GNSS-
R techniques have been increasingly applied to soil moisture retrieval. Currently, 
numerous studies focus on retrieving surface soil moisture using CYGNSS data 
(Chew and Small [14], 2018; Kim and Lakshmi [15], 2018; Clarizia et al. [16], 2019). 
These methods typically establish empirical relationships between CYGNSS-de-
rived reflectivity or signal-to-noise ratio (SNR) and soil moisture data obtained 
from SMAP or in-situ networks. However, due to the influence of various com-
plex factors, the relationship between GNSS-R signals and soil moisture is inher-
ently more complex and nonlinear. Compared to linear models, machine learning 
algorithms are more suitable for revealing these intrinsic nonlinear relationships. 
Therefore, many researchers employ machine learning techniques to conduct soil 
moisture retrieval studies. Due to their strong nonlinear mapping capability, ma-
chine learning methods have been widely used in GNSS-R soil moisture retrieval 
and have achieved good retrieval accuracy. 

In recent years, with the rapid development of deep learning, its adaptive learn-
ing ability and capability to deeply explore the intrinsic patterns in data have been 
widely demonstrated. Scholars have successfully achieved GNSS-R soil moisture 
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retrieval using deep learning methods. As deep learning techniques evolve, the 
Transformer model has gradually expanded from natural language processing to 
computer vision. When processing two-dimensional images, the Transformer model 
[17] can effectively utilize positional information through the self-attention mech-
anism, establishing connections between different regions. In GNSS-R technol-
ogy, the Delay-Doppler Map (DDM) is a critical observation result that forms a 
two-dimensional image with time delay and Doppler shift as coordinates. Since 
information at different delays and Doppler shifts may be correlated or contrasted, 
applying the Transformer model to process DDM images helps extract compre-
hensive information on soil moisture variation. 

To achieve high-precision soil moisture retrieval, this paper proposes a Trans-
former-based fusion network (Transformer Fusion Network, TF-NET) using 
spaceborne GNSS-R data. In the TF-NET framework, the self-attention mecha-
nism extracts intrinsic features from DDM data and auxiliary data, while the cross-
attention mechanism enhances feature correlations between different modals, ef-
fectively capturing the global context and long-range dependencies of spaceborne 
GNSS-R multi-modal data. 

To maximize the fusion advantages of TF-NET, this study further proposes a 
joint dataset based on CYGNSS and Tianmu satellite data. In the Yellow River 
Delta region, these two satellite data sources differ significantly in spatial distri-
bution and orbital coverage but complement each other effectively, overcoming 
the limitations of single satellite data in spatial coverage and spatiotemporal reso-
lution. By constructing this joint dataset, the model can more comprehensively 
capture soil moisture variation in the study area, thereby effectively improving the 
accuracy of soil moisture retrieval. 

The remainder of this paper is organized as follows. Section 2 introduces the 
study area and the datasets used. Section 3 provides a detailed description of the 
proposed method. Section 4 presents the experimental results and analysis. Fi-
nally, Section 5 concludes the study. 

2. Data Preparation 
2.1. Study Area 

This study selects the Yellow River Delta Efficient Ecological Economic Zone (re-
ferred to as the Yellow River Delta) as the experimental area. The geographical 
coordinates range from 36˚25'N to 38˚14'N and 116˚55'E to 120˚19'E, as shown in 
Figure 1. The Yellow River Delta is located at the intersection of the historical 
Yellow River alluvial plain and the northern coastal area of Shandong Province. 
The region is characterized by flat terrain and diverse geomorphological types, 
including rivers, wetlands, saline-alkali land, farmland, and coastal tidal flats. These 
diverse ecological landscapes result in a complex ecological environment with sig-
nificant ecological functions. 

Additionally, the Yellow River Delta is a core area of the Bohai Economic Rim 
and has experienced rapid economic development in recent years. Frequent hu-
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man activities have led to an increasing demand for regional water resources, fur-
ther exacerbating the vulnerability of the ecosystem. The climate in this area be-
longs to the warm temperate continental monsoon climate, characterized by un-
even annual precipitation. The significant difference in precipitation between the 
rainy and dry seasons directly results in a highly complex and dynamic spatiotem-
poral distribution of soil moisture. 

Furthermore, the widespread distribution of saline-alkali land in the region 
poses a greater challenge for accurate soil moisture monitoring. Therefore, there 
is an urgent need for a high-precision, stable, and reliable soil moisture retrieval 
technology to accurately grasp the dynamic changes in soil moisture in this region. 
Such a technology would provide essential data support and scientific decision-
making guidance for ecological environment protection, saline-alkali land man-
agement, agricultural production optimization, and rational allocation of water 
resources in the Yellow River Delta. 

2.2. Data Introduction 

To fully exploit the scientific potential of GNSS-R technology in the field of soil 
moisture retrieval, the National Aeronautics and Space Administration (NASA) 
successfully launched the CYGNSS satellite constellation in December 2016. The 
constellation consists of eight small satellites, each equipped with a signal re-
ceiver featuring four branch channels, allowing simultaneous signal observation 
across 32 channels. The average revisit period of the CYGNSS constellation is 
approximately 7 hours, and its spatial resolution varies with surface roughness. 
When the reflective surface is relatively smooth, the spatial resolution can reach 
3.5 km × 0.5 km; however, when the surface roughness is significant, such as on 
extremely rough ocean surfaces, the spatial resolution decreases to about 25 km 
× 25 km. 

In contrast, the Tianmu satellite constellation is China’s first low-orbit meteor-
ological observation constellation constructed under a commercial model, oper-
ated by Aerospace Tianmu (Chongqing) Satellite Technology Co., Ltd., a subsid-
iary of the China Aerospace Science and Industry Corporation. The first batch of 
satellites was successfully launched in 2022. The Tianmu-1 satellite constellation 
is equipped with GNSS occultation and GNSS ocean reflectometry (GNSS-R) pay-
loads, capable of receiving signals from the BeiDou, GPS, Galileo, and GLONASS 
navigation systems. This enables global, all-weather, high spatiotemporal resolu-
tion remote sensing observations of the atmosphere, oceans, and surface environ-
ments. The spatial resolution of the Tianmu-1 satellite constellation is approxi-
mately 200 km × 200 km, with a temporal resolution of 6 hours. 

Additionally, the validation data and auxiliary data used in this study were ob-
tained from the Soil Moisture Active Passive (SMAP) satellite, launched by NASA 
in January 2015. The core mission of the SMAP satellite is to detect soil moisture 
within the 0 - 5 cm surface depth. Although the active radar on the SMAP satellite 
experienced a hardware failure on July 7, 2015, the onboard microwave radiome-
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ter has continued to function steadily, providing high-precision soil moisture 
data. Given that the SMAP satellite, like CYGNSS and Tianmu satellites, utilizes 
L-band signals for observation, and since SMAP data has demonstrated superior 
accuracy and reliability among existing soil moisture observation products, this 
study uses SMAP soil moisture observations as the reference data for verifying 
retrieval results. 

The SMAP satellite collects observation data through microwave radiometers 
with spatial resolutions of 9 km and 36 km, and releases soil moisture products 
based on the EASE-Grid 2.0 system. This study uses the Enhanced Level 3 SMAP 
data product with a spatial resolution of 9 km × 9 km. Besides soil moisture infor-
mation, the dataset also includes auxiliary variables such as vegetation optical thick-
ness, vegetation water content, surface roughness, and surface temperature. This 
study specifically utilizes five key variables from the SMAP dataset: soil moisture, 
vegetation optical thickness, vegetation water content, surface roughness, and sur-
face temperature. Among these, soil moisture data serves as the reference to eval-
uate the accuracy of retrieval results, while the other four variables are used as aux-
iliary features to enhance the accuracy of soil moisture retrieval. 

Due to the limited temporal and spatial availability of Tianmu satellite obser-
vation data, this study selected CYGNSS, Tianmu, and SMAP data from May, June, 
July, and September 2023 to ensure temporal synchronization and maintain the 
scientific validity and consistency of the retrieval analysis. 

2.3. Data Preprocessing 

To extract features closely related to soil moisture as model inputs, comprehensive 
data preprocessing was performed on CYGNSS, Tianmu satellite, and SMAP data. 
During the preprocessing process, strict quality control procedures were followed 
to clean and filter the raw observational data, removing outliers and low-quality 
data to ensure high reliability and consistency of the input data. 

To further improve the accuracy of soil moisture retrieval, rigorous data pre-
processing was applied to both Tianmu satellite and CYGNSS observational data. 
The primary goal of preprocessing was to eliminate data with poor quality or po-
tential errors, thereby preventing low-quality data from interfering with model 
training and prediction, which could adversely affect accuracy and stability. 

1) Firstly, when processing CYGNSS data, observations with an incidence angle 
greater than 65˚ were excluded. At such high incidence angles, the reliability of re-
flected signals significantly decreases, making it highly prone to large errors. These 
data points lack representativeness in feature extraction and model training. There-
fore, to ensure model performance, observations with high incidence angles were 
strictly removed. 

2) Second, data with a receiver antenna gain below 0 dB were removed, since 
low gain weakens signal reception and leads to inaccurate results. To maintain 
data quality, only observations meeting the gain criteria were kept. 

3) Additionally, observations with a Signal-to-Noise Ratio (SNR) below 0 were 
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discarded, as negative SNR values indicate noise dominance, lacking valid signal 
information. Including such data could negatively impact model accuracy. 

By following these preprocessing steps, noise and low-quality data were effec-
tively filtered out, ensuring reliable and consistent input data for soil moisture 
retrieval. Table 1 summarizes all the data used in this study. 

 
Table 1. Feature reference table. 

Data source Feature representation Feature name 

CYGNSS/Tianmu DDM Delay doppler map 

SR Surface reflectance 

Time Observation time 

Angle Incident angle 

DDMA Mean DDM 

Peak Peak DDM 

SNR Signal to Noise Ratio 

Lon longitude 

Lat Latitude 

Les Leading edge slope 

SMAP VOD Vegetation optical thickness 

VWC Surface water content 

Rough Surface roughness 

Tem Surface temperature 

3. Proposed Method 

To capture the global contextual information and long-range dependencies em-
bedded in GNSS-R data, and thereby further enhance the accuracy of soil moisture 
retrieval, this study proposes a multi-modal fusion method based on spaceborne 
GNSS-R data, named the Transformer Fusion Network (TF-NET). 

TF-NET is specifically designed to integrate the complementary features of 
one-dimensional auxiliary data and two-dimensional DDM data, making full use 
of their unique characteristics to improve prediction performance. The network 
takes one-dimensional auxiliary data and two-dimensional DDM data as inputs 
and outputs the predicted soil moisture, as illustrated in Figure 1. 

TF-NET first utilizes a Convolutional Neural Network (CNN) to efficiently ex-
tract spatial local information from DDM data and deep features from auxiliary 
data, achieving structural alignment and unified embedding of different modal 
features. Subsequently, the Transformer Fusion module extracts single-modal fea-
tures while enhancing the complementarity of multi-modal data, enabling the mod-
eling of long-range dependencies and information fusion. The framework of TF-
NET will be described in detail in the following sections. 
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Figure 1. TF-NET framework diagram. 

3.1. Transformer Fusion Module 

TF-NET employs a dual-branch multi-feature input module to separately process 
one-dimensional auxiliary data and two-dimensional DDM data, effectively ex-
tracting semantic features and spatial structure information from each data type. 
This ensures a unified dimensional embedding representation, providing a solid 
foundation for subsequent data fusion. 

The Transformer Fusion module is the core component of the TF-NET model, 
specifically designed to fuse one-dimensional auxiliary data and two-dimensional 
DDM data to fully extract multi-modal data features and their interrelationships. 
This module primarily consists of two critical mechanisms: multi-head self-atten-
tion and multi-head cross-attention, which play a key role in feature extraction 
and multi-modal data fusion. 

The multi-head self-attention mechanism is mainly used to extract single-modal 
features by processing the one-dimensional auxiliary data and two-dimensional 
DDM data separately. For the one-dimensional auxiliary data, this mechanism ef-
fectively captures the feature representation by modeling the feature correlations 
within the auxiliary data space, thereby fully leveraging the deep information em-
bedded in the one-dimensional features. When processing the two-dimensional 
DDM data, the multi-head self-attention mechanism extracts spatial local features 
and long-range dependencies by focusing on the relationships between different 
spatial positions, thus achieving comprehensive feature extraction from DDM im-
ages. This mechanism ensures feature alignment within each single modality, lay-
ing a solid foundation for subsequent multi-modal fusion. 
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On the other hand, the multi-head cross-attention mechanism is designed to 
enhance the feature interaction between one-dimensional auxiliary data and two-
dimensional DDM data. Since these two types of data differ significantly in their 
feature space and expression forms, the cross-attention mechanism employs a 
mutual attention strategy that allows one-dimensional and two-dimensional fea-
tures to learn from and complement each other, forming close associations at the 
feature level. This mechanism significantly improves the complementarity be-
tween multi-modal data, which is essential for accurately capturing the variation 
characteristics of multi-source information in soil moisture retrieval. 

Within the Transformer Fusion module, the hybrid multi-head attention mech-
anism simultaneously handles self-attention and cross-attention, enabling dy-
namic feature fusion. This mechanism not only facilitates information exchange 
within the same data patch but also enhances the complementary relationships 
between one-dimensional and two-dimensional features. The introduction of this 
dual attention structure equips the model with greater robustness against feature 
heterogeneity and noise, significantly improving the accuracy and stability of soil 
moisture predictions. 

 

 
Figure 2. Schematic diagram of the Transformer fusion module. 

 
As shown in Figure 2, the architecture of the Transformer Fusion module clearly 

demonstrates the modular integration of the self-attention and cross-attention 
mechanisms within the network structure. Figure 3 further details the Trans-
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former attention calculation process, emphasizing the interaction and feature fu-
sion between one-dimensional auxiliary data and two-dimensional DDM data. 
These visual representations intuitively illustrate how the TF-NET model utilizes 
the hybrid attention mechanism to achieve outstanding performance in soil mois-
ture retrieval tasks. 

 

 
Figure 3. Schematic diagram of Transformer attention calculation. 

3.2. Hyperparameter Setting 

The experimental setup was conducted on a computer equipped with a GeForce 
GTX 4080 16G GPU and an Intel i9-13900H CPU. The experiments were imple-
mented using the PyTorch framework on the PyCharm platform. The Adam op-
timizer was employed to update network gradients, with the initial learning rate 
set to 0.001. The number of iterations was set to 100. As the number of training 
iterations increased, the loss value gradually decreased and eventually stabilized. 

To eliminate the impact of random factors in the experiments, each experiment 
was repeated ten times, and the average value was calculated. 

To evaluate the retrieval performance of the network model, the Root Mean 
Square Error (RMSE) and Correlation Coefficient (R) were introduced as evalua-
tion metrics. The calculation formulas are shown in Equations (1) and (2). 
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where if  represents the actual observation value, iy  represents the model pre-
diction value, n  denotes the total number of sample points, and f  and y  
are the mean values of the predicted and actual observation values, respectively. 

4. Experimental Results and Analysis 
4.1. Experimental Result 

In this study, the SMAP data was used to comprehensively validate the effective-
ness of the TF-NET model for soil moisture retrieval in the Yellow River Delta 
region. 

Firstly, Figure 4 presents scatter plots of soil moisture predictions made by the 
TF-NET model based on CYGNSS and Tianmu satellite data, respectively. The 
predicted values from the model are visually compared with the SMAP observa-
tion reference data to evaluate the accuracy of the model predictions. 

During the experiments, the training and testing data were randomly divided 
in a ratio of 8:2 to ensure that the model possesses good generalization capability. 

 

 
(a) 

 
(b) 

Figure 4. Scatter images between the model prediction results and the reference data (a) 
CYGNSS, (b) Tianmu. 
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To further evaluate the predictive performance of the TF-NET model for spe-
cific months, this study designed a time series experiment. The data from May, 
June, and July were used to train the model, while the September data, which was 
not involved in the training process, was selected as an independent test set. This 
setup aimed to investigate the model’s ability to predict the spatial distribution of 
soil moisture in an unseen month. 

Figure 5 visually presents the spatial coverage of CYGNSS and Tianmu satellite 
data in September 2023. It can be clearly observed that the CYGNSS satellite ex-
hibits severe data gaps in the northern part of the Yellow River Delta, while the 
Tianmu satellite shows insufficient data acquisition in the southern part of the 
region. The complementary nature of the spatial coverage between the two satel-
lites is evident. 

 

 
(a) 

 
(b) 

Figure 5. Distribution of satellite data (a) CYGNSS, (b) Tianmu. 
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This spatial distribution characteristic further confirms the necessity and scien-
tific rationale for jointly using CYGNSS and Tianmu satellite data for soil mois-
ture retrieval in this study. 

However, since the model output is presented as a discrete point distribution, 
it cannot be directly compared pixel-by-pixel with the spatially continuous SMAP 
observation data. Therefore, this study introduces a spatial interpolation method 
to address this issue. Based on the longitude and latitude positions of the model 
prediction points, the interpolation algorithm transforms the discrete prediction 
results into continuous raster images that are consistent with the spatial resolution 
of SMAP data (9 km × 9 km). This approach ensures that the model predictions 
and SMAP observations can be accurately compared and evaluated on the same 
spatial scale. 

Ultimately, Figure 6 presents the predicted spatial distribution of soil moisture 
in the Yellow River Delta region for September 2023, after applying spatial inter-
polation. To quantitatively assess the model’s retrieval performance, the correla-
tion coefficient (R) and root mean square error (RMSE) between the predicted 
results and SMAP observations were calculated, and the detailed numerical results 
are summarized in Table 2. 

 

  
(a)                                  (b) 

  
(c)                                  (d) 

  
(e)                                  (f) 
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(g) 

Figure 6. Soil moisture retrieval results of the model: (a) Prediction graph of CYGNSS, (b) 
Error graph of the predicted values of CYGNSS and SMAP, (c) Prediction graph of 
Tianmu, (d) Error graph of the predicted values of Tianmu and SMAP, (e) Combined pre-
diction graph (f) The error plot of the combined predicted value and SMAP, (g) the truth 
plot of SMAP. 

 
These quantitative indicators not only provide an objective evaluation of the 

overall prediction accuracy of the model but also highlight the improvement in 
soil moisture retrieval accuracy achieved by the combined use of CYGNSS and 
Tianmu satellite data. 

 
Table 2. Accuracy indicators of the model prediction results. 

Evaluation  
indicators 

CYGNSS 
(8:2) 

Tianmu 
(8:2) 

CYGNSS 
(September) 

Tianmu 
(September) 

Joint 
(September) 

R 0.9190 0.9083 0.8921 0.9219 0.9378 

RMSE 0.0306 0.0419 0.0422 0.0363 0.0301 

4.2. Discussion and Analysis 

According to the accuracy indicators presented in Table 2, the TF-NET model 
shows a high overall accuracy in soil moisture retrieval within the Yellow River 
Delta region. In the experiment where the training and testing data were randomly 
split in an 8:2 ratio, the CYGNSS-based predictions achieved a correlation coeffi-
cient (R) of 0.9190 and a root mean square error (RMSE) of 0.0306 cm3/cm3. In 
contrast, the Tianmu-based predictions demonstrated slightly lower accuracy, 
with an R of 0.9083 and an RMSE of 0.0419 cm3/cm3. This discrepancy mainly 
arises because the Tianmu satellite has relatively fewer data points in the Yellow 
River Delta, leading to lower data coverage density, which limits the model’s abil-
ity to capture complex spatial features. 

To further assess the model’s generalization capability, we conducted experi-
ments using an independent dataset from September 2023 that was not involved 
in model training. In this case, the accuracy of both CYGNSS and Tianmu satellite 
predictions showed notable improvements. Specifically, the Tianmu satellite 
demonstrated a significant accuracy gain, with the correlation coefficient (R) in-
creasing to 0.9219 and the RMSE decreasing to 0.0363 cm3/cm3. On the other 
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hand, the CYGNSS predictions for the same period resulted in an R of 0.8921 and 
an RMSE of 0.0422 cm3/cm3. This finding indicates that despite the limited data 
volume from the Tianmu satellite, its relatively uniform data distribution during 
the specific time window enables the model to capture feature patterns effectively, 
thus achieving better accuracy during independent month testing. 

The most significant finding is that when the retrieval results from both CYGNSS 
and Tianmu satellites are combined, the model achieves substantially improved 
accuracy, with the correlation coefficient reaching 0.9378 and the RMSE dropping 
to 0.0301 cm3/cm3. This improvement is primarily due to the complementary spa-
tial coverage of the two data sources. While CYGNSS data exhibits considerable 
gaps in the northern part of the Yellow River Delta, making it challenging to fully 
represent the spatial variability of soil moisture, the Tianmu satellite data effec-
tively covers the areas where CYGNSS lacks information. This spatial comple-
mentarity between the two datasets enables the combined use of CYGNSS and 
Tianmu data to better represent the regional soil moisture distribution, signifi-
cantly enhancing the model’s prediction accuracy and robustness. 

5. Conclusion 

To address the challenge faced by existing soil moisture retrieval methods in ef-
fectively capturing the global features within the Delay-Doppler Map (DDM) 
when processing spaceborne GNSS-R data, this paper proposes a soil moisture 
retrieval method based on the Transformer Fusion Network (TF-NET). TF-NET 
utilizes the multi-head self-attention mechanism to perform deep feature extrac-
tion from CYGNSS and Tianmu satellite data separately, while the cross-attention 
mechanism enhances the feature correlation between auxiliary data and DDM 
data. Experimental results from the Yellow River Delta region demonstrate that 
this method can more effectively capture the global contextual information within 
GNSS-R data, achieving outstanding accuracy in soil moisture retrieval. Addition-
ally, since CYGNSS and Tianmu satellite data exhibit complementary spatial cov-
erage, combining their prediction results spatially further improves the overall 
performance of the model. 
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