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Abstract 

Sea ice, a significant component in polar regions, plays a crucial role in climate change through its varying condi-
tions. In Global Navigation Satellite System-Reflectometry (GNSS-R) studies, the observed surface reflectivity Γ serves 
as a tool to examine the physical characteristics of sea ice covers. This facilitates the large-scale estimation of first-year 
ice thickness using a two-layer sea ice-seawater medium model. However, it is important to note that when Sea Ice 
Thickness (SIT) becomes thicker, the accuracy of SIT retrieval via this two-layer model begins to decline. In this paper, 
we present a novel application of a spaceborne GNSS-R technique to retrieve SIT based on a three-layer model using 
the data from Fengyun-3E (FY-3E). Soil Moisture Ocean Salinity (SMOS) data are treated as the reference. The per-
formance of the proposed three-layer model is evaluated against a previously established two-layer model for SIT 
retrieval. The analysis used the sea ice data from 2022 and 2023 with SITs less than 1.1 m. By comparing the retrieved 
SITs against reference values, the three-layer model achieved a Root Mean Square Error (RMSE) of 0.149 m and Corre-
lation Coefficient (r) of 0.830, while the two-layer model reported the RMSE of 0.162 m and r value of 0.789. A scheme 
incorporating both models yielded superior results than either individual model, with the RMSE of 0.137 m and r 
reaching up to 0.852. This study is the first application of FY-3E for GNSS-R SIT retrieval, combining the advantages 
of a two-layer model and a three-layer model and extending the precision of GNSS-R retrieval for SIT to within 1.1 m. 
This provides a good reference for the future studies on GNSS-R SIT retrieval.

Keywords  Global navigation satellite system-reflectometry, Sea ice thickness, Fengyun-3E GNSS occultation sounder 
II (FY-3E/GNOS-II), Soil moisture ocean salinity

Introduction
Sea ice, with its pivotal role in the polar circle, has 
attracted a considerable attention the scientific com-
munity due to mounting concerns about climate change 
(Hartmann et al., 2013). Furthermore, it holds significant 
practical implications for marine resource development, 
maritime transportation, and polar expeditions among 
others (Yan & Huang, 2019). Notably, a substantial reduc-
tion in Arctic sea ice has been observed recently, under-
lining the increasing importance in studying Sea Ice 

Thickness (SIT). SIT is a key indicator of climate change, 
and its precise determination can aid in accurate mod-
eling and prediction of future climatic scenarios. There-
fore, SIT has emerged to play a formidable role in our 
concern for better understanding of earth’s polar regions 
under the critical lens of climate change. However, in situ 
measurements of SIT are cumbersome and have a limited 
spatial coverage. In contrast, remote sensing provides a 
more efficient and economical option for obtaining SIT 
data.

Currently, large-scale SIT records primarily originate 
from remote sensing satellites. SIT can be retrieved using 
passive microwave sensors, scatterometers, radar altim-
etry, and Synthetic Aperture Radar (SAR). Given that 
passive microwave sensor and scatterometer data exhibit 
low spatial resolution (typically 25–50 km), whereas SAR 
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and radar altimetry offer higher resolution, and the lat-
ter are more frequently employed for SIT estimation. 
This includes platforms such as CryoSat-2 (CS-2) (Tilling 
et al., 2016), European Remote Sensing satellite-1 (ERS-
1), and ERS-2 (Laxon et al., 2003). Despite their capacity 
to deliver high-quality SIT products, these radar satel-
lites face challenges due to high operational costs and low 
temporal resolution. Additionally, empirical re-tracking 
used for altimeters lacks a concrete physical model. The 
interpretation of SAR images is often subjective and 
time-consuming.

Global Navigation Satellite System-Reflectometry 
(GNSS-R) presents a promising solution to these issues. 
It is an emerging remote sensing technique that lever-
ages the signals transmitted by Global Navigation Sat-
ellite System (GNSS) satellites, such as those from the 
Global Positioning System (GPS), Galileo satellite navi-
gation system (Galileo), Global’naya Navigatsionnaya 
Sputnikovaya Sistema (GLONASS), and BeiDou Navi-
gation Satellite System (BDS). These GNSS signals are 
reflected off Earth’s surface features, and the reflected 
signals are collected and analyzed to infer geophysical 
parameters. It operates under all weather conditions, 

offering advantages such as low costs and extensive cov-
erage. GNSS-R has found wide applications in the studies 
related to ocean surface roughness and wind monitoring 
(Garrison et al., 2002; Li & Huang, 2014; Li et al., 2023; 
Yan et  al., 2017), snow depth estimation (Jin & Najibi, 
2014; Jin et al., 2016; Larson et al., 2009), and soil mois-
ture retrieval (Camps et  al., 2016; Katzberg et  al., 2006; 
Yan et al., 2020).

However, the retrieval of SIT using spaceborne GNSS-
R needs further exploration. A two-layer model initially 
showcased its effectiveness and efficiency using Tech-
DemoSat-1 (TDS-1) reflectivity Γ data (Yan & Huang, 
2020). That study utilized two-year TDS-1 data with 
18,511 samples. The two-layer model that considers 
the attenuation by sea ice and the reflection on the sea 
ice-water interface (R2) but ignores the reflection on 
the upper air-ice boundary (R1, as shown in Fig. 1) pro-
vided SIT estimates essentially for thin ice. As the SIT 
increases, the results retrieved with the two-layer model 
begins to saturate progressively and exhibits poor perfor-
mance in fitting thick ice due to the neglect of R1. Hence, 
there is a necessity to explore the complete form of the 
three-layer model for thick ices.

GNSS-R transmitted signal 

Air

Sea water

Sea ice

R1: Reflection coefficient at
air-sea ice interface

R2: Reflection coefficient at
ice-seawater interface 

d: thickness

GNSS-R receiver (FY-3E)

Fig. 1  Schematic of the three-layer model for the GNOS-R signal. For coherent reflections, the reflectivity (Γ) can be combined with the Fresnel 
reflection coefficient (R) and the SIT to construct a three-layer model. GNSS signals are sent from the transmitter and received either directly 
or after reflection through a three-layer model of air, sea ice, and seawater. R1 and R2 represent the reflection coefficients at the upper (air-sea ice) 
and lower (sea ice-seawater) interfaces, respectively, d is SIT. Therefore, in the three-layer model, the SIT can be estimated by the Γ of FY-3E
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Meanwhile, with TDS-1 ceasing operations in May 
2019, a gap in GNSS-R data in the polar regions emerged. 
This gap has since been filled by the Fengyun-3E GNSS 
Occultation Sounder-II (FY-3E/GNOS-II), which has 
provided GNSS-R data since March 2022. Notably, the 
application of FY-3E data in SIT retrieval has not been 
conducted thus far. In this paper, we first examine the 
three-layer model for SIT retrieval. Furthermore, we 
integrate the retrievals with both two- and three-layer 
models for different scenarios, enabling more precise 
estimates. This work signifies the first application of the 
three-layer model for SIT estimation using FY-3E data.

The remainder of this paper is structured in the fol-
lowing manner: Section “Dataset” provides a detailed 
description of the FY-3E GNOS-R data and Soil Moisture 
Ocean Salinity (SMOS) Level-3 (L3) SIT datasets, lay-
ing the foundation for subsequent discussions. Section 
“Modeling sea ice thickness retrieval” introduces the two-
layer and three-layer models for estimating SIT, offering 
an in-depth exploration of their underlying methodolo-
gies. Subsequently, Section “Comparison and validation 
of retrieved SIT” presents our findings and engages in a 
comprehensive discussion about their implications, as 
well as a method that combines the respective strengths 
of the two models. Finally, we draw our conclusions in 
Section “Conclusion”, summarizing key points and offer-
ing a comprehensive perspective of our study’s outcomes.

Datasets
FY‑3E GNOS‑R
The FY-3E meteorological satellite, launched by China 
Meteorological Administration (CMA) on July 5, 2021, 
operates in a sun-synchronous orbit. It is positioned at 
an orbital altitude of 836  km and completes an orbital 
period in approximately 102  min. The daily observation 
scope of FY-3E encompasses the ocean surface, land-
masses, and ice within latitudes ± 85°. With a revisit time 
of approximately every five-and-a-half days, GNOS-
II provides nearly global coverage, presenting a nota-
ble advantage for comprehensive data collection. To 
cater for diverse applications like data assimilation and 
atmospheric/ionospheric inversion, GNOS-II data pre-
processing currently produces three primary products: 
atmospheric additional phase, ionospheric additional 
phase, and GNSS reflection. The launched FY-3F/3G/3H 
satellites also incorporate GNOS-II sensors, contributing 
to the establishment of an extensive GNOS-R network.

Figure 2 provides visual representation of this extensive 
reach which illustrates the specular reflection points cap-
tured by the FY-3E GNOS-R over one day (on November 
1st, 2022). This figure demonstrates that the satellite can 

efficiently receive reflected signals of GNSS satellites on a 
nearly global scale in a relatively short period.

The GNOS-R system excels in its ability to receive the 
signals from both GPS and BDS, a notable improvement 
compared to the previous TDS-1 system, which exclu-
sively handled GPS signals. This design allows users to 
harness the data from these two major global satellite 
navigation networks, providing a comprehensive service 
and expanding the available data sources by leveraging 
the strengths of both systems.

In GNSS-R, the important remote sensing parameter 
information, in addition to the widely used Delay-Dop-
pler Mapping (DDM) and sea surface normalized scatter-
ing coefficient, Γ is also one of the important parameters. 
It can reflect many physical properties of reflective sur-
faces, such as roughness, dielectric constant, etc., and is 
a key parameter in our current study. According to the 
GNSS-R bistatic radar equation (Zavorotny et al., 2014), 
we can obtain the surface Γ from FY-3E:

where Rr and Rt are the distances from the specular 
reflection points to the receiver and the transmitter, 
respectively, PDDM is the peak DDM power, N  refers 
to noise, and F  is the Bistatic Radar Cross Section Fac-
tor (DDM BRCS-Factor), which can be readily obtained 
from FY-3E dataset.

The dataset employed in this study comprises the 
GNOS-R data collected from October 15, 2022 to April 
15, 2023. This time frame aligns with the period of the 

(1)Ŵ(θ) =
(Rr + Rt)

2(PDDM − N )
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Fig. 2  Specular reflection points of FY-3E on November 1, 2022. 
GNOS-R can detect the complex and variable surface of the globe 
over a latitude range of ± 85° with an average revisit time 
of about 5.5 days. As a result, it can provide data with almost global 
coverage. The location of the surface reflection points received 
by the FY-3E GNOS-II on a single day are marked with blue dots 
in the latitude/longitude grid
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L3 SIT product provided by SMOS. This consistency 
ensures a reliable comparison and integration of data 
between these two sources for our analysis.

SMOS
The SMOS satellite has been delivering L3 SIT products 
to the public since 2010. This is achieved with a Micro-
wave Imaging Radiometer using Aperture Synthesis 
(MIRAS). MIRAS measures L-band brightness tempera-
tures at varying angles of incidence and polarizations, 
which are crucial parameters in remote sensing appli-
cations. These measurements enable SMOS to retrieve 
information about SIT in the Arctic region. The retrieval 
process relies on the data related to sea ice temperatures 
and salinity (Tian-Kunze et  al., 2014). These two fac-
tors play a significant role as they directly influence the 
interaction between electromagnetic waves and sea ice, 
thereby affecting its observed brightness temperature.

The SMOS L3 provides comprehensive details about 
northern hemisphere’s SIT for the latitudes above 50° 
from October through April each year starting from 
2010. In addition to this primary dataset, it also includes 
supplementary information such as temperature values 
specific to individual sections of the oceanic surface cov-
ered by sea ice along with their respective salinities. Fur-
thermore, it contains an uncertainty estimate associated 
with each recorded value for SIT. Data projection within 
these SMOS L3 products follows National Snow and Ice 
Data Center (NSIDC) polar stereographic grid system. 
Each cell or unit area within this grid corresponds spa-
tially to the squares of about 12.5 km × 12.5 km on ground 
level, providing high coverage across ice-covered regions. 
An illustrative example can be seen in Fig. 3. Where we 
present an Arctic SIT map derived from SMOS observa-
tions dated October 25, 2022.

As reported by Tian-Kunze and Kaleschke (2021), a 
notable issue arises with the saturation of brightness 
temperature as SIT increases. This saturation effect can 
lead to an underestimation of the thickness for larger ice 
formations, which lowers the accuracy of the derived SIT 
values. To mitigate this problem and enhance the reli-
ability of our analysis, we adopt a conservative approach 
towards data handling. Specifically, we consider the 
uncertainty values associated with each SIT measure-
ment provided in the SMOS L3 product. The data points 
whose this uncertainty exceeds 1  m are discarded, as 
recommended in the manual’s guidelines. In spite of its 
uncertainty, it is known from several validation experi-
ments with SMOS SIT products that SMOS SIT products 
can better respond to the actual conditions of thin ice 
than other mainstream SIT products (e.g., CS-2) (Kale-
schke et al., 2016), and better monitor the SIT in the pan-
Arctic area (> 50° N) (Tietsche et al., 2018).

Modeling sea ice thickness retrieval
In terms of coherent reflection, Γ can be formulated as 
per (Tsang & Newton, 1982)

Here σRMS represents the root mean square differ-
ence in height, and the exponential term in the equation 
accounts for roughness effects. Given that the σRMS of sea 
ice surface typically measures at centimeter level, it can 
be considered smooth within the GNSS-R domain (Yan 
& Huang, 2020). Consequently, the value of roughness 
term in this equation is approximately 1. Therefore, the Ŵ 
can be further approximated as

R is the Fresnel reflection coefficient, which can be 
expressed as

where d represents the SIT (as shown in Fig. 1), while k is 
the vertical component of the signal propagation vector, 

(2)Ŵ = |R|2 · exp

[
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Fig. 3  SMOS SIT data on 25th October 2022. No data in the region 
is white
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determined by known signal wavelength � , θ is satel-
lite incidence angle, and εi is sea ice dielectric constant. 
Reflection coefficients at the upper (air-sea ice) and lower 
(sea ice-seawater) interfaces are denoted by R1 and R2 , 
respectively, and their detailed formulas can be found in 
Yan and Huang (2020). α is the attenuation coefficient, 
and β is the phase constant.

The sea ice dielectric constant εi can be obtained from 
the Vant model (Vant et al., 1978), i.e.

where Vb is the volume of brine and the coefficients 
a1 and a2 are 0.037 and 0.00445 in the case of first-year 
ice and 0.003 and 0.00435 in the case of multi-year ice, 
respectively. Vb can then be obtained from the Ulaby 
model (Ulaby et al., 1986),

where S and T  are the salinity and temperature of sea ice. 
In addition, R1 and R2 are determined by the dielectric 
constant of each layer, which can be found by the follow-
ing general formula,

where Rvv and Rhh are the vertical polarization and hori-
zontal polarization components, respectively, expressed 
by

where εw is the dielectric constant of seawater, which can 
be obtained from the Klein-Swift model (Klein & Swift, 
1977).

Combining the above expressions for the overall reflec-
tion coefficient of the three-layer of the medium, we can 
obtain

(8)εi = 3.1+ 0.0084Vb + j(a1 + a2Vb)

(9)Vb = 103S

(

−
49.185

T
+ 0.532

)

(10)R1,2 =
1

2
(Rvv − Rhh)

(11)Rvv =

ε1,2 cos θi −

√

ε1,2 − sin2 θi

ε1,2 cos θi +

√

ε1,2 − sin2 θi

(12)Rhh =

cos θi −

√

ε1,2 − sin2 θi

cos θi +

√

ε1,2 − sin2 θi

(13)ε1 =
εi
1

(14)ε1 =
εw
εi

(15)θi = arcsin sin θ
√
εi

Therefore, by combining the reflectivity with the over-
all reflectance coefficient, the expression for the relation-
ship between reflectivity and SIT can be obtained, and 
the expression can be further derived and rewritten as

At this point, a complete three-layer medium model 
of the signal traveling through the air to the sea ice and 
reflecting back to the receiver through the upper and 
lower interfaces of the sea ice has been established. The 
d can be calculated by solving for the reflectivity of the 
corresponding satellite reflection signal, combined with 
the altitude angle or incidence angle. It is worth noting 
that Yan and Huang (2020) disregarding the contribution 
of the upper interface may introduce errors when dealing 
with thick sea ice. This issue is addressed in this study by 
incorporating contributions from both layers. When R1 is 
small, ignoring R1 gives a two-layer model.

We found that the results of the three-layer model 
are worse than the two-layer model for thin ice in most 
cases. To address this, we propose a method to com-
bine the results from both models, which can be found 
in Section “Comparison and validation of retrieved SIT”. 
The flowchart of the FY-3E GNOS-R data retrieval SIT is 
shown in Fig. 4.

Comparison and validation of retrieved SIT
To ensure the integrity of our results and minimize the 
impact of potential errors, we implemented a compre-
hensive quality control strategy for our dataset. This 
strategy comprises four key steps:

1.	 We first limit our analysis to the data points where 
the incidence angle is less than 30° (Yan & Huang, 
2020).

2.	 Secondly, we focus on the specular points where the 
Signal-to-Noise Ratio (SNR) exceeds 3 dB. By prior-
itizing high-SNR data points, we effectively reduce 
the interference of noise and enhance signal clarity.

3.	 Thirdly, we remove SMOS L3 SIT data with a SIT of 
0 to eliminate the effect of seawater being mistaken 
as sea ice (Xie & Yan, 2024).

4.	 Lastly, for the SMOS L3 SIT dataset, we select only 
those the data points with associated uncertain-
ties less than 1 m to ensure high confidence in each 
measurement used in our study.

After implementing a rigorous screening process and 
performing necessary data matching, a high-quality 
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dataset was obtained, comprising 36,534 samples. Specif-
ically, there were 16,998 samples for GPS data and 19,536 
samples for BDS data. This highlights BDS as a valuable 
resource for the SIT retrieval process.

Two‑layer medium model
The two-layer model only considers the reflections on 
the sea ice-seawater interface (i.e., R2 ) and ignores the 
reflections on the upper air-sea ice interface (setting R1 
to 0). While this simplifies the computation, it may not 

FY-3E GNOS-R L1
data

SMOS L3
Sea ice thickness

(SIT) products

Quality control

Reflectivity
(Γ)

Sea ice salinity (S)
Sea ice temperature (T)

Modeling SIT retrieval

T > 270.3 K or S < 7.1 ‰

Two-layer
model

No Yes

Three-layer
model

Combined
model

Comparison and validation

FY-3E GNOS-R SIT

Fig. 4  The FY-3E GNOS-R data retrieval SIT flowchart. FY-3E data and SMOS L3 SIT data were quality controlled to obtain the Γ and S and T, 
respectively, and then the combined model was used in separate cases according to the thresholds set in S and T. The FY-3E GNOS-R retrieval of SIT 
was finally completed
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be suitable for thicker or more signal-attenuating sea ice 
conditions.

Table  1 shows the results of the SIT retrieval and the 
estimated SIT using the full data with two-layer mode. 
Overall, the SIT obtained has an Root Mean Square Error 
(RMSE) of 0.162  m and a r of 0.789 compared to the 
SMOS SIT. Figure 5a shows the scatter density plot of the 
two-layer model SIT with reference SIT.

The FY-3E two-layer model SIT neglects the signal 
reflection R1 . This simplified model exhibits a satisfactory 
fit when the SMOS SIT is 0.5 m or less. However, as the 
SMOS SIT increases, the performance of the two-layer 
model degrades, suggesting less effective in estimating 
thicker SIT.

As Arctic temperatures decrease with the onset of the 
season, and sea ice begins to get thicken, the two-layer 
model demonstrates better performance, particularly 
during the initial stages when dealing with thinner first-
year ice. However, its efficacy is reduced as SIT increases.

In addition, during the transitional period of March 
and April, a significant shift occurs in the state of sea ice 
due to the increase in temperatures. As the ice starts to 
melt, small puddles begin to form on its surface. These 
water bodies complicate the remote sensing process. In 
typical scenarios, the signals transmitted by satellite-
based sensors are expected to interact primarily with 
the sea ice-seawater interface. However, with these sur-
face puddles during melting periods, part of the signal 
can be reflected towards the receiver before it reaches 
this interface. This premature reflection can distort the 
measurements and result in errors in retrieving SIT. The 
phenomenon occurs because water bodies on the surface 
create an additional reflective interface that differs signif-
icantly from both sea ice and seawater in terms of dielec-
tric properties. The reflections from these pools interfere 
with those originating from deeper layers, thus compli-
cating interpretation and potentially leading to underes-
timation or overestimation errors. The presence of small 

puddles in the Arctic Sea ice described above is also seen 
and mentioned in Xie et al. (2020).

Three‑layer medium model
The three-layer model offers a better simulation of the 
signal as it transmits through sea ice and returns to the 
receiver, making it more comprehensive and interpret-
able. The model addresses the scenario of simultaneous 
reflection of the signal in R1 and R2 , making the resulting 
Eq.  17 complex and challenging to extract the formula 
for SIT (d). Thus, by following the relationship between d 
and Ŵ as depicted in Eq. 17, we performed a least-squares 
fitting to obtain d by substituting d produced in incre-
ments of 0.001 into Eq.  17. The option that aligns the 
closest is selected as the SIT determined by the three-
layer model.

Table 1 presents the monthly outcomes of SIT retriev-
als and overall estimations with the three-layer model. 
Compared with SMOS SIT, the derived SIT demon-
strated an RMSE value of 0.149 m and an r of 0.830. Fig-
ure  5b is the scatter density plot of the SIT against the 
reference SIT.

The three-layer model commonly adopted demon-
strated suboptimal performance when dealing with 
partially thin ice. This limitation can be attributed to a 
phenomenon known as negative freeboard occurring 
within the sea ice (Li et  al., 2021). Negative freeboard 
refers to a state where the sea level rises above the sur-
face of the sea ice. In such cases, seawater covers portions 
of the sea ice, disrupting the traditional air-sea ice-sea-
water structure that underlies the three-layer model. 
When seawater overlays parts of the sea ice due to nega-
tive freeboard, it becomes part of the signal interaction 
process alongside air and sea ice layers. This additional 
interface causes the alteration in received signals since 
the reflections from seawater differ substantially from 
those originating from other layers. As a result, the meas-
urements derived using this three-layer model can bias 

Table 1  Retrieval accuracy of FY-3E SIT

Data Results of two-layer model Results of three-layer model Results of combined model

RMSE (m) r RMSE (m) r RMSE (m) r

2022–2010 0.094 0.856 0.094 0.867 0.079 0.903

2022–2011 0.135 0.851 0.132 0.873 0.117 0.898

2022–2012 0.157 0.830 0.139 0.863 0.123 0.892

2023–2001 0.147 0.807 0.149 0.833 0.133 0.863

2023–2002 0.164 0.774 0.161 0.812 0.146 0.838

2023–2003 0.204 0.740 0.177 0.781 0.168 0.811

2023–2004 0.213 0.718 0.175 0.773 0.167 0.813

All 0.162 0.789 0.149 0.830 0.137 0.852
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the estimates of SIT in the scenarios involving negative 
freeboard.

Combined model
In the data screening process, it was observed that the 
two-layer model offers a better fit than the three-layer 
model when handling thin reference SIT. Conversely, for 
thick reference SITs, the three-layer model is more suit-
able. Consequently, a suggestion is made to integrate 
both models as a combined model for more accurate 
SIT retrieval. Specific examples of this integration are 
depicted in Fig. 5a.

We extracted 1000 sets of SIT results with the two- and 
three-layer models in October 2022 as reference data and 
constructed various combination scenarios to enhance 
fitting and obtain more accurate SIT estimates. As illus-
trated in Fig.  7, a nonlinear relationship exists between 
SIT and its S and T. Generally, a higher T is associated 
with a smaller SIT, and a higher S corresponds to a 
smaller SIT.

Based on Fig.  6a, a comparison between the SIT 
results retrieved with the two- and the three-layer mod-
els reveals that the three-layer model in the upper box 
exhibits a better performance when the SIT exceeds 
approximately 0.5 m. In contrast, in the lower box, it is 
evident that while the two-layer model performs well in 
the presence of thin ice for the most part, there are the 
instances where its performance is not as robust as the 
three-layer model. With this observation and an analy-
sis of Fig. 7 along with 1000 data sets and several experi-
ments, we determined the final thresholds for S and T 
in the combined model, which are 7.1  ‰ and 270.3  K, 
respectively. Figure 8 visually illustrates the selection pro-
cess employed during SIT retrieval with the combined 
model. This resulted in the formulation of a subsequent 
combination scheme:

Applied to the data from the complete experimen-
tal period (October 2022 to April 2023), this combined 
method yielded an improved accuracy with an RMSE 
value of 0.137  m and an r of 0.852, surpassing the per-
formance of either model used individually. The scat-
ter density plots illustrating the relationship between 
retrieved SIT with this combined model and SMOS SIT 
are depicted in Fig. 5c. Detailed statistics for each month 
are in Table 1. We also present the SIT results by sample 
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Fig. 5  Compare the SIT obtained by FY-3E with the reference SMOS 
data. Comparing (a) and (b), the RMSE and correlation coefficient 
(r) of the two-layer model are 0.096 m and 0.799 for SMOS SIT 
less than 0.5 m thin ice, which are better than those of the three-layer 
model (0.120 m and 0.746), while the opposite is for thick ice. (c) 
is a comparison of SIT with SMOS SIT estimated after combining 
the two-layer and three-layer models by S and T. The results are better 
than using one model alone
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(see Fig. 9 for October and November 2022) and display 
their spatial distribution (see Fig. 10 for the period from 
December 2022 to April 2023) for demonstration.

Error analysis
First, the presence of snow cover on sea ice surfaces can 
indeed complicate in the process of SIT estimation using 
GNSS-R. Snow, possessing different physical properties 
compared to sea ice, interacts differently with GNSS sig-
nals, altering the reflected signal’s characteristics (Fung 
et al., 1994). Specifically, snow cover scatters and absorbs 
microwave signals differently, leading to the changes in 
amplitude, phase, or polarization state. Consequently, 
these alterations impact the interpretation and analysis of 
GNSS-R data in SIT estimation. Moreover, varying snow 
thickness affects signal attenuation or scattering, which 
needs to consider in GNSS-R data processing.

Second, the construction of two- and three-layer mod-
els for SIT estimation using GNSS-R data often needs an 

integration of empirical models and non-GNSS-R infor-
mation. For instance, parameters such as S and T might 
need to be sourced from products like SMOS. However, 
this approach introduces potential error that can impact 
the accuracy of the retrieved SIT. Empirical models, by 
their very nature, are approximate that are based on 
observed data. While they can capture general trends or 
behaviors well, they may not fully account for all com-
plex interactions or variability in real-world conditions. 
Consequently, any errors in these empirical models will 
propagate into the SIT estimates derived from them. Fur-
thermore, the differences in spatial resolution between 
GNSS-R data and other datasets can lead to data mis-
matching when integrating different sources of data.

Third, the simultaneous reception of the reflected sig-
nals from different GNSS such as GPS, BDS, and Galileo 
also complicate SIT retrieval. This arises from poten-
tial differences in system-specific signal characteristics 
affecting reflectivity measurements. According to Yin 

100 200 300 400 500 600 700 800 900 1000
Sample

0.5

1.0

SI
T 

(m
)

SI
T 

(m
)

Combined SIT
SMOS SIT

T > 270.3 K

0

0.5

1.0

0 100 200 300 400 500 600 700 800 900 1000
Sample

a Two different models to estimate SIT vs. SMOS SIT

b A comparison between SIT with combined model and SMOS

Three-layer SIT
SMOS SIT
Two-layer SIT

 T > 270.3 K 
S < 7.1 ‰

S < 7.1 ‰

Fig. 6  The effects of the combined model versus the two-layer and three-layer models. In a, green is the SIT of the two-layer model, blue 
is the SIT of the three-layer model, and red is the SMOS SIT. The three-layer model has a better performance in the 1000 samples taken out when S 
is around 7.1 ‰, when the SMOS SIT is thick ice. The two-layer model performs better when T is around 270.3 K for thin ice. Combining the above, 
the effect of b is obtained after combining the two models, which improves the SIT retrieval accuracy

0
5
10
15
20SMOS SIT

Salinity (S)
Dividing line

100 200 300 400 500 600 700 800 900 1000
Sample

b SIT and T 

1.0

0.5

SI
T 

(m
)

1.0

0.5

SI
T 

(m
)

250
255
260
265
270

Te
m

pe
ra

tu
re

 (K
)

Sa
lin

ity
 (‰

)

SMOS SIT
Temperature (T)
Dividing line

S = 7.1 ‰ 

0

100 200 300 400 500 600 700 800 900 1000
Sample

a SIT and S

0

T = 270.3 K 

Fig. 7  Analyzing the SIT of SMOS in relation to S and T respectively. In a, S has a clear tendency to increase when SIT is thin ice, whereas in b, 
SIT is usually smaller for larger values of T. SIT has a certain nonlinear relationship with both S and T. A threshold is then specified to delineate 
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et  al. (2023), the reflectivity from GPS, BDS, and Gali-
leo is essentially similar when the Sea Ice Concentration 
(SIC) exceeds 15%. However, even with comparable per-
formance under certain conditions, subtle differences 
between these systems could introduce discrepancies. 

The factors like variations in signal frequency or power, 
satellite orbital dynamics, antenna patterns, among oth-
ers, might contribute to these disparities. Furthermore, 
each system’s unique operational constraints or anoma-
lies could impact data quality and consistency. Therefore, 

Sea ice

Sea ice
temperature (T)

> 270.3 K

Sea ice salinity 
(S) < 7.1 ‰

Retrieval of SIT with
three-layer model

T < 270.3 K
or 
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Fig. 8  Schemes of the combined model. Based on S and T, a three-layer model is used to retrieve SIT when T is greater than 270.3 K or S is less than 
7.1 ‰, while a two-layer model is used to retrieve SIT when T is less than 270.3 K or S is greater than 7.1 ‰
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ignoring these system-specific nuances when applying 
a uniform model for SIT retrieval may lead to errors, 
emphasizing the need for corrections or adjustments 
when combining GNSS-R data from multiple systems for 
more accurate and reliable SIT estimations.

Last, the most established models for SIT retrieval 
using GNSS-R data make certain assumptions about the 
environment. Two common assumptions are that the 
sea water surface is calm and the SIT distribution is uni-
form. These assumptions simplify the modelling process 
but do not always reflect real-world conditions. The sea 
surface state can vary significantly due to wind and wave 
conditions. Rough seas can cause additional scattering of 
GNSS signals, complicating their interpretation. Wind 
also affects sea ice dynamics, leading to non-uniformities 
in SIT. Similarly, SIT can be highly variable even within a 
small geographic area due to factors such as ice growth, 
melting processes, or dynamic interactions between 
ice floes. This variability further complicates the SIT 
retrieval from GNSS-R data. Addressing these complexi-
ties requires improving the existing models or developing 
of new ones that better account for these variables.

Conclusion
GNSS-R has been widely utilized for remote sensing 
applications over land and oceans. While there is con-
siderable research on spaceborne GNSS-R for sea ice 
detection, including its identification, classification, 
distribution, and concentration, there exists a noticea-
ble gap in addressing Sea Ice Thickness (SIT), a particu-
larly challenging parameter to detect. Consequently, 
research on SIT inversion methods using spaceborne 

GNSS-R holds significant scientific and practical 
values.

This study aims to refine the two-layer model by 
developing a three-layer medium model of air-sea ice-
seawater. The three-layer model incorporates the upper 
interracial reflections, which are neglected in the two-
layer model, into the modeling process.

SIT estimation using FY-3E GNOS-R data employed 
both the two- and three-layer models. The two-layer 
model yielded an RMSE of 0.162 m and a correlation 
coefficient (r) of 0.789 compared to the reference SIT. 
In contrast, the three-layer model showed a better per-
formance for thicker SIT, with an RMSE of 0.149 m and 
the r of 0.830. To exploit their respective strengths, a 
combined model was devised, resulting in a better accu-
racy (RMSE of 0.137 m and r of 0.852) for SIT estima-
tion. This fusion scheme enhances the FY-3E GNOS-R’s 
capability to retrieve SIT with better precision.

In the future, as GNSS-R technology advances, there 
is an expectation to develop a four-layer model encom-
passing air, snow, sea ice, and sea water. This enhanced 
model aims to retrieve SIT more accurately, providing 
a nuanced representation of polar sea-ice conditions 
while maintaining estimation accuracy. The poorer per-
formance of the three-layer model is possibly attributed 
to negative freeboard, which can be addressed by refin-
ing the calculation of R1. Future endeavors may tackle 
this issue through in  situ measurements of SIT data or 
improved remote sensing products. Additionally, efforts 
can be made to independently retrieve SITs by GNSS-R 
without external data, focusing on obtaining sea ice tem-
perature and salinity.
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