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Abstract: The measurement of sea surface height (SSH), which is of great importance in the field
of oceanography, can be obtained through the innovative technique of GNSS-R for remote sensing.
This research utilizes the dataset from spaceborne GNSS-R platforms, the Cyclone Global Navigation
Satellite System (CYGNSS) and FengYun-3E (FY-3E), as the primary source of data for retrieving sea
surface height (SSH). The utilization of artificial neural networks (ANNs) allows for the accurate
estimation of ocean surface height with a precision of meter-level accuracy throughout the period of
1–17 August 2022. As a traditional machine learning method, an ANN is employed to extract pertinent
data features, facilitating the acquisition of precise sea surface height estimations. Additionally,
separate models are devised for both GNSS-R platforms, one based on constant velocity (CV) and the
other on constant acceleration (CA). The Interactive Multiple Model (IMM) is utilized as the main
method to combine the four models and convert the likelihood of each model. The transition between
the models allows the filters to effectively adapt to dynamic changes and complex environments.
This approach relies on the fundamental notion of the Kalman filter (KF), which showcases robust
noise handling capabilities in predicting the SSH, separately. The results demonstrate that the model
interaction technology is capable of efficiently filtering and integrating SSH data, yielding a Root
Mean Square Error (RMSE) of 1.03 m. This corresponds to a 9.84% enhancement compared to the
retrieved height from CYGNSS and a 37.19% enhancement compared to the retrieved height from
FY-3E. The model proposed in this paper provides a potential scheme for the GNSS-R data fusion of
multiple platforms and multiple models. In the future, more data sources and more models can be
added to achieve more accurate adaptive fusion.

Keywords: spaceborne GNSS-R; CYGNSS and FY-3E; interactive multiple model; Kalman filter

1. Introduction

The growing subject of ocean technology has garnered unprecedented worldwide at-
tention. In the field of oceanographic research, it has become extremely important to ensure
quality and simultaneously monitor the environment [1,2]. Utilizing sea surface height
data in ocean research enables a convincing examination of the effects of global climate
change on the melting of polar ice, the expansion of saltwater due to temperature changes,
and alterations in atmospheric and marine circulation systems [3]. The measurement of sea
surface height variations is crucial for oceanographic research, since they provide essen-
tial indications of dynamic changes in the marine environment [4]. To comprehensively
investigate significant characteristics of ocean fluid dynamics, such as tidal forces, ocean
currents, and the prediction of ocean disasters, it is necessary to continuously monitor
sea level. At present, methods for determining sea surface height include the use of tidal
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gauges and ocean altimetry satellites [5,6]. However, these methods have their limitations.
Tidal gauges can be affected by vertical crustal movements, while spaceborne altimeters
have long revisit periods and are cost-intensive [7,8]. GNSS-R technology shows great
potential in the field of remote sensing due to its advantages. With the development of
various spaceborne systems, a wider variety of navigation satellites have contributed to the
data sources utilized in GNSS-R technology [9]. In 2014, the Surrey Satellite Company in
the United Kingdom initiated the launch of the TDS-1 satellite [10]. Subsequently, in 2016,
NASA successfully launched CYGNSS [11], and in 2019, China launched the Bufeng-1 A/B
satellite [12]. These missions have significantly broadened the horizons for GNSS-R appli-
cations in space [13]. The availability of signal sources makes GNSS-R technology suitable
for a wide range of applications, such as soil moisture [14–16], ice [17–20], flood [21,22],
and sea wind [23], in recent years. In sea level altimetry, GNSS-R also proves valuable for
its precision and spatial resolution advantages [24–26].

The GNSS-R technique for sea level altimetry was first introduced by Martin in
1993 [27]. The viability of retrieving sea surface height using spaceborne GNSS-R is assessed
through simulations and experiments, which are conducted as a passive remote sensing
method [28]. The research reveals that employing the carrier phase can achieve accuracy
at the centimeter level. The reflected signals obtained from the TDS-1 (TechDemosat-1)
satellite are used to extract SSH measurements. In [29], the reflected signals from TDS-
1 satellites are utilized to extract measurements of sea surface height, which are then
compared to the DTU10 data. When the surface is covered by ice, the reflected signal
exhibits an increased coherence, resulting in a more precise RMSE of 4.7 cm [30]. Further
analysis of the TDS-1 data in SSH retrieval revealed the result, as demonstrated by the
achievement of a precision of 4.1 m during a 6 s integration period utilizing the code phase
approach [31]. Carrier phase altimetry provides higher accuracy but requires more specific
environmental conditions. Cardellach demonstrates a precision of 4.1 cm, indicating that
coherent scattering is achievable when the wind speed is below 6 m/s and the wave height
is less than 1.5 m [32]. Researchers have extensively studied continuity and optimization
in the detection and processing of coherent signals. This includes the development of
coherence assessment algorithms and the use of Kalman filtering for accurate carrier phase
predictions [33,34].

Therefore, although code phase height measurement may not attain very precise
accuracy, it is applicable in a broader variety of conditions. Furthermore, researchers have
been actively engaged in studies aimed at enhancing accuracy through the use of the code
phase altimetry method. In 2020, Mashburn introduced a delayed retracking approach
that relies on the reflection model [35]. The authors verified the effectiveness of their
approach by utilizing CYGNSS data collected in Indonesia, leading to a more accurate
measurement. The leading edge derivatives (LEDs) of spaceborne GNSS-R waveforms
are employed and enhanced to retrieve sea surface height in [36]. A correction method is
introduced for satellite altitude angles in the detection of sea surface height in [37]. The
authors employ model-driven and data-driven methodologies in this study to improve
the effects of elevation angle. Machine learning has recently emerged as a promising
tool in the field of GNSS-R altimetry and can be employed for data feature extraction
and sea surface height retrieval. The utilization of PCA-SVR and Convolutional Neural
Networks (CNNs) demonstrates the effectiveness of machine learning in GNSS-R remote
sensing applications [38]. CNNs have the advantage of being able to automatically extract
the GNSS-R’s features [39]. The F-ResNet was developed by utilizing CYGNSS data and
employing the FrFT method to filter the Delay Doppler Map (DDM) [40]. Subsequently,
an improved ResNet network was established for the purpose of retrieving SSH. Another
method employed in machine learning involves utilizing parametric mode decomposition
with spaceborne data from the QZSS-R platform [41], using L1, L2, and L5 signals to retrieve
the respective correlation coefficients. Furthermore, different spaceborne platforms operate
in different orbits, resulting in different geometry configurations of reflected signals on the
Earth’s surface over time. A variety of environmental factors and specific characteristics of
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the spaceborne platform have a substantial impact on the retrieved results. Reference [42]
analyzes and discusses the data obtained by different spaceborne platforms for remote
sensing. Therefore, the purpose of this work is to improve the precision of retrieved results
by integrating data from several platforms.

The IMM algorithm, based on Bayesian theory, enables the transition between models [43].
Each model operates concurrently, passes through a Markov probability matrix and the
updated probability of each model to switch models, and then chooses the model that
best fits the actual circumstance [44]. It is commonly used in modern, intricate estimation
problems. Due to the inherent inaccuracy of single-model formation, its usage is primarily
limited to moving target identification and speech recognition [45]. In this paper, it is used
in GNSS-R altimetry on multiple platforms with different models.

When conducting spaceborne GNSS-R SSH retrieval, it is common practice to desig-
nate a specific time window for calculating average results within a gridded area. Expand-
ing the coverage helps to avoid anomalies in the data that may occur within a single system.

As shown in Figure 1, we first download the CYGNSS and FY-3E data. Then, we
use the feature values and feed them into the network. The result is the height of the sea
surface. Then, we store the trained network parameters. Next, we mesh the ocean surface.
For the same cell, there will be retrieved data from CYGNSS or FY-3E systems, or both, or
neither. We design four models, which are based on the Kalman filter. Two of them are
developed using CYGNSS’s retrieved results. The other two are from FY-3E’s retrieved
results. The IMM-KF approach presented in this paper facilitates adaptive model selection
at different time intervals, resulting in a dynamic allocation of weight and probability,
ultimately culminating in the fusion of SSH data.
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Figure 1. Data processing flow chart.
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The contributions of this research are as follows:

• This research demonstrates the effective use of ANNs for retrieving SSHs from datasets
provided by the spaceborne GNSS-R platforms CYGNSS and FY-3E, achieving meter-
level precision in SSH estimations.

• The research develops distinct models, each utilizing KF, with implementations based
on either CV or CA to describe changes in SSH.

• This research employs the IMM-KF as the method for integrating and managing the
likelihood conversion of four distinct models. It enables the adaptation of the filters to
dynamic changes and complex environments.

The following sections are structured as follows: Section 2 provides a framework
for the methodology and developing models. Section 3 presents the obtained results and
provides the discussion and analysis. Section 4 is the conclusion.

2. Methodology
2.1. GNSS-R Altimetry Principle Using DDM

In spaceborne altimetry, the usual method is utilizing geometric principles to deter-
mine the delay in signal propagation. Subsequently, this signal arrives at the surface of
the ocean and is scattered. The antenna receives the reflected signals and the signals are
processed to different outputs, such as DDM. In the processing of the reflected signal,
the GNSS-R receiver generates a local replication with different time delays and Doppler
frequencies and then correlates the local replication with the received reflected signal. The
antenna receives the reflected signals with different delays and Dopplers. Thus, the DDM
can be acquired to show the characteristics of the surface. The Z-V model, which is the
bistatic radar equation used for GNSS reflected signals, is responsible for generating the
DDMs [46]. In a DDM, when applied to a smooth surface, the delay of the maximum power
corresponds to the specular point. Then, the DDM bins are computed by:

〈
|Y(τ, f )|2

〉
=

λ2T2
i

(4π)3 PtGt

∫∫ GrΛ2(τ)S2( f )
R2

t R2
r

σ0ds, (1)

where τ represents the delay, f represents the Doppler frequency, Ti represents the coherent
integration time, and λ represents the carrier wavelength. Pt is the transmission power
of the GNSS satellite, and Gt and Gr represent the gain of the transmitting and receiving
antennas, respectively. Λ2(τ) and S2( f ) are the Woodward Ambiguity Function (WAF)
and the Doppler shift function. Rt and Rr represent the distance from the transmitter to the
receiver and the receiver to the element ds on the surface, respectively. σ0 represents the
normalized bistatic radar scattering section (NBRCS).

The range for SSH retrieval is achieved by measuring the pseudo-code phase and
carrier phase.

Figure 2 shows the geometric principle. The current point of specular reflection
occurs on the surface of the sea, while the point of specular reflection for the model is on
the WGS84 ellipsoidal surface. The delay in the propagation path is determined by the
geometric relationship illustrated in the image. α represents the incidence angle. Rd is the
distance from the transmitter to the receiver. Rr and Rt are the distance from the specular
point on the sea surface to the receiver and transmitter, respectively.

The distances from the specular point on the ellipsoid to the receiver and the transmit-
ter are R′

r and R′
t, respectively. According to the geometric relationship, Ht and Hr are the

height of the transmitter and the receiver. Therefore, SSH is described as:

SSH =
(R′

t + R′
r − Rd)− (Rt + Rr − Rd)

2 cos α
. (2)

where α is the reflection incidence angle at the surface. This trigonometric relationship
is derived by assuming that [35] (1) the transmitter is far away enough that the incident
ray paths at the surface can be considered parallel and (2) the reflecting surface is flat. As
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shown in Figure 3, we use CYGNSS orbital parameters for simulation to obtain the height
retrieval error, which is limited to 2.5 mm.

GNSS Satellite

Low Orbit GNSS-R Satellite

α

SSH

Rr

Rt

Ht

Hr

Rt'

Rr'

Rd

α

specular point

Figure 2. Geometric relationship diagram of space GNSS-R.
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-0.15

-0.20
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Figure 3. Estimated error from linearized delay to height mapping.

2.2. Machine Learning SSH Retrieved Model
2.2.1. Dataset Preparation

The present study employs data from two GNSS-R platforms: CYGNSS and FY-3E.
CYGNSS is a microsatellite satellite system developed by NASA with the primary

objective of monitoring and researching on cyclones [11]. This platform includes eight
microsatellites. The content of CYGNSS’s Level 1 data comprises the observation data, such
as DDMs and other information. This paper uses the Level 1 V3.1 data of CYGNSS from
1–17 August 2022. Another data source we use is FY-3E, which China developed. FY-3E
is equipped with the Global Navigation Satellite System Occultation Sensor II (GNSSO-
II) instrument, which is purposed to procure the occultation observation data of signals
emanating from the GNSS satellite [47]. Both GNSS-R platforms employ a left-hand circular
polarization antenna to gather reflected signals from GNSS satellites. The reflected signals
are processed by the correlation procedures with locally generated pseudorandom codes,
resulting in the production of DDMs. The raw counts of the example DDMs are displayed
in Figure 4 for the CYGNSS and FY-3E platforms.
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Figure 4. Example DDMs of CYGNSS and FY-3E with 17 × 11 and 122 × 20 pixels, respectively.

Currently, most GNSS-R ocean altimetry studies depend on the DTU global ocean
tide model to establish SSHs as the ground-truth data [48]. The DTU global SSH model is
constructed from a synthesis of data collected from diverse altimetry satellites [49]. This
model precisely computes tidal heights based on input parameters including Julian Day
time and longitude/latitude. The SSH results SSHground_truth can be obtained by:

SSHground_truth = hMSS + hTide, (3)

where hMSS is the MSS result from the DTU21 global SSH model and hTide is the result from
the DTU global ocean tide model.

2.2.2. Training and Validation

The primary focus of this research is not on the novelty of machine learning network
architecture. Therefore, a classical ANN is employed to achieve SSH. The network will not
be excessively elaborate.

We select the data from 1 and 2 August 2022 for the network training. The training and
validation set ratio is determined to be 7:3. The DTU dataset is utilized as the specified target
variable for both training the network and evaluating the precision of the predicted results.

In the process of feature extraction, the incorporation of physical models assumes a
crucial role in identifying the pertinent features for machine learning. Within the scope of
this investigation, we have opted for parameters associated with the DDM peak specifically
for CYGNSS and FY-3E. The selection of these parameters is predicated on the signal-to-
noise ratio (SNR) of the receiving antenna and its antenna gain. When calculating SSH using
traditional geometric methods, it becomes imperative to take into account the geometric
coordinates of both the receiving and transmitting antennas, as well as the coordinates of
the specular points. Furthermore, considering the velocities of both the transmitter and
receiver plays a crucial role in attaining more accurate retrieval outcomes. Furthermore,
the parameters specific to each platform are detailed in Table 1 below, along with their
respective descriptions.
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Table 1. The input parameters of the network from CYGNSS and FY-3E.

CYGNSS FY-3E Description

tx_pos_x, tx_pos_y, tx_pos_z Tx_pos_x, Tx_pos_y, Tx_pos_z The position of the transmitter in the X, Y, Z directions
tx_vel_x, tx_vel_y, tx_vel_z Tx_vel_x, Tx_vel_y, Tx_vel_z The velocity of the transmitter in the X, Y, Z directions

rx_pos_x, rx_pos_y, rx_pos_z Rx_pos_x, Rx_pos_y, Rx_pos_z The position of the receiver in the X, Y, Z directions
rx_vel_x, rx_vel_y, rx_vel_z Rx_vel_x, Rx_vel_y, Rx_vel_z The velocity of the receiver in the X, Y, Z directions

sp_inc_angle Sp_inc_angle The incidence angle of the specular point

gps_ant_gain_db_i Sp_antenna_gain The antenna gain of the receiver antenna in the direction of
the specular point

ddm_snr \ The DDM peak signal-to-noise ratio
\ Ddm_sp_snr The DDM specular point signal-to-noise ratio
\ Ddm_sp_delay The DDM specular point delay
\ Ddm_peak_delay The DDM peak delay
\ Ddm_sp_doppler The DDM specular point Doppler shift

add_range_to_sp \ The additional range to the specular point

CYGNSS comprises 16 inputs, while FY-3E comprises 19 inputs, with DTU data
serving as the designated labels. The ANN network for CYGNSS data has four layers
with {20, 20, 20, 10} nodes in the corresponding layers. The network for FY-3E data has
five layers with {32, 16, 8, 4, 2} nodes in the corresponding layers. The input data are
normalized feature-wise to zero mean and unit variance, and we employ 1000 epochs.

2.3. SSH Processing Model Based on Kalman Filter

This study utilizes the SSH obtained through independent retrieval of data from the
CYGNSS and FY platforms. In the previous subsection, machine learning techniques are
used to calculate the SSH of individual specular points. Based on the results obtained from
each system during a specific period, different models are developed to describe the SSH
results. These models are referred to as constant velocity (CV) and constant acceleration
(CA) models, indicating that the SSH can be represented by either a CV or CA model.

The variability of the SSH has the potential to achieve filtration and prediction. After
averaging, it can be postulated that the alterations in the SSH caused by wind and waves
have been effectively eradicated. Consequently, the MSS is utilized as the basis for our
model. The global MSS can be analyzed by dividing global regions into distinct grids,
each representing a unique spatial domain. Our proposed model can filter and predict the
subsequent state by relying on the preceding state.

Following acquiring the MSS data, the Kalman filter is subsequently employed. Tradi-
tional methods can predict the MSS in the temporal dimension for one GNSS-R platform.
We define the state vector at the k-th time interval as:

h[k] =
[

h[k] ḣ[k] ḧ[k]
]T, (4)

where h[k] represents the SSH and ḣ[k] and ḧ[k] represent the first-order derivative and
second-order derivative of the MSS, respectively.

The measurements are modeled as

y[k] = Hh[k] + v[k], (5)

where H =
[

1 0 0
]

and v[k] is the measurement noise.
With the supposed model of the MSS, the state h is predicted as:

h−[k + 1] = ACV/CAh+[k], (6)
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where

ACV =

 1 T 0
0 1 0
0 0 0

, ACA =

 1 T 0.5T2

0 1 T
0 0 1

, (7)

and T is the time interval of the MSS measurement. The state estimation covariance P
follows the nominal propagation step:

P−[k + 1] = ACA/CVP+[k]AT
CA/CV + Q, (8)

where Q denotes the covariance matrix of the process noise in the system.
We denote the Kalman gain matrix as

K[k + 1] = P−[k + 1]HT
(

HP−[k + 1]HT + R
)−1

, (9)

where R is the measurement noise covariance. Following the standard Kalman update
steps, we obtain the filtering values h+[k + 1] and P+[k + 1] as:

h+[k + 1] = h−[k + 1] + K[k + 1]
(
y[k + 1]− Hh−[k + 1]

)
, (10)

P+[k + 1] = (I − K[k + 1]H)P−[k + 1]. (11)

To facilitate concise expression, we introduce the Kalman filter procedure FCV/CA as
a representation of the two filtering models of CV or CA, implemented in different GNSS-R
platforms. The function is defined as follows:(

h+[k + 1], P+[k + 1]
)
= FCV/CA

(
h+[k], P+[k]

)
. (12)

2.4. IMM-KF Method Designing and Implementing

IMM is a technique for estimating the target state by employing multiple models.
These models’ outcomes are fused using a proportional fusion strategy to achieve a more
adaptable estimation model. Based on the Kalman filter, we designed the IMM-KF method
to filter the retrieved result. The fundamental principles of the IMM-KF encompass input
interaction, parallel filter state estimation, likelihood function updating, model probability
adjustment, and output fusion. During this process, the initial information undergoes an
input interaction step, followed by state estimation using parallel filters. Subsequently,
the likelihood function is employed to update and adjust the model probability, while the
Markov state transition matrix facilitates the model transmitting. Finally, the output is
generated and integrated to produce the final estimation outcome. We use four different
models to operationalize the IMM-KF, building on the development and analysis of a
discrete model of a single system in the subsection above.

2.4.1. Model Interactions

This paper employs four distinct models, which utilize the Kalman filter to predict
and assess the observation. These models are subsequently integrated into the IMM-KF
method. The probability vector of the four models is

u[k] = {u1[k], u2[k], u3[k], u4[k]}
= {uCY,CV [k], uCY,CA[k], uFY,CV [k], uFY,CA[k]}.

(13)

Here, CY is short for the CYGNSS platform, and FY is short for the FY-3E platform.
At each time step k, the sum of the state distributions of the four models is 1, denoted as:

4

∑
j=1

uj[k] = 1. (14)
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where j represents the jth model, whose range is 1 to 4 in this paper. In other words, uj[k]
is the probability of the target being in model j at time k. The transition process between
the models adheres to the principles of the Markov process. Therefore, we can define the
state transition probability matrix as follows:

P =

 p11 · · · p14
...

. . .
...

p41 · · · p44

. (15)

The symbol P denotes the probability pij associated with the transition from model
i to model j. The sub-model’s state estimation value from the previous time and its
corresponding covariance are utilized to approximate the present time value. The initial
value can be calculated using the Markov transition probability and the model probability
matrix. Given that the model is currently at the k − th, the initial probability of the filter
is established:

uij[k] = pijui[k]/cj[k], (16)

cj[k] =
4

∑
i=1

pijui[k], (17)

where uij[k] is the conditional probability associated with the transition from model
i to model j at time k. cj[k] represents the probability of being in model j after the
input interaction.

2.4.2. Filter Input Calculation

The model input variables and their corresponding covariances for each filter at the
time k are computed. Based on the Kalman filter, the output can be obtained according to
the following equations:

ĥ0,j[k] =
4

∑
i=1

hi[k]ui,j[k], (18)

P0,j[k] =
4

∑
i=1

ui,j[k].
{

Pi[k] +
[
ĥi[k]− ĥj[k]

][
ĥi[k]− ĥj[k]

]T
}

, (19)

where ĥ0,j[k] and P0,j[k] represent the predicted state and the covariance matrix of the
model j after the interaction.

2.4.3. Parallel Kalman Filtering

Within the IMM-KF, the input data are input to the selected filter model, which
performs state estimation, filtering processing, and prediction. Maintaining the accuracy
and performance of each corresponding Kalman filter model is imperative by ensuring that
the input data are updated on time at each time step.

As mentioned before, F is used in this step. According to the provided data, it is
possible to acquire four distinct filters, with their respective formulas being as follows:(

hCY,CV [k + 1], P+
CY,CV [k + 1]

)
= FCV(h0,CY,CV [k], P0,CY,CV [k])(

hCY,CA[k + 1], P+
CY,CA[k + 1]

)
= FCA(h0,CY,CA[k], P0,CY,CA[k])(

hFY,CV [k + 1], P+
FY,CV [k + 1]

)
= FCV(h0,FY,CV [k], P0,FY,CV [k])(

hFY,CA[k + 1], P+
FY,CA[k + 1]

)
= FCA(h0,FY,CA[k], P0,FY,CA[k])

(20)
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2.4.4. The Maximum Likelihood Estimation Equation Construction

The statistical technique of maximum likelihood estimation is a commonly employed
method for determining the values of unknown parameters based on observed data. The
maximum likelihood equation is employed in the IMM-KF to determine the optimal filter-
ing model that generates a state estimate that exhibits a high degree of similarity with the
observed data. A joint probability function is derived by multiplying the prior probability
of the system state with the likelihood function of the observed data. Maximizing the joint
probability function determines the optimal model and its corresponding state estimate.

The optimal filtering model can be determined by maximizing a maximum likelihood
equation utilizing the available observed data. Different models demonstrate various
degrees of performance and adaptability. The attainment of precise and dependable
state estimation outcomes can be facilitated by identifying the most suitable model. It
can also include ambiguity in the observed data and system state, producing a more
accurate estimate. The process can effectively measure uncertainty and appropriately
allocate weights to various models based on uncertainty, yielding more rational outcomes.
The maximum likelihood equation is employed in the IMM-KF to facilitate the dynamic
switching of filtering models. Over time, as observational data evolve, the maximum
likelihood equation can select a filtering model best suited for the current state. This
process enhances the filter’s performance and resilience. Various filtering models are
employed to derive benefits. Diverse models may exhibit superior performance under
varying circumstances. By employing the maximum likelihood equation for state fusion
and weighting, it is possible to enhance state estimation’s precision by amalgamating
individual models’ outcomes. Then, we can construct the maximum likelihood equation at
time k + 1:

Lj[k] =
1√

(2π)β
∣∣Sj[k + 1]

∣∣ · e−
1
2 (ỹj [k+1]TSj [k+1]−1 ỹj [k+1]), (21)

where β is the dimension of the model. And ỹj[k + 1] represents the innovation, and
Sj[k + 1] represents the covariance matrix, which can be expressed as:

ỹj[k + 1] = y[k + 1]− Hj[k + 1]ĥj[k + 1], (22)

Sj[k + 1] = Hj[k + 1]Pj[k]Hj[k + 1]T + R[k + 1]. (23)

The state probability distribution of the updated model j can be represented as follows:

uj[k + 1] =
Lj[k + 1]uj[k + 1]

∑4
j=1 Lj[k + 1]uj[k + 1]

(24)

Thus, the state estimate h[k + 1] and the corresponding covariance matrix P[k + 1] can
be obtained by

ĥ[k + 1] =
4

∑
j=1

ĥj[k]uj[k + 1], (25)

P[k + 1] =
4

∑
j=1

[
Pj[k + 1]+(

ĥj[k + 1]− ĥ[k + 1]
)(

ĥj[k + 1]− ĥ[k + 1]
)T

]
· uj[k + 1]. (26)

The operational procedure of the IMM-KF for retrieving sea height, shown in Figure 5,
iteratively processes sea surface altimetry measurements.
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Figure 5. Model working schematic.

3. Results and Analysis
3.1. Machine Learning Retrieved Results

Data from the CYGNSS and FY-3E platforms during 1–17 August 2022 are used. The
data from the first and second days of August are used for training. The input data for
predicting SSH are derived from the feature information extracted from each reflection
event. The label is produced based on the DTU model, which is explained in Section II. As
shown in Figure 6, although FY-3E provides fewer data than CYGNSS, it can also pick up
signals from the Galileo and Beidou systems in addition to GPS. Additionally, its range of
latitude is wider than CYGNSS’s. The color bar shows the retrieved SSH in the map.

During the data processing phase, the initial step involves implementing data quality
control. This process includes filtering the two spaceborne GNSS-R product datasets
based on their respective flags, excluding data with low SNR and specular points on land.
Furthermore, we choose the DDMs where the peak bin is not in the first/last row/column.

Due to CYGNSS’s latitude limitations (−40 to 40 degrees), it is appropriate to apply
the IMM-KF approach. The neural network is trained in a GPU environment using the
NVIDIA GeForce RTX 4090, with an average duration of approximately two hours.

After obtaining SSH values for each specular point, we divide the points into a dataset
every 8 h. Following this, the worldwide map is divided into a cell with dimensions of
0.25 ◦ by 0.25 ◦, and the average measurement of multiple specular scattering points in each
cell is calculated. Next, a two-dimensional interpolation is performed on the worldwide
gridded map, leading to the computation of the MSS map for the specified 8-hour time
period. However, the limited number of FY-3E points is identified as the reason for the
impracticality of performing two-dimensional interpolation. Therefore, a sliding window
mean is utilized, with a window size of three temporal intervals and a shift of one temporal
interval. This ensures the availability of sufficient specular reflection points to facilitate two-
dimensional interpolation during each temporal interval. This study produces 51 global
MSS maps by utilizing the data over 17 days. The output consists of an 8-hourly depiction
of the global MSS map for CYGNSS and FY-3E. This research utilizes a temporal resolution
of 8 h and a spatial resolution of 0.25◦ × 0.25◦.
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Figure 6. Example tracks of CYGNSS and FY-3E. (a) CYGNSS track, (b) FY-3E track. (8 h for CYGNSS
and 48 h for FY-3E.)

The convergence curves of the training are shown in Figure 7. The overall process
demonstrates convergence, as shown by the curves plotted at the completion of the training
process, corresponding to 36 and 60 iterations, respectively. These curves indicate that
MAE tends to stabilize during the learning process.

0 5 10 15 20 25 30 35
Epoch

1.5

2

2.5

3

3.5

4

4.5

5

5.5

6

Pe
rf

or
m

an
ce

(M
A

E
)

Training Performance
Test Performance

(a)

0 10 20 30 40 50 60
Epoch

 4

 6

 8

10

20

30

Pe
rf

or
m

an
ce

(M
A

E
)

Training Performance
Test Performance

(b)
Figure 7. Convergence curve during network training. (a) CYGNSS, (b) FY-3E.

The data training prediction results are presented in Table 2 and Figure 8, indicating
that both platforms demonstrate a high correlation coefficient with the true SSH, exceeding
99%. The correlation coefficient between the retrieved SSH data obtained by the CYGNSS
platform and that of the FY-3E platform is marginally greater. This suggests that the ANN
employed for predicting SSH for both spaceborne GNSS-R platforms has demonstrated
initial efficacy with a degree of accuracy at the meter level. The RMSE values for the SSHs
obtained through CYGNSS and FY-3E are 1.24 and 1.73 m, respectively. The results show
that CYGNSS performs slightly better than FY-3E.

Furthermore, the Mean Absolute Error (MAE) values for the two platforms reached
0.85 and 1.28 m, respectively. The CYGNSS platform exhibits superior performance, result-
ing in a substantial data volume. Conversely, the FY-3E system has a restricted number of
receiving equipment, and its latitude range spans from −90 to 90 degrees, thereby gener-
ating relatively fewer data during a given time. An additional factor contributing to the
variation in outcomes is the utilization of a conventional and straightforward ANN in this
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study, without incorporating more intricate network architecture. The SSH at the meter
level is retrieved using the ANN, providing a foundation for future IMM-KF methods.
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Figure 8. The density map of CYGNSS—ground truth and FY-3E—ground truth. (a) Prediction from
CYGNSS, (b) prediction from FY-3E.

Table 2. The SSH prediction results from CYGNSS and FY-3E.

CYGNSS FY-3E

MAE (m) 0.85 1.28
RMSE (m) 1.24 1.73

R2 (%) 99.92 99.81

To further investigate the sensitivity of the neural network model under different
conditions, we plotted the CYGNSS and FY-3E data based on the SNR, as illustrated
in Figure 9. Subsequently, we conducted a segmented analysis. The results indicate
that both of the spaceborne models’ data show a good performance under high-SNR
conditions. However, the scatter plot of FY-3E data reveals a less concentrated distribution
of absolute errors compared to results retrieved from CYGNSS data. Table 3 demonstrates
that performance metrics are superior under high-SNR conditions. This can be attributed
to the fact that in high-SNR scenarios, which correspond to low wind speeds and favorable
environments, the signal energy is more concentrated and the reflected signal data are less
affected by environmental factors, leading to more accurate results. The findings suggest
that both CYGNSS and FY-3E data exhibit consistency with respect to SNR, indicating that
high-SNR conditions are more suitable for the neural network-based retrieval of the sea
surface height.
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Figure 9. The absolute error distribution of the different spaceborne SNR data. (a) CYGNSS, (b) FY-3E.
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Table 3. The results in different SNR ranges.

SNR (dB) CYGNSS FY-3E

MAE (m)

2–6 1.01 1.85

6–10 0.90 1.74

>10 0.82 1.61

RMSE (m)

2–6 1.30 1.85

6–10 1.21 1.77

>10 1.17 1.67

R2 (%)

2–6 99.90 99.77

6–10 99.93 99.82

>10 99.95 99.84

3.2. IMM-KF Results and Analysis

We conduct IMM-KF processing on each cell in the time domain using 51 global MSS
maps. A display grid cell has a latitude range of −6.75 to −6.5 degrees and a longitude
range of 12.5 to 12.75 degrees. As illustrated in the previous subsection, CYGNSS and
FY-3E have two models (CV and CA) to describe the MSS changing in the 8 h period.

The global MSS maps, obtained from observations of CYGNSS, FY-3E, and the DTU
model during the first 8-hour time frame of August 1, are depicted in Figure 10. This
figure illustrates significant similarity in the outcomes obtained from three distinct models.
However, it is evident that there are significant differences in the MSS map in certain
regions, such as at the location of 140◦ in longitude and 20◦ in latitude. The results obtained
by retrieving CYGNSS and DTU models are similar, while FY-3E does not capture the
SSH features of this particular region. The reason for incomplete global coverage during
the specified period can be attributed to the inadequacy of specular reflection points in
FY-3E. Consequently, in certain regions covered by only a subset of a few dispersed points,
two-dimensional interpolation is necessary to acquire the MSS within each cell, leading to
retrieval inaccuracies. Despite the sliding window averaging applied to the FY-3E data to
mitigate noise in the global MSS, some global grids still exhibit MSS retrieval errors.

In the selected cell (a latitude range of −6.75 to −6.5 degrees and a longitude range of
12.5 to 12.75 degrees), as mentioned before, we collect the retrieved SSH from CYGNSS and
FY-3E platforms. It is a fact that the reflection does not always occur in this cell. In this case,
we use the average of the SSH to obtain the MSS for 8 h. The reflections from the CYGNSS
and FY-3E platforms in 8 h are averaged, respectively.

As shown in Figure 11, the MSS values of 51 global maps within the selected cell are
presented (the data are from 17 days, and three global maps can be obtained in a day).
The utilization of the proposed IMM-KF technique based on two GNSS-R platforms is
demonstrated by the MSS trend in the red line, while the yellow line represents the MSS
trend of the DTU model. The figure illustrates notable deviations between the outcomes of
FY-3E and the observed values on 4 August and 12 August. During this period, IMM-KF
tends to rely on the CYGNSS model. From 13–17 August 2022, IMM-KF tends to place
reliance on the outcomes derived from FY-3E. The IMM-KF approach can perform filtering
and fusion on a continuously changing observation quantity, even with significant sampling
point errors, by allocating distinct model probabilities.

Figure 12 displays the probability distribution of each time step’s model for the
four models designed in this article. The figure illustrates that the model probability of
CYGNSS is comparatively higher during the observed period, owing to the high precision
of CYGNSS data. From August 4 to August 6, the CY-CA model probability is found
to be the predominant component among the four model probability distributions. This
observation suggests that the model’s acceleration is consistent throughout and is primarily
influenced by the results established through CYGNSS retrieval. During the period from
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12–14 August 2022, there is a tendency for the MSS to exhibit a more uniform pattern of
change.
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Figure 10. MSS maps on August 1st. The data sources from top to bottom are CYGNSS, FY-3E,
DTU21.
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Figure 11. The MSS result based on IMM-KF during the 17 days.

Additionally, it is observed that the probability of the CY-CV model reaches its maxi-
mum value, approaching unity. Compared to the CYGNSS model, the probability of the
FY-3E model is comparatively lower, particularly in the case of the FY-CA model, which
makes a relatively more minor contribution to the overall IMM-KF. The explanation for
this could be attributed to the reduced data precision of FY-3E, which poses challenges
in providing a precise depiction of the CA model. After 14 August, the likelihood of the
FY-3E model exhibits a consistent increase compared to the CYGNSS model. Moreover,
the probability of the FY-CV model approaches unity during this interval, signifying its
efficacy in accurately characterizing and forecasting MSS. The model employs an adap-
tive approach and selects a model that relies on FY-3E data, which exhibit comparatively
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smoother and more stable characteristics than those of CYGNSS. This observation also
indicates the accuracy and efficacy of the model. The statistical results indicate that the
RMSE of CYGNSS’s MSS is 1.15 m, while the RMSE of FY-3E’s MSS is 1.65 m. Additionally,
the IMM-KF approach reaches an RMSE of 1.03 m, which provides evidence for the efficacy
of the method proposed in this paper.
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Figure 12. The probability of each model during the time.

4. Conclusions

This paper focuses on the interaction of the models using CYGNSS and FY-3E GNSS
measurements. First, this study constructs an artificial neural network to retrieve SSH,
which includes different layers and nodes. The study involves training and making predic-
tions using a dataset from 1–17 August 2022. The analytical findings demonstrate that the
correlation coefficients between the retrieved SSH from both platforms and DTU21 >99%.
The RMSE values for CYGNSS and FY-3E are 1.24 and 1.73 m, respectively. These results
indicate that CYGNSS data show higher accuracy due to the larger dataset compared to the
FY-3E platform.

Following that, we introduce the IMM-KF approach. The introduction of the IMM-KF
method highlights the importance of interaction between multiple models and improves
the accuracy and robustness of estimation by dynamically switching between different
dynamic models, so as to effectively deal with SSH estimation in complex environments.
The study employs an 8 h time interval and discretizes the global region into spatial domain
cells with dimensions of 0.25◦ × 0.25◦ of latitude and longitude. The IMM-KF methodology
is implemented by creating four distinct models: CY-CV, CY-CA, FY-CV, and FY-CA. Each
model performs Kalman filtering for its specific state and then combines the models at
each time step, while adjusting the model probabilities accordingly to generate the most
favorable outcome. It is obvious that this approach dynamically adjusts the probabilities
assigned to each model at varying time intervals. This adaptive mechanism facilitates the
integration of multiple systems and models through the process of amalgamation filtering.
The results reveal that the RMSE values for CYGNSS and FY-3E in the selected location cell
are 1.15 and 1.65 m, respectively. Nevertheless, the IMM-KF approach presents the ability
to improve these results to an RMSE of 1.03 m.

Our future research will focus on improving and expanding our models to more
effectively encompass a broader spectrum of dynamic fluctuations in SSH. This expansion
is expected to lead to a deeper and more complex understanding of these differences. Fur-



Remote Sens. 2024, 16, 1896 17 of 19

thermore, we are presently engaged in comprehensive research to identify supplementary
data sources with the aim of enhancing the accuracy and precision of ocean altimetry ob-
servations. These strategic advances are anticipated to significantly enhance the field of sea
surface height measurement, signifying a substantial advancement in this specialized area.
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