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Abstract: The retrieval of global significant wave height (SWH) data is crucial for maritime navigation,
aquaculture safety, and oceanographic research. Leveraging the high temporal resolution and spatial
coverage of Cyclone Global Navigation Satellite System (CYGNSS) data, machine learning models
have shown promise in SWH retrieval. However, existing models struggle with accuracy under
high-SWH conditions and discard a significant number of such observations due to low quality,
which limits their effectiveness in global SWH retrieval, particularly for monitoring tropical cyclone
(TC) events. To address this, this study proposes a daily global SWH retrieval framework through
the enhanced eXtreme Gradient Boosting model (XGBoost-SC), which incorporates Cumulative
Distribution Function (CDF) matching to introduce prior distribution information and reduce errors
for SWH values exceeding 3 m. An enhanced loss function is employed to improve accuracy and
mitigate the distribution bias in low-SWH retrieval induced by CDF matching. The results were
tested over one million sample points and validated against the European Centre for Medium-
Range Weather Forecasts (ECMWF) SWH product. With the help of CDF matching, XGBoost-SC
outperformed all models, significantly reducing RMSE and bias while improving the retrieval
capability for high SWHs. For SWH values between 3–6 m, the RMSE and bias were 0.94 m and
−0.44 m, and for values above 6 m, they were 2.79 m and −2.0 m. The enhanced performance of
XGBoost-SC for large SWHs was further confirmed in TC conditions over the Western North Pacific
and in the Western Atlantic Ocean. This study provides a reference for large-scale SWH retrieval,
particularly under TC conditions.

Keywords: Cyclone Global Navigation Satellite System (CYGNSS); Global Navigation Satellite
System-reflectometry (GNSS-R); tropical cyclone; significant wave height

1. Introduction

The global retrieval of significant wave height (SWH) data has profound significance
for maritime navigation, aquaculture safety, and oceanographic research. Buoy systems
and satellite radar altimeters [1,2] are constrained by their monitoring scope or temporal
resolution, restricting their ability to rapidly and effectively measure the global SWH.

In 1993, Martín-Neira first proposed an ocean radar altimeter technology to retrieve the
SWH using Global Navigation Satellite System-reflectometry (GNSS-R) [3]. Subsequently,
various shipborne and shore-based SWH experiments were conducted. However, these
techniques were limited in spatial coverage and temporal resolution and couldn’t achieve
rapid global observation. The successful launch of satellite missions such as TechDemoSat-1
(TDS-1) [4], Cyclone GNSS (CYGNSS) [5], and BuFeng-1 A/B [6] provided opportunities to
address these limitations. Spaceborne GNSS-R, particularly CYGNSS, has enabled rapid
and efficient global observations of SWH. Additionally, it has been applied to retrieve
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other geophysical parameters, such as soil moisture [7], sea surface wind speed [8], oil spill
detection [9], and sea surface height (SSH) [10].

Inspired by radar altimetry, Clarizia [11] proposed an approach to estimate SWH using
the relationship between SWH and the leading-edge slope (LES) of the Integrated Delay
Waveform (IDW). Similarly, Peng and Jin [12] developed an empirical function relating the
square root of the signal-to-noise ratio (SNR) to SWH for global estimation. Subsequently,
Yang and Jin [13] established a polynomial relationship between SWH, LES, and the delay-
Doppler map average (DDMA) to retrieve the SWH. In 2022, Bu and Yu [14] proposed
four variables to construct a relation function with SWH, i.e., the LES of a normalized
integrated delay waveform (NIDW), LES of a normalized central delay waveform (NCDW),
trailing-edge slope (TES) of NCDW, and leading-edge waveform and summation (LEWS) of
a NCDW. Among these variables, the NCDW LES achieved the best retrieval performance
with a root mean square error (RMSE) of 0.50 m and MAPE of 20.2%. Subsequently, they
used DDMA and LES to construct two empirical models and applied the minimum variance
estimator (MVE) to combine these models to enhance prediction performance [15]. This
study achieved a promising retrieval result with an RMSE of 0.43 m and an MAPE of 25.5%.
However, due to strict quality control measures, the study lacked sufficient sample points
for large-scale SWH observations and did not account for SWH values exceeding 6 m. In
summary, the retrieval accuracy of a single geophysical model function (GMF) is limited.
Characterizing the relationship between SWH and complex electromagnetic scattering,
especially in high-SWH ranges, is particularly challenging [16].

With the continuous development of artificial intelligence technology, machine learn-
ing (ML) algorithms have been widely applied in remote sensing information processing.
In recent years, researchers have applied ML to spaceborne GNSS-R for SWH retrieval.
It is important to note that CYGNSS does not directly measure sea surface SWH but in-
stead constructs the retrieval model based on the nonlinear relationship between SWH
and retrieval parameters. Wang et al. [17] used an artificial neural network (ANN) to
construct the relationship between 10 variables and SWH from the European Center for
Medium-range Weather Forecasts (ECMWF). It reduced the errors in high SWH values by
using an oversampling technique and a soft data filter. Consequently, the study achieved
an RMSE of 0.45 m, but the filter resulted in the loss of 16.0% of the observations. Wang
et al. [18] demonstrated the superior performance of the Bagging Tree (BT) model for
retrieving SWH, achieving an RMSE of 0.50 m, outperforming various other ML models.
Bu et al. [19] proposed a deep convolutional neural network (DCNN) model for retrieving
swells and wind waves. Compared with the BT model, their model improved the RMSE
for swell and wind waves by 26.74% and 27.41%, respectively. Qiao et al. [20] proposed
a transformer-based network called WaveTransNet and achieved an RMSE of 0.443 m.
However, these papers neither effectively address the errors in high SWH values nor have
the capability for global daily retrieval.

Current GNSS-R SWH retrieval models face challenges in accurately capturing high
SWH values, mainly due to the scarcity of high-value samples and the complex reflection
conditions [18,19]. To the best of our knowledge, no existing studies have specifically
addressed the retrieval accuracy issue with high SWHs, particularly during tropical cy-
clones (TC). In GNSS-R wind speed retrievals, the Cumulative Distribution Function (CDF)
matching has been successfully applied to mitigate retrieval bias. Clarizia and Ruf [21]
used the CDF of the observable and the ground-truth reference winds to construct a wind
speed retrieval model. Reynolds et al. [22] applied the CDF matching after the proposed
ANN retrieval model, achieving the lowest RMSE at the time among the literature for
wind speed retrievals from CYGNSS. However, no research has applied this method to
SWH retrieval.

This paper aims to develop a robust global retrieval model and improve the accuracy of
spaceborne GNSS-R with high SWHs (>3 m), especially in surging wave and TC conditions.
XGBoost is chosen as the fundamental model [23] and is enhanced by the CDF matching
and an improved loss function. The CDF matching is applied to escalate underestimates of
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high SWHs (>3 m), while the improved loss function is applied to reduce the errors caused
by the CDF matching with moderate and low SWHs (0–3 m). Furthermore, in addition to
DDM characteristics, this study incorporates additional auxiliary variables (receiver-related
and geometry-related) to assist the ML model in establishing the relationship between
SWH and the retrieval parameters.

2. Data
2.1. Datasets

The GNSS-R datasets used in this paper are from the CYGNSS (L1B) v3.1 product in
2022. CYGNSS consisted of eight microsatellites, each carrying a four-channel bistatic radar
receiver capable of receiving GPS reflections from 40°S to 40°N (Figure 1a). It provides
Earth surface data with a high spatiotemporal resolution at around 25 km and 0.5 s [24].

Figure 1. Distribution of the dataset (a), with the blue area indicating the coverage of CYGNSS data
over the sea and the green area representing coastal seas, defined as regions 50 km away from the
coastline. Histogram of SWH distribution for the overall dataset (b). Histogram of SWH distribution
for the five typhoons in the testing dataset (c). ’TD’, ’TS’, ’STS’, ’TY’, ’STY’, and ’SuperTY’ denote
tropical depression, tropical storm, severe tropical storm, tropical cyclone, severe typhoon, and super
typhoon, respectively. The red box represents the area of statistics shown in (c).

The reference SWH is provided by fifth-generation reanalysis data from the ECMWF
(ERA-5) with a grid resolution of 0.5° × 0.5° and a temporal resolution of 1 h. The ECMWF
reanalysis data have been widely used in constructing geophysical parameters models,
which have provided global atmospheric, land, and oceanic geophysical parameters from
1950 to the present [25]. There are numerous swell-related parameters provided by the
ECMWF. In this paper, the significant height of combined wind waves and swell is selected
as the truth value of SWH which is closer to the real sea state [14,18].

To build a reliable dataset and obtain accurate SWH truth values for specular points,
the matchup of the CYGNSS L1 product with the ECMWF SWH data was performed by
spatial bilinear and temporal linear interpolation. A geographically partitioned random
down-sampling model is applied to minimize computational resource expenditure and cap
the total volume of data at nearly 5 million samples. Additionally, to ensure the limited
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samples more effectively cover the areas prone to TC impacts [26], the down-sampling
weights are set to 1:6:1 for the equatorial region, 5°N to 30°N, and 30°N to 40°N, with the
same approach applied in the Southern Hemisphere.

All the datasets were segmented for training the model from 1 January to 31 May 2022,
validating the model from 1 June to 31 August and testing the model from 1 September
to 31 December. The partitioning ratio for these three datasets was set at 3:1:1, and the
temporal segment helps mitigate the impact of data leakage caused by temporal correlation
between datasets on model accuracy. The average minimum SWH and median values
in the dataset are 0.17 m and 2.04 m, respectively. The maximum daily SWH fluctuates
significantly over time, with its minimum value being 4.11 m and its maximum value
reaching 13.45 m (Figure 2).

Figure 2. Daily data volume, maximum, minimum, and median values for the training, validation,
and test datasets.

As a satellite with the scientific motivation to observe TC [5], it is regrettable that
CYGNSS cannot accurately obtain high SWH values [18,19], especially during TCs. There
were 13 typhoons that occurred in 2022 over the Western North Pacific (WNP) ocean [27].
Five typhoons were selected to test our model, i.e., Hinnamnor, Muifa, Nanmadol, Nesat,
and Nalgae (Figure 1a, Table 1). During these TC periods, 19% of the SWHs were above
3 m and the highest value reached 10.83 m (Figure 1c). In contrast, only 10.8% of the SWHs
were above 3 m in the global test data (Figure 1b). Therefore, it is crucial to enhance the
retrieval accuracy of high SWHs, especially in TC conditions.

Table 1. Detailed information of selected five typhoons.

Typhoons Start Time End Time Max SWH Data Volume

Hinnamnor 1 September 2022 6 September 2022 9.93 m 1839
Muifa 10 September 2022 14 September 2022 6.14 m 1442

Nanmadol 15 September 2022 19 September 2022 10.83 m 1110
Nesat 16 October 2022 18 October 2022 7.30 m 611

Nalgae 30 October 2022 2 November 2022 7.09 m 1432

2.2. Feature Selection

This paper utilizes features related to the delay-Doppler map (DDM) and other aux-
iliary variables provided by the CYGNSS L1B v3.1 product. DDM is a 17-discrete time
delay and 11-discrete Doppler frequency 2-D power diagram, with a delay bandwidth of
0.25 chip units and a Doppler frequency bandwidth of 500 Hz. When its specular point (SP)
is located on the sea surface, its image presents a classic horseshoe shape [28]. Different sea
surface SWHs cause changes in sea surface roughness, which affects the DDM power values
(Figure 3). When the sea is calm, good specular reflection conditions are formed, resulting
in higher power values in the red box in Figure 3a. As the SWH increases, the reflection
conditions worsen, leading to weaker power values in the same region (Figure 3b,c).
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Figure 3. The CYGNSS L1 delay-Doppler map (DDM) under three SWH conditions, (a) SWH = 2.48 m,
(b) SWH = 4.11 m, (c) SWH = 6.01 m.

Compared with previous studies [14,15,18], additional waveform features of integral
delay waveform (IDW) are incorporated to better characterize the DDM, including LES,
TES, LEWS, and trailing-edge waveform summation (TEWS). Other DDM-related features
are also considered, such as DDMA, SNR, Scatter Area, Noise Floor, NBRCS, and DDM
maximum bin (DDM_preak).

DDMA is the average of 5 Doppler × 3 delay bin box analog power in DDM, which
is shown in Figure 3 with the red line. LES, TES, and NBRCS are also calculated from the
5 Doppler × 3 delay bin box[11]. Detailed calculation methods for LEWS and TEWS are
described in [14,29]. As indispensable features of DDM, SNR [12] and DDM_peak [30] also
have the potential to retrieve SWH at the global scale.

Although many feature variables are available for retrieving SWH, the relationship
between these variables and SWH becomes increasingly challenging as SWH increases
(Figure 4). This complexity also requires the inclusion of auxiliary variables. Two types of
auxiliary variables (receiver-related and geometry-related) are incorporated to improve the
retrieval accuracy of the ML model. The detailed information of selected feature variables
is shown in Table 2.

Figure 4. The relationships between the feature variables and SWH. (a) DDMA, (b) LES,
(c) DDM_peak.

2.3. Data Preprocessing

The following quality control methods are performed to screen the CYGNSS L1B data.

1. The quality control (QC) flag excludes the observation with specular point less than
25 km from land and other invalid or large errors in DDMs.

2. All the DDM observables and auxiliary parameters (e.g., LES, TES, and sp_rx_gain)
must be positive, and all the Nan values are discarded.

3. The nano star tracker attitude status (NST_att_status) should be “OK” (i.e., NST_att_
status = 0).

4. The range-corrected gain (RCG) figure of merit (FOM) for the DDM should be larger
than or equal to 10.
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Table 2. List of input variables for ML model.

Variables Description

DDM-related LES Leading-edge slope
TES Trailing-edge slope

LEWS Leading-edge waveform summation
TEWS Trailing-edge waveform summation

DDMA DDM average
SNR DDM signal-to-noise ratio

NBRCS Normalized bistatic radar cross section
Scatter Area Scattering area of NBRCS
Noise Floor DDM noise floor
DDM_peak The max scatter power of DDM

Receiver-related gps_erip GPS effective isotropic radiated power
sp_rx_gain Specular point receiver antenna gain

Geometry-related sp_lon Specular point longitude
sp_lat Specular point latitude

sp_inc_angle Specular point incidence angle
sp_az_body Specular point azimuth angle

RCG Range-corrected gain

3. Methodology

Inspired by the effectiveness of ensemble learning in constructing geophysical pa-
rameter models [18], the eXtreme Gradient Boosting (XGBoost) [23] is selected as the base
model after comparing with the BT, Artificial Neural Networks (ANN), Random Forests
(RF), Gradient Boosting Decision Trees (GBDT), and Light Gradient Boosting Machine
(lightGBM) models.

The overall structure of this paper is illustrated in Figure 5. First, we constructed a dataset
using ERA-5 SWH data and the CYGNSS L1B product. This dataset was then used to test
various machine learning methods and parameter settings, from which the optimal model
and input parameters were selected. Subsequently, to address the issue of lower retrieval
accuracy for high SWH values, CDF matching was employed to reduce model errors for SWH
values above 3 m (XGBoost-SC). Concurrently, the S-Huber loss function (XGBoost-S) was
applied to enhance the retrieval accuracy for SWH values in the range of 0 to 3 m.

Figure 5. The main structure of this paper.
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3.1. XGBoost Model

XGBoost is a highly efficient and scalable ML algorithm known for its performance
and speed in data modeling. It has been widely applied in regression and classification
tasks [23]. Its high efficiency in optimizing the objective function enhances its robustness
and versatility across various applications.

The equation for the prediction of the XGBoost model is given in (1).

ŷi =
K

∑
k=1

fk(xi), fk ∈ F (1)

where ŷi represents the predicted values, K is the number of decision trees, xi denotes the
sample input features, and F is the set of all possible decision trees. The objective function
of XGBoost contains two parts: the training loss and regularization term in (2):

Obj =
N

∑
i

Loss(yi, ŷi) +
K

∑
i

Ω( fk) (2)

Ω( fk) = γT +
1
2

λ∥w∥2 (3)

where Loss(yi, ŷi) is the loss function to measure the residual between ŷi and yi (reference
value) during each iteration of XGBoost, Ω( fk) is a regularization parameter that aids
in managing the model’s complexity, thereby preventing overfitting and ensuring better
generalization to unseen data, T is the number of the leaf node, w is the score of each leaf
nodes, γ and λ are the hyper-parameters to control the model structure, and N represents
the number of samples.

3.2. XGBoost-SC Model

The fundamental structure of the enhanced XGBoost-SC model is illustrated in Figure 6.

Figure 6. The structure of the XGBoost-SC model.

The accuracy and generalization ability of XGBoost are influenced by the distribution
of the sample data. While the Mean Squared Error (MSE, (4)) is commonly used as a loss
function for regression tasks in XGBoost, it tends to overly magnify the importance of larger
errors. This can lead to a focus on minimizing larger errors at the expense of smaller ones,
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especially when handling imbalanced datasets. As a result, the model’s robustness may
be compromised.

LossMSE(yi, ŷi) = (yi − ŷi)
2 (4)

Unlike the MSE, the Mean Absolute Error (MAE) loss function exhibits superior
robustness due to its low sensitivity to outliers. Unfortunately, the MAE is not differentiable
at zero, so it cannot be used as a loss function. The Huber loss effectively combines MSE
and MAE, mitigating the limitations inherent to both approaches, being mathematically
expressed in (5):

LossHuber(yi, ŷi) =

{
1
2 (yi − ŷi)

2, |yi − ŷi| ≤ δ

δ
(
|yi − ŷi| − 1

2 δ
)

, otherwise
(5)

Here, δ is a threshold that determines the transition between the quadratic and linear
loss. When the error in (−δ, δ), the Huber loss equals the MSE. When the error in (−∞, δ] or
[δ, ∞), it equates to the MAE. To smooth the Huber loss near the zero interval and stabilize
the calculation of gradient, it is smoothed into (6).

LossHuber(yi, ŷi) = δ2

√
1 +

(
yi − ŷi

δ

)2
− 1

 (6)

Nevertheless, the convergence rate of the Huber loss is slower than the MSE’s. In
this paper, the S-Huber loss is employed to expedite model convergence by introducing a
squared term into the fundamental structure of the Huber loss, as described in (7).

LossS-Huber(yi, ŷi) = δ2

√
1 +

(
yi − ŷi

δ

)2
− 1

+ h(yi − ŷi)
2 (7)

where h represents the weight coefficient of the square term. As a crucial step in model
development, optimizing the hyperparameters (such as h, δ, etc.) of the proposed XGBoost
model is conducted through grid search.

As shown in Figure 7, when the model encounters large errors, the S-Huber loss
function behaves more like the MAE to promote rapid convergence. For smaller errors, it
leans toward the MSE loss, which has a smoother gradient, enhancing accuracy with the
low-value SWHs (0–3 m).

Figure 7. Comparison of different loss function where δ in Huber loss is 0.3 and the δ and h in
S-Huber loss are 0.3 and 0.6, respectively.
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In the final step, CDF matching is employed to reduce the errors of XGBoost-S in
the high-SWH range (>3 m). It assumes that the Probability Density Function (PDF) of
the training dataset is almost equal to the testing dataset’s. An interpolated function
(Fcdf(x, y)) is constructed to map the XGBoost-S predictions of the testing dataset (ŷtest) to
their corresponding CDF (CDFŷtest ).

Fcdf = f
(
CDFŷtest , ŷtest

)
(8)

This function will be used to obtain the interpolated reference values (ytrain_CDF) of
the training dataset, which conform to the CDF of the model retrieval results (ŷtest).

ytrain_CDF = Fcdf
(
CDFytrain

)
(9)

Next, a polynomial function (Fcorr(x, y)) is employed to fit the difference between
the interpolated reference values and the real reference SWH of the training data. The
coefficients of the function are optimized through the least squares method. The order of it,
setting to 5, is ascertained through empirical analysis.

Fcorr = f (ytrain_CDF, ytrain) (10)

Finally, the model predictions of XGBoost-SC are derived using this polynomial
function (Fcorr(x, y)) along with the XGBoost-S predictions of the testing dataset, ensuring
that they follow the probability distribution of the training dataset.

3.3. Experiment Designs and Model Evaluation

The effectiveness of the retrieval parameters and models was assessed through four
comparison experiments involving ANN, RF, BT, GBDT, lightGBM, and XGBoost using the
global testing data from 1 September to 31 December 2022. Four settings of the parameters
were used for each model as follows:

1. Setting 1: DDM-related variables, 10 parameters.
2. Setting 2: DDM-related variables and receiver-related variables, 12 parameters.
3. Setting 3: DDM-related variables and geometry-related variables, 15 parameters.
4. Setting 4: DDM-related variables, receiver-related variables, and satellite geometry-

related variables, 17 parameters.

Four evaluation metrics were computed, i.e., the bias, RMSE, correlation coefficient
(R), and Mean Absolute Percentage Error (MAPE).

Bias =
1
n

n

∑
i=1

(yi − ŷi) (11)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (12)

R =

√√√√1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − ȳ)2 (13)

MAPE =
1
n

n

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100% (14)

where n is the volume of the testing dataset, yi and ŷi are the reference values and estimated
SWH values by ML models, and ȳ is the average of yi.
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4. Results
4.1. SWH Retrievals in the Overall Testing Dataset

XGBoost achieves the best performance with the lowest RMSE and the highest R-
value across the four experiment settings compared with the ANN, RF, BT, GBDT and
lightGBM models (Table 3), and also allows users to customize the loss function for various
applications. Therefore, XGBoost is chosen as the fundamental model, and Setting 4 is
applied for further improvement.

Table 3. Retrieval performance of ML models under four experiment settings.

Methods
Setting 1 Setting 2 Setting 3 Setting 4

RMSE (m) R RMSE (m) R RMSE (m) R RMSE (m) R

ANN 0.65 0.46 0.68 0.51 0.58 0.60 0.55 0.65
RF 0.67 0.39 0.64 0.48 0.55 0.66 0.54 0.67
BT 0.66 0.43 0.64 0.50 0.55 0.66 0.54 0.67

GBDT 0.64 0.47 0.62 0.51 0.57 0.62 0.56 0.64
lightGBM 0.63 0.49 0.61 0.55 0.53 0.68 0.53 0.69
XGBoost 0.63 0.50 0.60 0.56 0.52 0.70 0.51 0.71

Using Setting 4 as the input variables, the improved S-Huber loss function was applied
to XGBoost, and the results (XGBoost-S) were further filtered using CDF matching to
obtain the XGBoost-SC results. We also used DDMA and LES to construct two empirical
models and applied the MVE to combine them [15], enhancing prediction performance
and enabling a comparison between the empirical models and the ML-based models.
XGBoost-S performs better and has a smaller RMSE, less bias, and higher R-values than
the other models in the global ocean (Table 4). The improved S-Huber loss function and
CDF matching algorithm together greatly reduce the RMSE and bias and have the smallest
RMSE for SWH above 3 m. Meanwhile, XGBoost-S achieves the best performance with the
smallest RMSE of 0.51 and bias of 0.02.

Table 4. The retrieval performance in Setting 4 (S represents S-Huber loss and C represents CDF matching).

Methods

All Testing Dataset 0–3 m 3–6 m Above 6 m

RMSE Bias R MAPE RMSE Bias RMSE Bias RMSE Bias
(m) (m) (%) (m) (m) (m) (m) (m) (m)

MVE * 0.70 0.05 0.27 32.6 0.55 0.20 1.42 −1.31 4.73 −4.64
ANN 0.55 0.05 0.65 23.9 0.47 0.14 1.01 −0.81 3.45 −3.23

RF 0.54 0.06 0.67 21.0 0.45 0.15 0.99 −0.76 3.55 −3.24
BT 0.54 0.06 0.67 20.8 0.45 0.14 0.99 −0.77 3.56 −3.25

GBDT 0.56 0.06 0.64 24.3 0.46 0.16 1.06 −0.90 3.80 −3.61
lightGBM 0.53 0.05 0.69 21.7 0.44 0.14 0.99 −0.81 3.55 −3.30
XGBoost 0.51 0.06 0.71 20.2 0.43 0.14 0.94 −0.73 3.26 −2.96

XGBoost-S 0.51 0.02 0.71 19.5 0.42 0.11 0.98 −0.77 3.34 −3.05
XGBoost-SC 0.56 0.06 0.63 20.7 0.50 0.12 0.94 −0.44 2.79 −2.00

* The MVE was conducted using DDMA and LES.

The density scatter plots in Figure 8a,b show that the SWHs retrieved by the XGBoost-S
and XGBoost-SC models are well comparable to the ECMWF data within the 0–3 m range.
As the SWH increases, the XGBoost-S model tends to underestimate values above 3 m,
while XGBoost-SC mitigates this underestimation with CDF matching.

Furthermore, the histograms of SWH in Figure 9a–c show that the XGBoost-SC model
has better agreement with the ECMWF data than the XGBoost-S model in each value range.
In particular, the proportions of SWH above 3 m are 9.2%, 4.7%, and 10.3% for the ECMWF,
XGBoost-S, and XGBoost-SC models, respectively.
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Figure 8. Scatter density plots of SWH between the ECMWF and the XGBoost-S and XGBoost-SC
models in the overall testing dataset (a,b) and in the WNP during the five TCs from September to
November in 2022 (c,d). The red line is the 1:1 line. (S represents S-Huber loss, and C represents the
CDF matching).

Figure 9. The histograms of SWHs by the ECMWF, XGBoost-S, and XGBoost-SC models in the overall
testing dataset (a–c) and in the WNP during the five TCs from September to November in 2022 (d–f).

Figure 10 illustrates the global SWHs by the ECMWF, BT, XGBoost-S, and XGBoost-
SC on 24 December 2022. As shown in Figure 10a, the atmospheric circulation caused
higher SWHs in the South Indian Ocean, North Atlantic, and North Pacific regions than
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in other areas [31]. Most of those high SWHs were also captured by the XGBoost-SC
model (Figure 10g), but fewer of them were captured by the BT and XGBoost-S models
(Figure 10c,e). The proportions of high SWHs above 3 m were 20.4% by the ECMWF and
12.6% by the XGBoost-SC model, but 7.8% and 7.2% by the BT and XGBoost-S models. The
XGBoost-SC model again showed better performance in estimating the high SWHs than
the BT and XGBoost-S models.

Figure 11 illustrates the global daily retrieval accuracy of significant wave heights
(SWH) above 3 m for BT, XGBoost-S, and XGBoost-SC in the entire testing dataset. From
a time series perspective, XGBoost-SC demonstrates higher accuracy in daily high-SWH
retrievals, with its RMSE series showing less fluctuation compared with the other two mod-
els. The daily retrieval bias for XGBoost-SC remains around −0.6 m, while for the BT and
XGBoost-S models, it fluctuates around −0.9 m. This trend aligns with the results in Table 4,
further validating XGBoost-SC’s superior performance in retrieving high SWHs (>3 m). It
highlights the model’s enhanced accuracy under challenging oceanic conditions, such as
those seen during TCs.

4.2. SWH Retrievals in TC Conditions

The retrieval results of BT, XGBoost-S, and XGBoost-SC during the five typhoons are
compared with the SWHs by the ECMWF. The BT model was selected as the baseline to
verify the improvement of the models in TC conditions because of its superior performance,
as reported in [18].

The XGBoost model has a smaller RMSE, less bias, and higher R-values than the BT
model for SWH retrievals in TC conditions, while the XGBoost-SC model further reduces
the RMSE and bias of SWHs above 3 m (Table 5). The underestimates of SWHs above 3 m
by the XGBoost-S model are greatly mitigated by the XGBoost-SC model (Figure 8c,d). The
proportion of SWHs above 3 m is only 2.2% by the XGBoost-S model and increases to 6.0%
by the XGBoost-SC model, although it is still much less than that (19.0%) by the ECMWF
(Figure 9d–f).

Table 5. Retrieval performance in the WNP during the five TCs in 2022 (S represents S-Huber loss,
and C represents CDF matching).

Methods

Data in Selected Typhoons 0–3 m 3–6 m Above 6 m

RMSE Bias R MAPE RMSE Bias RMSE Bias RMSE Bias
(m) (m) (%) (m) (m) (m) (m) (m) (m)

BT 1.17 −0.48 0.45 27.9 0.50 −0.10 1.86 −1.68 5.12 −4.97
XGBoost 1.07 −0.42 0.57 26.5 0.60 −0.20 2.27 −2.17 4.73 −4.59

XGBoost-S 1.10 −0.47 0.54 26.5 0.48 −0.13 1.75 −1.58 4.84 −4.71
XGBoost-SC 1.09 −0.50 0.56 27.2 0.55 −0.20 1.69 −1.46 4.56 −4.41

Figure 12 shows that the SWHs retrieved by the BT and XGBoost-S models in the TC
centers were much lower than those by the ECMWF. The improved XGBoost-SC model
retrieved higher SWHs than the BT and XGBoost-S models, but still lower than those by the
ECMWF. During the five TCs from September to November in the WNP, the proportions
of SWHs above 3 m by the ECMWF were 50.3%, 16.4%, 39.5%, 62.1%, and 38.2% for the
TC Hinnamnor, Muifa, Nanmadol, Nesat, and Nalgae, respectively. The BT model only
retrieved 1.7%, 0.8%, 2.4%, 7.8%, and 7.7%, respectively, and the improved XGBoost-SC
model retrieved 10.3%, 4.9%, 15.9%, 14.7%, and 13.6%, respectively (Figure 13).

Besides the five tropical cyclones (TCs) in the WNP, Hurricane Earl, Fiona, and Nicole
and Severe Tropical Cyclone Darian were selected to further validate the global applica-
bility of XGBoost-SC (Figure 14). Compared with the TCs in the WNP, Hurricane Earl,
Fiona, and Nicole in the western Atlantic Ocean generated higher waves and had a more
concentrated impact area. In contrast, Severe Tropical Cyclone Darian was exceptionally
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intense, generating widespread large waves over the South Indian Ocean from 21 December
to 25 December 2022.

Figure 10. The spatial distribution and histograms of SWHs by the ECMWF (a,b), BT (c,d), XGBoost-S
(e,f), and XGBoost-SC (g,h) on 24 December 2022.
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Figure 11. Time series of daily RMSE and bias for SWH retrievals above 3 m by BT, XGBoost-S, and
XGBoost-SC.

Figure 12. Spatial distributions of SWHs by the ECMWF, BT, XGBoost-S, and XGBoost-SC models
in the WNP during the five TCs of Hinnamnor on September 3 (a–d), Muifa on September 11 (e–h),
Nanmadol on September 16 (i–l), Nesat on October 17 (m–p), and Nalgae on November 1 (q–t). The
blue boxes represent the statistic area.
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Figure 13. The line chart of SWHs proportion by the ECMWF, BT, XGBoost-S, and XGBoost-SC
models in the WNP during the five TCs of Hinnamnor (a), Muifa (b), Nanmadol (c), Nesat (d), and
Nalgae (e).

Figure 14. Spatial distributions of SWHs by the ECMWF, BT, XGBoost-S, and XGBoost-SC models
during Hurricane Earl on September 8 (a–d), Fiona on September 22 (e–h), and Nicole on November
9 (i–l) and Severe Tropical Cyclone Darian on December 23 (m–p). The blue boxes represent the
statistic area.

The improved XGBoost-SC model successfully captured high SWHs around the TC
centers, showing results more comparable to those of the ECMWF model, while the BT
model significantly underestimated these high SWH values (Figure 14). For Hurricane Earl
and Fiona, the ECMWF shows that 50.0% and 63.8% of the SWHs exceeded 3 m. However,
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the BT model retrieved only 13.7% and 6.1% for SWHs above 3 m, whereas the improved
XGBoost-SC model achieved 26.2% and 24.1%, respectively (Figure 15a,b). The stronger the
TC, the better the performance of the XGBoost-SC model, highlighting its versatility for
applications in both the WNP and the western Atlantic Ocean.

For Hurricane Nicole, although the BT model retrieved a high proportion of large
SWHs, it erroneously estimated higher SWHs in high-latitude regions, in contrast with
the reference, which showed Nicole’s main impact in the lower-left region of the blue box
(Figure 14j). XGBoost-S did not show this misjudgment, but its retrievals did not accurately
reflect the high-SWH region. In contrast, XGBoost-SC effectively identified the impact area
of Nicole and retrieved higher SWH values (Figure 15c).

Figure 15. The line chart of SWHs proportionally retrieved by the ECMWF, BT, XGBoost-S, and
XGBoost-SC models during Earl (a), Fiona (b), Nicole (c), and Darian (d).

Severe Tropical Cyclone Darian had an even larger area of wave influence, with
84.9% of the SWHs exceeding 3 m, according to the ECMWF. However, the BT model only
captured 32.8% for the SWHs above 3 m, while XGBoost-S detected 35.3%. Utilizing the
XGBoost-S results along with prior distribution knowledge, XGBoost-SC achieved a more
accurate retrieval of 64.7%, accurately reflecting SWH variations across the affected ocean
surface (Figure 15d).

5. Discussion
5.1. Sensitivity Analyses of Input Variables

We designed four experiment settings to test the input variables. The RMSE of each
model significantly decreased from Setting 1 to Setting 4. For example, in the case of
XGBoost, the RMSE reduced from 0.63 to 0.51, and the R increased from 0.50 to 0.71. The
addition of geometry-related variables plays a key role in this improvement. Using the
importance analysis function of XGBoost, we identified that the latitude and longitude
of the specular point contribute most significantly among geometry-related variables. A
similar conclusion was drawn by Li et al. [32] in their study on wind speed retrieval
using CYGNSS.

5.2. Model Improvements

Previous studies on SWH retrieval models, particularly [18,33], have demonstrated the
excellent performance of tree-based GNSS-R SWH retrieval models, which has provided
valuable guidance for this research. In recent years, the adoption of Vision Transformers
has gained momentum in remote sensing retrieval tasks, providing a robust alternative
to traditional deep learning models. Despite the advantages of deeper network struc-
tures in enhancing nonlinear modeling, challenges arise when the nonlinear relationships
within data are inherently weak, as seen with SWH values surpassing 3 m. In such cases,
these weaker relationships may hinder the ability of a Transformer to capture meaningful
patterns effectively.

Qiao et al. [20] developed a Transformer-based network called WaveTransNet. It
demonstrated high accuracy for SWHs ranging from 0 to 4 m. However, for SWH values
between 4 to 8 m, its performance lagged behind that of the XGBoost-SC model, as shown
in Table 6. This discrepancy highlights the need for further exploration into the comparative
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effectiveness of Transformer-based retrieval models relative to other methodologies, as
their superiority may not be universal across varying data ranges.

This study applies CDF matching with the XGBoost model in SWH retrievals from the
GNSS-R data with the help of an improved Huber loss function for the first time, as far as
we know. We observe the inherent characteristics of the CDF matching [21,22,28], which
increase the retrieval accuracy and the proportions for large SWHs above 3 m and increase
the RMSE and biases for SWHs below 3 m (Table 4 and Figures 8 and 9). The SWH values
below 3 m constitute 89.1% of the dataset and play a critical role in the overall accuracy of
the global ocean data. The performance limitations of the XGBoost model, alongside the
characteristics of CDF matching and the increased proportion of low-quality observations
at higher SWH values, cause overall poorer performance in the metrics relative to previous
studies [18–20,33].

Table 6. The global retrieval performance of Tree-based and Transformer-based models (S represents
S-Huber loss and C represents CDF matching).

Methods

0–4 m 4–8 m Above 8 m

RMSE Bias RMSE Bias RMSE Bias
(m) (m) (m) (m) (m) (m)

RF 0.49 0.09 1.74 −1.48 5.76 −5.63
BT 0.49 0.08 1.75 −1.49 5.78 −5.65

GBDT 0.51 0.09 1.90 −1.73 5.92 −5.81
lightGBM 0.48 0.08 1.75 −1.54 5.78 −5.64
XGBoost 0.47 0.08 1.63 −1.39 5.30 −5.17

XGBoost-S 0.46 0.05 1.68 −1.45 5.37 −5.24
XGBoost-SC 0.54 0.08 1.45 −0.81 4.72 −4.33

WaveTransNet [20] 0.43 0.04 1.72 −1.65 − −

However, our approach demonstrates superior accuracy in the high-SWH range,
achieving our objective of improving retrieval accuracy under tropical cyclone (TC) condi-
tions. Meanwhile, the proportions of high SWH values ranged from 16.4% for TC Muifa to
62.1% for TC Nesat in the WNP and 63.8% for TC Fiona in the western Atlantic Ocean. It
is critical to map the high SWHs in TC conditions from the GNSS-R data, whose primary
mission is to map the TC wind fields and wave field, such as the CYGNSS mission [5,18,19].

5.3. Model Constraints and Future Work

The complex nonlinear relationship between the SWH and the input variables makes
modeling quite challenging for ML models with SWHs above 3 meters. Therefore, the
higher SWHs tend to have larger errors [17,19]. We improved the Huber loss function
and applied it to mitigate the errors induced by CDF matching. The improved XGBoost
model, i.e., XGBoost-SC, performs better in retrieving high SWHs above 3 m than the BT,
XGBoost, and other models, especially in TC conditions (Figures 12 and 14). In spite of
the performance enhancement, XGBoost-SC can only retrieve about one third of the high
SWHs above 3 m against those of the ECMWF in TC conditions. It is still quite challenging
to accurately retrieve the high SWHs from the GNSS-R data. This is due to the fact that
high wave heights hinder the formation of effective reflection zones in the DDM, thereby
reducing inversion accuracy [19].

There is still significant work to be done in retrieving global SWHs from the spaceborne
GNSS-R data. Firstly, although the SWH data retrieved by the ECMWF have been widely
used as reference values to retrieve various oceanic physical parameters, their quality is
still worse than the in-situ data’s. Therefore, obtaining more reliable global SWH reference
values is a crucial but very challenging task.

Secondly, reliable data quality control and down-sampling methods are essential. Bal-
ancing data quality and spatial coverage is key for the operational application of CYGNSS
in SWH retrievals. In this study, the dataset was constructed with increased sampling



Remote Sens. 2024, 16, 4782 18 of 20

weights in the 5°N to 30°N and 5°S to 30°S regions, and lower quality control standards
were applied to enhance coverage in high-SWH areas and to obtain more SWH samples in
the high range. However, due to the system characteristics of CYGNSS, this approach may
introduce more unstable observations and reduce the overall dataset quality.

Finally, more effective methods for representing the sea state are needed. Compre-
hensive descriptions of sea conditions using CYGNSS observations are crucial for further
improving retrieval accuracy, particularly under TC conditions. Meanwhile, the experi-
mental results show that utilizing the S-Huber loss function allows XGBoost-S to achieve
better accuracy for lower SWH values. Additionally, CDF matching significantly improves
the accuracy of SWH predictions above 3 m, which leverages historical distribution infor-
mation. Therefore, identifying key variables to distinguish between high- and low-SWH
conditions and developing a segmented SWH retrieval model could further enhance pre-
diction accuracy.

6. Conclusions

This study focuses on improving the accuracy of high SWH retrieving using space-
borne GNSS-R data from CYGNSS. XGBoost is chosen as the fundamental model and is
enhanced by CDF matching and an improved loss function. The CDF matching is applied
to escalate underestimates with high SWHs (>3 m), while the improved loss function is
applied to reduce the errors caused by CDF matching with moderate and low SWHs.

The model was validated by over one million sample points, with the ECMWF SWH as
the reference. On the global scale, XGBoost-S achieved the lowest RMSE of 0.51 m and bias
of 0.02 m with the help of the S-Huber loss function. However, it tended to underestimate
SWH values above 3 m and was mitigated by CDF matching, leading to significantly larger
proportions and a reduced RMSE and bias for SWHs above 3 m by XGBoost-SC.

The enhanced performance of XGBoost-SC for large SWHs was further confirmed in
TC conditions over the Western North Pacific and in the Western Atlantic Ocean. Never-
theless, it is still quite challenging and needs further improvement for high SWH retrieval
using CYGNSS data, particularly in surging wave and TC conditions.
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