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Abstract

Benefiting from the merit of independent calibration without external reference, the shadow
feature is investigated to retrieve wave steepness and wave height from X-band marine
radar images. However, the wave period is currently required. Although the wave period
could be achieved using the fundamental spectrum analysis technology from a radar
image sequence, an external measuring device, like a wave buoy, is essential for the
calibration of the wave spectrum. To solve this problem, an improved method for deriving
significant wave height (SWH) is proposed by fusing the wave steepness extracted from the
shadow feature of the radar image and the wavelength derived through rotated empirical
orthogonal function analysis technology. Considering the attenuation relation of received
echo in the distance direction, echo intensity calibration is adopted before extracting
principal components. The collected X-band marine radar images are applied to verify the
performance of the established SWH retrieval approach, with the observation of the wave
buoy serving as the ground truth. Compared with the fundamental shadow statistical
method, the correlation coefficient of the proposed approach rises by 0.08, while the root
mean square error drops by 0.05 m.

Keywords: X-band radar image; wave steepness; rotated empirical orthogonal function;
wave height

1. Introduction
In current ocean remote sensing, the incoherent X-band marine radar has become one

of the most important tools by transmitting electromagnetic waves to the sea surface and
receiving sea clutter signals to generate high spatial–temporal resolution ocean images [1].
By using the acquired radar images, a variety of ocean dynamic parameters, such as sea
surface wind field [2,3], surface current [4], wave information [5,6], and rainfall intensity,
can be further obtained [7]. As the core parameter to measure the energy and character-
istics of ocean waves, the wave height has an important application value in the fields of
marine engineering, disaster warning, and navigation safety [8,9]. Therefore, the retrieval
technology of sea wave height based on incoherent radar has been widely considered by
the academic community and has become one of the research hotspots.

At present, the method based on three-dimensional Fourier spectrum analysis is one
of the mainstream technologies for determining the significant wave height (SWH) from
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X-band radar images [10]. Combining the physical model of ocean wave imaging with
empirical correction, a method of estimating SWH is proposed, and the reconstruction
of the wave elevation field from the sea clutter image sequence is primarily realized [11].
Subsequently, a linear relationship between the SWH and the square root of the signal-to-
noise ratio (SNR) is employed based on the wave field analysis technology of synthetic
aperture radar and the spectral energy estimated by the radar image [12]. The dependence
of wave spectral parameters on distance and azimuth is studied, and the dependence is
most significant in the SNR. The peak SNR in the wave front and along the wave direction
are identified using the least square regression method, and the optimal estimation result is
obtained by setting the analysis window in the medium distance region [13,14]. In addition,
support vector regression is applied to estimate the wave height. The results show that
the prediction accuracy is significantly improved under a variety of sea conditions [15].
Based on radar images, methods to estimate the SWH utilizing ensemble empirical mode
decomposition [16,17] and principal components are also proposed [18].

The shadow method is also a widely used inversion technology for SWH. Although
the spectral analysis method has high accuracy, it usually relies on the field sensor to
correct the relationship between the SWH and SNR. This practice not only increases the
complexity and cost of the system but also leads to the problem that the relationship is
often not strictly linear. Therefore, the wave height estimation method without on-site
calibration has become the focus of research. Based on the shadowing and illumination
probability model, a wave height inversion algorithm is derived based on image shadow
statistics, significantly reducing the operation cost of the observation system and improving
the automation level [19]. The core of the shadow method is to analyze the shadow
area formed by mutual occlusion of waves in the image [20,21]. In order to improve the
stability of shadow threshold selection, a variety of optimization strategies [22], such as
data quality control, histogram smoothing and upwind sub-region time series analysis, and
an adaptive shadow region segmentation method based on differential edge detection [23]
are subsequently proposed. To realize wave height inversion without calibration, combined
image reconstruction and matching technology, the wave slope is estimated by maximizing
the correlation coefficient of non-shadow areas between the collected radar image and the
reconstructed image [24]. To replace the traditional empirical calibration method, image
interpolation and filtering techniques are used to compensate for signal distortion and
range attenuation [25]. Aiming at the instability of difference operators on edge detection
and inversion accuracy, the Prewitt operator is employed to enhance the accuracy of shadow
segmentation [26]. Due to the restriction of the angle between the azimuth partitions of the
radar image and the wave direction, the accurate estimation of sea surface slope and wave
height still needs further study. Since the shadow threshold estimation of the traditional
shadow statistical method is sensitive to noise, the improved CycleGAN deep learning
model is introduced to achieve more intelligent and efficient shadow estimation. The
inversion results of wave height are in good agreement with the buoy data, but there
are problems of strong model dependence and long processing time [27]. To effectively
improve accuracy and robustness, a shadow segmentation threshold that can be adjusted
adaptively with radar radial distance is proposed, and a wave slope eigenvector that retains
azimuth details is constructed to estimate the wave height combined with the support
vector regression model. However, the method based on the shadow feature still relies on
the wave period data provided by the buoy for training and verification [28,29].

With the development of pattern recognition technology, a new approach to estimate
the SWH from incoherent radar images using a multi-layer perceptron is proposed to
remedy the drawbacks of traditional spectrum analysis methods under sea states dominated
by swell. In this method, the peak wavelength and average wave period are introduced
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as additional inputs to construct a nonlinear mapping relationship, which effectively
avoids the overestimation of wave height by traditional methods under swells and sea
conditions, and shows higher accuracy and robustness in multi-area testing [30]. The
radial basis function network is also used to predict wave height, where the environmental
factors, wave slope, and SNR are applied to construct the feature vector as the model
input [31]. In recent years, the method based on artificial neural networks has been further
optimized [32,33]. A deep learning model based on U-Net significantly improves the
accuracy and stability of sea surface information reconstruction, but its application in the
actual scene still needs further verification [34,35]. By blocking, embedding and encoding a
single radar image, an improved visual transformer architecture aggregates the output of
the model to estimate wave height, which performs well in accuracy and efficiency [36]. A
two-stage training framework is proposed, which enables the artificial intelligent model
to learn the inherent correlation among ocean wave texture, shadow features, and wave
height in advance [37]. Compared with the traditional empirical approaches, deep learning
technologies directly learn the mapping relationship to wave height through the high-
dimensional training data and simplify the inversion process. However, the relationship
among features is not transparent, and it is difficult to explain the physical mechanism of
inversion results.

For deriving SWH from the radar image, the method using the shadow feature of the
radar image does not rely on any external reference for adjustment. However, the wave
period is currently required from reference equipment, which limits the application of the
shadow statistical method in practice. To address this problem, an improved method, which
combines the wave steepness derived from the radar image sequence and the wavelength
extracted by the rotated empirical orthogonal function (REOF) analysis technology, is
proposed for derived SWH. The REOF rotates the spatial modes decomposed by empirical
orthogonal function (EOF), making the rotated modes more concentrated in space and more
clearly reflecting the independent variation characteristics of different regions. The paper
is arranged as follows: Section 2 elaborates the fundamental wave steepness and SWH
estimation using the shadow feature of the radar image. Based on the echo correction and
coordinate transformation, the radar image sequence selected is used to extract the principal
component based on REOF. Then, the wavelength is obtained using the power spectral
density (PSD) of the first principal component with the Burg algorithm. The wave height,
which is determined using the relationship between wave steepness and wavelength,
is presented in Section 3. Section 4 describes the field data and accuracy analysis of
experimental results. Eventually, the discussion and conclusion are summarized.

2. Achieving Wave Steepness Based on the Shadow Feature of
Radar Image

Due to the modulation effect of ocean waves, the marine radar image is composed of
bright and dark stripes, and the wave steepness can be calculated based on the shadow
feature in the radar image. Edge detection is performed on the selected image analysis area
to estimate the shadow segmentation threshold for radar images, which is used to separate
the shadow and non-shadow areas within the image [19,20].

2.1. Obtain the Shadow Threshold from the Radar Image

Based on the selected analysis area I(r, θ), the convolution operation is carried out
based on the difference operator in adjacent directions to obtain different gradient images
in each direction, where r indicates the distance to the radar, and θ denotes the azimuth
angle of the polar radar image formed between the emitted electromagnetic wave and the
forward direction of the bow of the ship. By superimposing derived gradient images, a
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complete edge image is achieved. Commonly, filter technology is used to remove isolated
noise to obtain an edge image IF(r, θ).

The echo value corresponding to the edge image, which is used to produce a histogram
function FH(η), is determined by performing the Hadamard product operation on matrices
edge image IF(r, θ) and analysis area I(r, θ) of the original radar image. For the sake of
obtaining the shadow segmentation threshold τS, the strategy of taking the mode operation
on the histogram function FH(η) is adopted [19].

A binary shadow image IS(r, θ) is obtained by segmenting the pixels of thee radar
image into shaded and non-shaded regions using the calculated shadow threshold τS,
which is [19,20]

IS(r, θ) =

{
1, I(r, θ) < τS

0, otherwise
(1)

2.2. Calculate Wave Steepness Based on Smith Function

Segmenting the shadow image into sub-blocks along the range direction, the pro-
portion of non-shaded pixels in a block is used as the illumination probability L(α). The
illumination probability fluctuates and decreases as the distance from the radar increases.
Guided by the geometric shadow mechanism of random rough sea surface, the root mean
square (RMS) wave steepness σrms is deduced by fitting the illumination probability along
the distance direction with the Smith fitting function, which is given as [19]

L(α) =
1 − 0.5er f c(µ/

√
2σrms)

Λ(µ) + 1
(2)

where
µ = tan(α) (3)

and

Λ(µ) =

√
2/π · σrms/µ · e−µ2/2σrms

2 − er f c(µ/
√

2σrms)

2
(4)

where the symbol er f c(·) is the co-error function, and α is the corresponding grazing incidence.
Suppose the selected single analysis area is divided into several partitions in azimuth;

the averaged steepness σA
rms is achieved by averaging wave steepness obtained in differ-

ent partitions. In view of the correlation between wave height and wave steepness, the
SWH is [28]

HS =



σA
rmsgT2

m02√
2π

d/λ ≥ x2

σA
rmsgT2

m02√
2π

(
√

0.0437 + 1.2899 d
T2

m02
+ 0.2096) x1 < d/λ < x2

√
2σA

rmsT
√

gd d/λ ≤ x1

(5)

where x1 and x2 are the values of the boundary condition, d refers to the water depth
within the radar observation zone, g = 9.8 is the gravity acceleration, Tm02 is the mean zero-
crossing wave period obtained from the wave buoy or the radar image sequence. Although
the existing shadow statistical method requires no extra instruments for calibration, the
wave period, which is currently provided by external reference devices like ocean buoys, is
essential for retrieving wave height.
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3. Calculating Wave Height by Combining Surface Slope and
Wavelength Based on Extracted Principal Component

Commonly, when extracting the wave spectrum, employing the spectrum analysis
approach, the sea surface current and water depth are fully considered by the dispersion
bandpass filter. The main wavenumber and wave period can be extracted by the conven-
tional spectral analysis strategy. Nevertheless, the modulation transfer function is still
required based on external equipment and an accurate estimation of surface current is
needed. Thus, when utilizing the shadow feature of radar image, further improvement is
required for the method of estimating wave height without external reference equipment
only using radar images.

The EOF is a data analysis method widely used in meteorology and oceanography,
which is utilized to decompose complex spatial fields and extract the main spatio-temporal
variation patterns. Traditional EOF has a strong dependence on the size and shape of the
region, while REOF relaxes geometric constraints through rotation techniques to reduce
the impact of sampling errors. Compared to traditional EOF, REOF can more clearly
separate the changing characteristics of different regions and improve the accuracy of
spatio-temporal data analysis.

In this paper, by combining the REOF analysis technology with the shadow feature,
the SWH is retrieved by using the sea surface slope and the wavelength extracted from the
radar image. Before extracting the wavelength, the echo signal correction and coordinate
conversion are executed due to the echo attenuation characteristic and the radar scanning
pattern. Although the wave surface steepness is calculated based on a single radar image,
the estimated wave steepness changes with azimuth. Rather than relying on a single radar
image, a spatio-temporal sequence of analysis areas is employed in this paper. For the
proposed approach, the workflow of deriving wave height is presented in Figure 1.

Figure 1. Schematic diagram of estimating wave height based on wave steepness and wavelength.
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3.1. Correct Echo Signal in Radial Direction Using Optimal Fitting Function

A marine radar image is characterized by radial range and azimuth angle. Due to
the working mechanism of radar, attenuation exists in both radial and azimuth directions.
Therefore, the radar echo signal should be corrected before wave inversion. The echo value
of a single marine radar image shows a nonlinear attenuation trend with the increase of
radial distance.

According to the nonlinear attenuation characteristics, the adaptive subsection fitting
of radar radial echo intensity based on the least square method is applied, and then the
fitting function is applied to correct the radar image [38]. For the single radar image
I(rh, θq), the optimal fitting function f (rp) of radar radial echo intensity is obtained by the
least square adaptive piecewise fitting algorithm, where h = 1, 2, · · · , H, q = 1, 2, · · · , Q, H
and Q are the pixel numbers in radial and azimuth. Then, for the fixed azimuth angle θq,
the corrected marine radar image Ic(rh, θq) is

Ic(rh, θq) = I(rh, θq)− f (rp) (6)

3.2. Coordinate Conversion for Captured Fan-Shaped Area

Owing to the rotational operation mode of marine radar, the radar receiver presents a
circular area in the image. Radar images are formed in polar coordinates, and the captured
analysis area is a fan-shaped area. For extracting the principal component of wavelength
from the radar image, the conversion from polar coordinates to Cartesian coordinates for
captured the fan-shaped area is needed.

Usually, the captured sub-image in the polar coordinate system Ic(r, θ) is transformed
to the Cartesian coordinate system Ic(x, y) using the nearest point interpolation method.
The coordinate transformation is as follows:{

x = r · cos θ

y = r · sin θ
(7)

where x and y respectively represent the horizontal and vertical coordinates in the Cartesian
coordinate system. The interpolation relationship of the nearest point corresponding to
the Cartesian coordinate system and the polar coordinate system is constructed, and the
radar echo intensity in the polar coordinate system is assigned to the Cartesian coordinate.
Thus, the sub-image in the Cartesian coordinate system is obtained for the extraction of
subsequent wavelengths.

3.3. Extract Principal Component of Sea Wave Based on REOF

In this paper, the radar image sequence is decomposed into various modes using the
REOF. For convenience, suppose that the sampled radar image is expressed by

Ic(x, y) = X =


x11 x12 · · · x11

x21 x22 · · · x2N
...

... · · ·
...

xM1 xM2 · · · xMN

 (8)

where M and N denote the sampled times at a position and the sample numbers in the
distance direction. Standardization and normalization are essential preprocessing steps
in REOF analysis that cannot be ignored. Due to the dependence of REOF analysis on
covariance and correlation coefficient matrices, the dimensional differences of different
variables can lead to certain variables dominating the analysis.
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For estimating the wavelength, the REOF is utilized to reveal the main spatial patterns
of radar data. In REOF analysis, matrix factorization is the core computational step and used
to determine the extracted main temporal modes and corresponding spatial coefficients
from the raw radar data.

After obtaining the interesting analysis area X, the REOF decomposes the radar data
into a product of one temporal matrix V and the spatial matrix Z, which is [18]

Xm×n = Vm×mZm×n (9)

where each column of V is the normalized eigenvectors, and matrix Z contains the corre-
sponding weight coefficients of feature vectors, which denotes the spatial pattern of the
sea wave. After obtaining the eigenvalues and eigenvectors of the covariance matrix, we
arrange the eigenvalues in descending order and manipulate the eigenvectors to construct
the temporal matrix V. Commonly, the top few main eigenvalues and eigenvectors are
selected, which can explain most of the data variance.

Suppose Λ = 1
m XXT is the diagonal matrix composed of eigenvalues, we have

X = LF = VΛ
1
2 Λ− 1

2 Z (10)

where L = VΛ
1
2 is the factor loading matrix, and F = Λ− 1

2 Z is the factor matrix. Commonly,
the cumulative variance contribution rate is utilized to confirm the vector number of the
rotation matrix. Utilizing the obtained eigenvalues of matrix XXT , the variance contribution
rate of different modes is [18]

Ri =
λi

m
∑

i=1
λi

(11)

where i = 1, 2, . . . , m. According to the principle of orthogonal rotation with maximum
variance, the matrices V and Z are rotated so that the sum of the variances of the squares
of the elements in the factor loading matrix L reaches the maximum. After achieving
the factor matrix, the first principal component of the factor matrix is used to estimate
the wavelength.

3.4. Derive Wavelength from Obtained Wave Principal Component

The derived principal components characterize the spatial fluctuation of ocean waves.
After decomposing the wave field into different modes by REOF analysis, the first principal
component of the wave field can be obtained. Then, the PSD of the first principal component
is obtained using the Burg algorithm. Compared to the auto correlation estimation method,
the process of solving auto regressive model by the Burg algorithm is stable and has high
spectrum resolution.

The peak of the wavenumber spectrum is close to the real value and can be extrapo-
lated when using the Burg algorithm. For the obtained first principal component, the PSD
is given as [39]

S(k) =
σ2

p0∣∣∣∣∣1 + p0

∑
p=1

ape−j2πkp

∣∣∣∣∣
(12)

where k denotes the wavenumber, p0 is the order of the auto regressive model for the
selected principal component, σ2

p0
is the variance for order p0, and ap is the corresponding

coefficient of the regressive model. The optimal order p0 is achieved by minimizing the
final prediction error rule. For the Burg algorithm, selecting an optimal model order is vital.
Commonly, the final prediction error rule and Akaike information criterion are used to
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select the ideal order of auto regressive model. The used final prediction error criterion in
this paper is [39]

FPE(p) =
n + p
n − p

σ2
p (13)

where p = 1, 2, · · · , n − 1. After determining the optimal order and achieving the coeffi-
cients of regressive model using the Burg algorithm, the PSD of the sea wave is obtained.
The maximum PSD is the peak wavenumber kp of the sea wave. Thus, the peak wavelength
is λ = 2π/ fp.

For the shore-based marine radar, the ideal sub-image aligned with the wave direction
is not always available. A certain angle is formed between the wave propagation direction
and emitted electromagnetic signals. Thus, further spatial dimension data is also used
to extract principal components. The two perpendicular spatial data are respectively
utilized to estimate the first principal component and calculate the wavelength. Suppose
the obtained two wavelengths are λ1 and λ2, the wavelength of sea wave is [18]

λ =
λ1 · λ2√
λ2

1 + λ2
2

(14)

3.5. Estimate Wave Height Utilizing the Obtained Wavelength

In this paper, instead of using a single image, the spatial and temporal sub-image
sequence is applied to derive wave steepness. Since the echo intensity in a radar image
changes with wave and wind directions, instead of using estimated wave steepness from
all the partitions, the partition near the wave direction is only utilized to calculate wave
steepness in this paper. Thus, the derived wave steepness in the temporal sub-image
sequence is averaged and the averaged wave steepness σ in the temporal domain is applied
to estimate the wave height.

Wave steepness is commonly expressed as the ratio of the crest-to-trough wave height
to the corresponding wavelength. In general, the wavelength of ocean waves cannot be
measured directly, which makes it difficult to calculate wave steepness according to its
definition. In this paper, after obtaining the wave steepness, the wavelength is directly
calculated from a radar image sequence based on the extracted principal component using
REOF. Thus, the wave height is derived using the estimated wave steepness and wavelength
from radar images, instead of using the extracted wave period from reference equipment.
The conversion relations between RMS wave steepness, sea surface fluctuation, and SWH
are rigorously derived and validated [40,41]. The SWH Hs is universally defined as four
times the RMS sea surface fluctuation Hrms, namely, Hs = 4Hrms. Under narrowband deep
water conditions, a theoretical binding relationship exists among the RMS wave steepness
σrms, sea surface undulation, and wavelength λ, which is [40,41]

σrms =
π√

2
· Hrms

λ
=

π√
2
· Hs

4λ
(15)

Thus, the SWH Hs is theoretically linked to the RMS wave steepness σrms derived from
radar shadow statistics and wavelength λ, which is

Hs =
4
√

2
π

σrms · λ (16)
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When the derived RMS wave steepness σrms is substituted with the averaged steepness
σA

rms in an image sequence for a fixed azimuth section, the SWH Hs is given as

Hs =
4
√

2
π

σA
rms · λ (17)

4. Experimental Results
To retrieve SWH independent of additional reference equipment and improve the

retrieval accuracy, the extracted wavelength from the radar image sequence is adopted,
which is completely independent of the reference equipment. Since the texture feature of
the radar image is related to the wavelength and the grazing angle, an improved method
of extracting SWH from a radar image sequence is proposed using the sea surface slope
derived from the shadow features and the wavelength extracted via the REOF. Against the
reference value and the conventional shadow statistical method, the retrieval performance
of the presented approach for retrieving SWH is verified and analyzed using collected
radar images.

4.1. Description of Experimental Data and the SNR-Based Method

The marine radar data with abundant sea clutter features are employed in our experi-
ment. Radar images acquired on 10–20 January 2015 and 8–19 November 2014 at Haitan
Island of the Fujian Province are employed to verify the effectiveness and analyze the
performance of the presented approach.

At the data collection site, the wind direction is mainly around 45 degrees, and the
average wind speed is above 10 m/s. Owing to the effect of topography, the observed
wave has certain surge forcing characteristics. The SBF3 buoy is deployed at the 168-degree
azimuth position in the radar image and is about 800 m away from the radar antenna.
Figure 2 is the original radar image collected at 18:39 on 10 January 2015, which is the
pseudo color display mode with a coverage radius of about 4500 m. There are 600 sampling
points in the range direction of the radar images and the resolution of the pixels is 7.5 m.
The color scale corresponds to sampled echo intensity values using the 14-bit digital
acquisition card.

In the subsequent comparative experiments, the SNR-based spectral method is
adopted as a benchmark algorithm for performance evaluation. The three-dimensional
wavenumber frequency energy spectrum I

(
kx, ky, ω

)
can be achieved by using the Fourier

transform on the acquired image sequence [11–14]. A bandpass filter using the dispersion
relation is adopted to filter out the non-wave components. After integrating the filtered
spectrum with frequency, a two-dimensional image spectrum I

(
kx, ky

)
is obtained. Then,

the wave spectrum E
(
kx, ky

)
is achieved by adopting an empirical modulation transfer func-

tion. The SWH is retrieved by using the established empirical correlation to the extracted
SNR and is given as [11–14]

Hs = A + B ·
√

SNR (18)

where ω is the angular frequency, kx and ky are the wavenumbers, A and B are the empir-
ical coefficients, and variable SNR denotes the calculated SNR derived from the energy
spectrum I

(
kx, ky, ω

)
, image spectrum I

(
kx, ky

)
, and wave spectrum E

(
kx, ky

)
[12].
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Figure 2. Collected radar image at 18:39 on 10 January 2015.

4.2. Experimental Result and Performance Comparison

For obtaining wave steepness, a fan-shaped sector is chosen where echo intensity
presents a nonlinear attenuation trend with rising radar distance. The near boundary and
far boundary of the fan-shaped area are 400 m and 2400 m, respectively. Considering
the position of the selected analysis area for estimating wavelength, the corresponding
fan-shaped area near 130 degree in azimuth is applied for wave steepness calculation. Since
a sector is chosen from a radar image, the estimated 32 wave steepnesses from an image
sequence are averaged in this paper, instead of averaging the wave steepnesses achieved
from multiple sectors in a radar image.

Considering the angle between the wave direction and the electromagnetic wave
emitted by the radar, a sector proximate to the wave direction is selected. The left figure in
Figure 3 is the analysis area selected in polar coordinates. The abscissa denotes azimuth,
while the ordinate represents the range direction. Sea clutter in the radar image presents the
characteristic of texture distribution. Sea clutter in the radar image shows the characteristics
of texture distribution with light and dark.

The corresponding edge gradient image and the shadow image based on the derived
shadow segmentation threshold are given in the middle and right figures of Figure 3. Based
on the differential operation in different directions and gradient superposition, it can be
seen from the middle figure that the gray stripes are the obtained wave texture boundary.
The recorded echo information at the edge position in the radar image is applied to set the
shadow segmentation threshold. The dark and white areas in the middle figure are the
non-shadow and shadow areas. Dark zones stand for waves captured by the radar, while
bright zones are wave-blocked shadow areas. The texture characteristics of the waves are
clearly visible in the middle figure. With growing distance away from the radar antenna,
image shadows become progressively larger.
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Figure 3. Selected analysis region, derived edge gradient image and shadow map.

The chosen analysis region as a sector in azimuth is separated into into 44 blocks
for calculating the illumination probability in different distance positions. The calculated
illumination probability at different distances is presented in Figure 4. The abscissa indicates
the grazing angle along the range direction, and the ordinate stands for the computed
illumination probability. For a determined block, the ratio of the number of pixels in
the unshaded area to the total number of pixels is the illumination probability. The blue
circle is the obtained illumination probability in each blocks. It can be observed that the
illumination probability increases as the distance from the radar decreases and is close to
1 near the radar antenna. According to the functional relations of wave steepness with
grazing angle and illumination probability, the wave steepness could be derived via the
Smith fitting function. The pink solid line is the fitted Smith function using the estimated
wave steepness.

In this paper, since an azimuth partition in the radar image is adopted to compute
the illumination probability, the obtained wave steepness using a radar image sequence is
depicted in Figure 5. The two axes in the horizontal plane represent the distance from the
radar observation point to the sea surface and the image index of the time series sequence.
The vertical axis shows wave steepness. The black curve represents the variation trend of
the estimated wave steepness with distance. When performing wave height inversion via
the shadow method, the minimum value in the wave steepness curve is selected as the
core parameter. The blue circles represent the wave steepness data extracted from the fixed
analysis partition in different radar images. The wave steepness estimated from a single
section of a single frame image is susceptible to the influence of the angle between the radar
line of sight and the wave direction. By performing statistical fusion on the wave steepness
data of the multi-frame image sequence, the deviation caused by a single direction can be
offset to a certain extent.
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Figure 4. Calculated illumination probability and the fitted Smith function for a sector.

Figure 5. Three-dimensional distribution of wave steepness as a function of distance and radar
image sequence.

The obtained wave steepness in a radar image sequence is given in Figure 6. The
vertical axis corresponds to the retrieved sea surface wave steepness, and the horizontal
axis corresponds to the index of radar images in the time series. The blue discrete markers
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represent the calculated wave steepness achieved from the shadow statistical method. It is
observed that the wave steepness values remain relatively stable, with limited variation
across the image sequence. To minimize the instability effect of using a wave steepness
obtained from a single partition, the mean RMS wave steepness is derived by averaging
the wave slope in each radar image.

Figure 6. Obtained wave steepness in a radar image sequence.

To achieve the wavelength from a radar image sequence consisting of 32 frames, a
rectangular sub-image is selected. The center is about 1080 m away from the radar and at an
azimuth of 135 degrees. Based on the selected sub-image sequence, the original radar echo
is corrected in the radial direction using the optimal fitting function. Then, the captured fan-
shaped area is converted to rectangular coordinates based on the interpolation algorithm
of the nearest point. Based on the REOF, the first principal component is used to estimate
PSD with the Burg algorithm. The wavenumber and the corresponding wavelength are
derived by analyzing the position of the capturing peak in the PSD.

The spatial and temporal matrix data, which are sampled from the radar image
sequence, is used to extract principal components based on the REOF. The distribution of
the first principal component in the factor matrix is presented in the upper half of Figure 7.
The horizontal axis denotes the number of sampled pixels, and the vertical axis corresponds
to the amplitude value of the principal component. The sample resolution is 7.5 m. Then,
the first principal component of the factor matrix is used to estimate the wavelength.

After determining the order of the auto regressive model for the selected principal
component, the PSD of the first principal component can be obtained based on the Burg
algorithm. The PSD of the first principal component is given in the lower half of Figure 7.
The horizontal axis denotes wavenumber, and the vertical axis indicates the PSD. The red
star denotes the peak value captured from the obtained wavenumber spectrum. Using
the ideal order based on the Akaike information criterion, the obtained PSD is stable
and has high spectrum resolution. It could be observed that the peak value could be
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accurately captured. Based on the position of the captured peak value, the wavenumber
and corresponding candidate wavelength in two directions are achieved. Then, using
Equation (17), the wavelength is derived.

Figure 7. Achieved first principal component and the corresponding PSD using the Burg algorithm.

In this paper, after REOF decomposition, the obtained first principal component is
adopted for subsequent wavelength retrieval, rather than retaining multiple modes accord-
ing to the cumulative variance contribution. Range-dependent echo attenuation manifests
as a smooth and monotonic radial decay trend from near to far radar range, which is fully
removed in the preprocessing echo calibration step before REOF decomposition and cannot
be embedded into the first principal component. In Figure 7, the spatial distribution of
the first REOF mode exhibits clear, consistent periodic fluctuations with a stable dominant
spatial scale and high amplitude, fully reflecting the dynamic characteristics of real ocean
waves. The spatial load field of the fifth principal component and the tenth principal
component are presented in Figure 8. The fifth mode shows weakened periodicity and
reduced amplitude, reflecting a growing contribution of non-wave clutter and local distur-
bances. The tenth mode lacks identifiable periodic structure, containing not much useful
information about the dominant wave. The comparison demonstrates that the first REOF
mode presents a distinct periodic waveform and is well suited for wavelength extraction.

The variance contribution of the 32 REOF modes is shown in Figure 9. It can be found
that the contributions decrease rapidly with increasing mode order and the first mode
has the highest contribution. The first mode exhibits clear, stable periodic fluctuations
corresponding to the dominant wave scale and carries the largest proportion of wave
energy, representing the dominant spatial variability. The experimental results in Figure 7
show that the PSD obtained from the first mode shows a single, clear dominant peak
corresponding to the wavenumber.
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Figure 8. Achieved fifth and tenth principal components.

Figure 9. Contribution of different REOF modes.

The choice of Burg model order can influence spectral peak detection. In this paper,
the optimal Burg order configuration adopted is automatically determined based on the
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final prediction error criterion for the first REOF mode, which balances spectral resolution
and noise suppression [39]. The PSD spectrum obtained with the optimal order is shown in
the lower panel of Figure 7, exhibiting a single, well-defined dominant peak at the expected
wavenumber, corresponding to the dominant wavelength. Based on the first principal
component, the corresponding PSD spectra using 5 and 30 orders are presented in Figure 10.
The top panel of the PSD obtained with 5 order yields an over-smoothed power spectrum,
blurring the spectral peak corresponding to dominant waves and bringing systematic
wavelength deviation. The spectrum is overly smoothed, with reduced resolution. For the
30-order Burg PSD in the lower panel, the spectrum is dominated by numerous spurious
peaks, including many high-frequency components, which interfere with the subsequent
REOF decomposition and increase the uncertainty of the wavelength output.

Figure 10. Achieved PSD under 5 and 30 model orders.

Thus, the SWH is achieved by using the estimated wave slope and the wavelength
extracted by using the REOF and the Burg algorithm. Since the wave buoy outputs one
record per hour which works in the last 20 min per hour, the wave height retrieved from
radar image sequences is averaged during 20 min, which is validated against the SNR-based
method, the fundamental shadow statistical method, and the reference values, respectively.

After processing the acquired image sequence, the wave height could be derived. The
buoy record wave height and derived SWH based on the proposed approach, fundamental
shadow statistical method, and SNR-based method are described in Figure 11. In the
experiment, the radar data spanning 450 h are used to verify the algorithm performance.
The horizontal axis indicates the number of samples, while the vertical axis corresponds to
SWH. Wave height data acquired by the ocean buoy ranges from 0.5 m to 3.5 m. The time
interval is one hour between two neighboring data points on the horizontal axis.
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Figure 11. Comparison between derived SWH and recorded value of wave buoy.

The time interval is one hour between two neighboring data points on the horizontal
axis. The solid line with blue circle represents the SWH measured by the wave buoy. The
dashed line with pink square is the extracted SWH using the SNR-based method. The solid
line with green triangle and the dashed line with red cross denote the SWH extracted using
the proposed approach and the fundamental shadow statistical method, respectively. In
Figure 11, the results show that the wave height derived from the fundamental shadow
statistical method can better dynamically follow the true value fluctuation. The SWH values
obtained via the proposed approach show higher consistency with buoy-recorded data than
those from the original shadow statistical method. The SNR-based method shows accept-
able consistency with buoy measurements within several local segments. However, severe
underestimation is exhibited in the range of 100~250 samples, and abnormal overestimated
values appear near the peak at sample 420, which indicates limited robustness.

Unlike the shadow statistical method and the proposed algorithm that require no
empirical calibration, the SNR-based spectral method contains undetermined empirical
coefficients that require calibration using measured buoy data. Strictly separating inde-
pendent calibration and test sets would force nearly half of the field data to be excluded
from evaluation. Given the limited quantity of synchronous radar-buoy observations in the
experiment, half of all synchronous radar-buoy samples are randomly selected for calibrat-
ing the empirical coefficients of the relationship between SNR and SWH. Considering the
limited samples of synchronous radar-buoy observations, all available samples are adopted
for performance evaluation of the SNR-based method. The calibration dataset overlaps
with the test dataset, which may bring a slight favorable bias to the SNR-based method.
However, the overall accuracy of the SNR-based method is still inferior to the proposed
method and the shadow statistical method, which further demonstrates the reliability and
superiority of the proposed approach.
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The scatter plot between the buoy measurement and the SWH retrieved by the SNR-
based method is represented in Figure 12. The red diagonal line is the reference line.
Most data points of SWH are concentrated in the range of 1~2 m based on the color
density distribution, which demonstrates that the SNR-based method can estimate the
SWH effectively. The mean absolute error (MAE) and mean bias error (MBE) are 0.36 m and
0.16 m, respectively. In this paper, MBE is defined as the buoy record minus the retrieved
SWH from radar images. However, the correlation coefficient (CC) is only 0.56, and the
root mean square error (RMSE) is 0.46 m, which presents a moderate linear correlation
between the retrieved SWH and buoy record. The SNR-based method performs reasonably
well in low-to-moderate sea states but exhibits notable limitations for high sea conditions.

Figure 12. Scatter plot between derived wave height using SNR-based approach and buoy value.

The scatter diagram of wave heights retrieved via the shadow statistical method
versus buoy-measured values is illustrated in Figure 13. The horizontal axis corresponds to
the recorded wave height of the wave buoy, and the vertical axis stands for the retrieved
SWH. The red solid line indicates the line of ideal positive correlation. The color circle
denotes the scatter density distribution of wave height between buoy-measured values
and the conventional shadow-based approach. As indicated by the inversion result in
Figure 9, the MAE, MBE, and RMSE are 0.29 m, 0.08 m and 0.37 m, respectively. The
fundamental shadow statistical method shows good performance and stability under
different sea conditions. The retrieved wave heights show a relatively tight distribution
around the 1:1 line, with a clear positive correlation with the buoy measurements. Between
the shadow-based method and the reference value, the achieved CC is 0.74.
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Figure 13. Scatter plot between derived wave height using fundamental shadow-based approach and
buoy value.

Figure 14 is the scatter plot of wave height between the proposed method and the
wave buoy. The vertical axis denotes the retrieved SWH based on the proposed method,
which uses the REOF and Burg algorithm. The SWH calculated using the proposed
method is much closer to the buoy record compared to that calculated by the fundamental
shadow statistical method. It can be observed that the scatter points are near the complete
correlation line. However, the derived wave height is overestimated when the wave height
is less than 1 m. Under fully developed sea conditions, the empirical relationship of
SWH to wavelength and wave steepness is derived. For low sea states with SWH less
than 1 m, the ocean wave is often not fully developed, and the sea surface is relatively
smooth. In addition, the radar backscattered echo intensity decays rapidly with increasing
range. The weak echo in the far range is mistakenly identified as shadow regions, which
leads to an overestimated shadow ratio. Then, the retrieved RMS wave steepness and
SWH are positively biased. In the future, an adaptive threshold for separating the radar
images should be generated to accurately calculate the shadow ratio and wave steepness.
Meanwhile, a calibrated piecewise correction factor could be incorporated to reduce the
overestimation bias. For the proposed method, the MAE, MBE, and RMSE are 0.25 m,
−0.12 m and 0.32 m, respectively. The experimental results show that the RMSE is reduced
by 0.05 m compared with the fundamental shadow statistical method. The CC of the
proposed method increased by 0.08 and reached 0.82. The inversion accuracy of the SWH
is significantly enhanced. Although the wavelength measured from the radar image is
used, accuracy is still improved compared with the existing shadow method and the
reference equipment. Compared with the reference value, the method proposed has a
larger correlation coefficient, and the absolute error of the wave height is smaller.
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Figure 14. Scatter plot between derived wave height based on the proposed method and buoy value.

For the traditional shadow statistical method, the wave height is calculated by using
the relationship to wave steepness and wave period. The wave period is commonly derived
from temporal wave spectrum analysis or in-situ buoy observation. For the proposed
method, the achieved wave steepness and wavelength using the extracted principal com-
ponent are utilized to estimate wave height. The wavelength is stably extracted via REOF
spatial decomposition and Burg spatial spectrum estimation, which fully utilizes the spatial
periodicity of ocean waves. The wave steepness calculation is completely identical for both
the proposed method and the shadow statistical method. The performance improvement
is uniquely attributable to the novel wavelength retrieval scheme, rather than random
experimental error.

To further demonstrate the accuracy improvement, the 95% confidence interval (CI)
uncertainty analysis is supplemented using buoy measurements as ground truth. The
95% CIs for the SNR-based spectral analysis method, the shadow statistical method, and
the proposed method are [0.1213, 0.2021] m, [0.0503, 0.1174] m and [−0.1434, −0.0889] m,
respectively. The SNR-based method exhibits the largest deviation and the widest CI, which
shows severe systematic underestimation and the highest uncertainty. The traditional
shadow statistical method improves accuracy by using wave steepness. Compared to the
SNR-based method and the shadow statistical method, the proposed method achieves the
narrowest 95% CI. The proposed method fully utilizes the stable spatial characteristics of
ocean waves. Although a slight positive deviation exists, the overall error range is the most
concentrated and stable. Based on the 95% CI, the performance differences are statistically
significant, which fully proves that the accuracy improvement of the proposed method
is reliable.

The proposed method improves the retrieval accuracy of SWH by combing the esti-
mated wave steepness using the shadow statistical method with the wavelength derived
based on the REOF. In this paper, the analysis regions for wave steepness and wavelength
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are aligned, and richer spatial and temporal information is introduced during wave height
inversion. The calculations of wavelength and wave steepness are based on sea surface
observations at the same spatio-temporal scale, fundamentally eliminating the system-
atic bias caused by inconsistent analysis windows in the traditional shadow statistical
method. Meanwhile, the fusion of multi-frame image sequences improves the stability and
robustness of wave height estimation.

5. Discussion
The effectiveness and accuracy of the shadow statistical method have been verified us-

ing shore-based and ship-based X-band marine radar images. However, external reference
is still used to provide the wave period for retrieving the SWH. To retrieve wave height
without external reference equipment and improve the retrieval accuracy, the extracted
wavelength based on the principal component is adopted, which is completely indepen-
dent of the reference equipment. Thus, by using the calculated sea surface steepness in
the temporal sub-image sequence and the extracted main wavenumber from the wave
spectrum. The obtained wave height only depends on the radar images and is completely
independent of the reference equipment.

Radar backscattered echo intensity from the sea surface shows distinct directional
characteristics. The oncoming wave direction produces strong backscatter, and the direction
perpendicular to wave propagation suffers from weakened echoes. Selecting a sub-image
near the oncoming wave direction is the optimal region for wave inversion. Due to
limited scanning coverage, coastline occlusion, and complex seabed topography, the ideal
analysis region cannot always be achieved for shore-based radar observations in practice.
When the optimal sub-region is unavailable, the fixed analysis window inevitably deviates
from the wave direction. The calculated wave steepness from a radar image based on
shadow statistics changes with the azimuth of the selected analysis area and is highly
sensitive to azimuth variation and cannot be easily calibrated. The wave steepness is
often overestimated using the shadow statistical method, introducing a positive systematic
bias. Since wavelength can be effectively corrected via geometric calculation based on the
angle between the sampling direction and the actual wave direction, the deviation caused
by azimuth offset is relatively controllable. Although wavelength can still be reasonably
corrected using angle relationships to reduce errors, the overestimated wave steepness
dominates the final calculation, ultimately leading to fluctuations of retrieved wave height.
Thus, the retrieved wave height and calculated steepness depend on the position of the
analysis area. To mitigate the azimuth-dependent bias of wave steepness and improve the
overall robustness of the algorithm, the impact of the analysis area position at different
azimuths on wave steepness and wavelength could be investigated in the future.

REOF solves the limitations of EOF in spatial locality, sampling error, and physical
interpretation through rotation technology, making it particularly suitable for research fields
that require precise regional feature analysis. Restricted by the radar antenna rotation speed,
the acquired radar image sequence has low temporal resolution. The space observation area
of marine radar in the distance direction is sufficiently used based on the obtained spatial
information using REOF. Compared to the fundamental shadow statistical method, instead
of using wave period, the wavelength is estimated based on the REOF. Thus, the wave
height is directly derived according to the relationship to wave steepness and wavelength.

Although the test site has geographic uniqueness, the dataset and experimental results
remain credible and sufficient to verify the core superiority of the improved shadow
statistical wave inversion approach. (1) A total of 450 matched radar-buoy synchronous
data pairs are adopted, which form a statistically adequate sample size for quantitative
performance evaluation. As shown in Figures 13 and 14, the scatter density distribution
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fully covers the entire measured wave height interval of 0.5~3.5 m, and dense sampling
points are concentrated in the most frequent sea states with SWH of 1~2 m at Haitan
Island, which is the dominant working condition of shore-based marine radar in this
coastal zone. (2) The Haitan Island site is a typical swell-influenced coastal area, which
is a common working scenario for shore-based X-band radar in southeast China coastal
waters. Even under the complex local geographic conditions, the model maintains stable
inversion accuracy, which proves the practical value of the proposed approach for similar
swell-dominated coastal observation sites. However, all measurements are obtained at one
coastal site with unique topographic swell interference. The available in-situ buoy data only
covers a moderate wave height range of 0.5~3.5 m, lacking extremely large storm waves
greater than 3.5 m. In addition, only one single buoy was used as ground truth reference,
without cross-verification from multiple synchronous offshore measuring devices.

Considering the high cost of field marine radar observation, long-term synchronous
data collection with buoys requires substantial resources. Restricted by the local marine
environment, seasonal meteorological conditions and the cost of long-term observation
arrangements, the measured SWH is mainly concentrated in moderate sea states. For
extreme storm sea states with SWH greater than 3.5 m, severe storms and huge waves are
rare in the surveyed nearshore area. For extremely calm sea conditions with SWH less than
0.5 m, the sea surface is nearly smooth. Radar backscatter signals are extremely weak and
easily overwhelmed by thermal noise and sea clutter, which makes it difficult to extract
valid wave information stably via radar images. Based on the existing data, the proposed
method performs well and works stably for moderate sea states. However, the performance
and robustness under extreme sea states remain unconfirmed.

6. Conclusions
In order to reduce the dependence of the fundamental shadow statistical method on

the reference device, combining the shadow statistical method and principal component
analysis technology, a method for extracting the SWH from X-band marine radar images is
presented in this paper. The fundamental shadow statistical method is used to extract wave
steepness, and the wavelength is obtained using the principal component methodology.
The proposed method has the advantage of no external reference equipment for calibration
and can complete the task of SWH inversion. The performance of the retrieved wave height
illuminates that the proposed method in this paper can improve the inversion accuracy
of the SWH. The CC between the proposed method and the reference is increased by
0.08, and the RMSE is reduced by 0.05 m, compared with that of the traditional shadow
statistical method.

The wave height has been calculated based on the definition of wave steepness. The
calculated steepness depends on the position of the analysis area. The impact of the
analysis area position at different azimuths on wave steepness and wavelength could be
investigated in the future. In the experiment, the wavelength extraction based on REOF and
PSD analysis is vulnerable to echo attenuation and multiple spectral peaks. Considering
the range-induced echo attenuation, a distance attenuation correction function has been
applied to calibrate the amplitude of radar echoes at different ranges, so as to restore
the true spatial characteristics of waves. After obtaining the PSD curve based on the
Burg algorithm, physical constraints combined with prior wavelength ranges are set to
distinguish real wave spectral peaks from spurious peaks caused by noise and interference,
which greatly improves the success rate and accuracy of wavelength extraction. With the
mentioned distance attenuation correction and dominant peak screening strategies, the
reliability of wavelength extraction has been significantly improved. Further optimization
of signal processing modules will be carried out to adapt the algorithm to more complex
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sea environments. Due to the limitations of the experimental environment, the wave
height of the sea state data used in this paper is mainly distributed between 0.5~3.5 m,
and the applicability of the proposed method under different sea conditions needs to be
further verified.
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