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Abstract: In this paper, a semi-empirical algorithm for significant wave height (Hs) and mean
wave period (Tmw) retrieval from C-band VV-polarization Sentinel-1 synthetic aperture radar (SAR)
imagery is presented. We develop a semi-empirical function for Hs retrieval, which describes the
relation between Hs and cutoff wavelength, radar incidence angle, and wave propagation direction
relative to radar look direction. Additionally, Tmw can be also calculated through Hs and cutoff
wavelength by using another empirical function. We collected 106 C-band stripmap mode Sentinel-1
SAR images in VV-polarization and wave measurements from in situ buoys. There are a total of 150
matchup points. We used 93 matchups to tune the coefficients of the semi-empirical algorithm and
the rest 57 matchups for validation. The comparison shows a 0.69 m root mean square error (RMSE)
of Hs with a 18.6% of scatter index (SI) and 1.98 s RMSE of Tmw with a 24.8% of SI. Results indicate
that the algorithm is suitable for wave parameters retrieval from Sentinel-1 SAR data.

Keywords: significant wave height; mean wave period; Sentinel-1; synthetic aperture radar (SAR)

1. Introduction

Space-borne synthetic aperture radar (SAR) has been used to detect wave information in a large
coverage (10× 10 km2 to 400× 400 km2) with high spatial resolution (up to 1 m). At present, SAR data
is available from C-band (5.3 GHz) Radarsat-2 and Sentinel-1; X-band (9.8 GHz) TerraSAR-X with its
twins TanDEM-X, and Cosmo-SkyMed; and L-band (1.2 GHz) ALOS-2 satellites. Much effort has been
devoted for marine applications from SAR over past decades, especially for wind and wave retrieval [1].
Wave parameters, e.g., significant wave height (Hs) and mean wave period (Tmw), are usually obtained
from SAR-derived wave spectra. Traditionally, the methodology of wave spectra retrieval needs a good
understanding of complicated SAR wave imaging mechanisms typically explained by the two-scale
model, including the tilt and hydrodynamic modulations [2] on sea surface short waves. However,
there is a specific non-linear distortion of SAR wave imaging, named velocity bunching [3], due to
the relative motion of the sea surface waves to a satellite platform, that leads to waves shorter than a
specific wavelength not detectable by SAR [4,5].

Traditionally, there are three types of wave retrieval algorithms from single-polarization SAR
data. The first type includes theoretical-based algorithm, such as the Max-Planck Institute (MPI) [6,7],
semi-parametric retrieval algorithm (SPRA) [8,9], parameterized first-guess spectrum method
(PFSM) [10–12], and the partition rescaling and shift algorithm (PARSA) [13,14]. They all rely on
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the first-guess wave spectra, which can be obtained from numeric ocean wave models or be calculated
from parametric functions, such as the Jonswap function [15]. The second type includes empirical
algorithms, such as CWAVE_ERS [16], CWAVE_ENVI [17]. Although these second-type algorithms
do not require prior wind information from either SAR-derived or other sources, they only work
for ERS-2 or Envisat-ASAR wave mode data. Therefore, wave parameters inverted by using these
algorithms depend on the accuracy of prior wind information. Recently, there is a new way to
extract wave information from normalized radar cross section (NRCS) measured by SAR [18]. That
algorithm has designed an empirical function between Hs and NRCS without using the complex
hydrodynamic modulation transfer function (MTF). The coefficients of the algorithm were tuned from
five HH-polarization ScanSAR mode Radarsat-1 hurricane images and the Third Generation Ocean
Wave Prediction Model (WAM) operational results [19].

For fully-polarimetric synthetic aperture radar, algorithms [20,21] are usually based on the wave
slope estimation between different band SAR images. Polarimetric SAR wave retrieval algorithms yield
reasonable results against buoy measurements [22], and currently the only free and open SAR data
source is from the available two-channel C-band Sentinel-1 SAR, either in VV- and VH-polarization or
in HH- and HV-polarization.

Parallel to the satellite flight is defined as the azimuth direction, and radar look direction is the
range direction. Due to the relative motion between sea surface wave and satellite platform, there is a
Doppler frequency shift that exists in the azimuth direction. Doppler frequency shift induces a cutoff in
the SAR spectra in the azimuth direction [23]. This mechanism is known as velocity bunching. In other
words, the non-linear modulation of velocity bunching leads to sea surface waves shorter than a specific
wavelength in the azimuth direction being undetectable. In particular, systematic comparison between
SAR-derived azimuth cutoff wavelength and buoy measurements is established in [24] through a large
amount of ENVISAT-ASAR wave mode data, showing a 12.79 m root mean square error (RMSE) of
azimuth cutoff wavelength. It is well known that the cutoff wavelength is related not only to wind
speed, but also significant wave height [25]. Recently, some work has been devoted for developing the
Hs retrieval algorithms by using only SAR-derived cutoff wavelength [26,27]. Collectively, it was found
that Hs was linearly related to the cutoff wavelength. An empirical function, which only depends
on polarization, was developed from C-band Radarsat-2 data [27] and conveniently applied for Hs

estimation. The Hs derived from empirical function are validated against in situ buoy measurements
and the RMSE is 0.87 m. However, as mentioned in [27], the cutoff wavelength should be dependent
on radar incidence angle and wave propagation direction relative to radar look direction, as well as Hs.

In this paper, we included the cutoff wavelength, radar incidence angle, and wave propagation
direction to propose a semi-empirical algorithm for wave parameters retrieval. We also built an
empirical function, which allows estimating Tmw by using inverted Hs and the cutoff wavelength. In
the literature [27], the radar incidence angle and wave propagation direction were not included in the
empirical algorithm.

We organize the paper as follows: the C-band VV-polarization Sentinel-1 SAR images and in
situ buoy data are in Section 2. In Section 3, we present the methodology of deriving the empirical
function for Hs retrieval. Then how to tune the coefficients by using the 93 matchup data from C-band
VV-polarization Sentinel-1 SAR images is presented in Section 4. SAR wave retrieval validation against
buoy measurements is discussed in Section 5. Conclusions are in Section 6.

2. Data Description

The Sentinel-1 SAR satellite was launched by European Space Agency in April 2014. It operates
in C-band with different polarizations and beam modes. We collected a total of 106 stripmap mode
Sentinel-1 SAR images acquired in VV-polarization in U.S. coastal waters during the period of
April 2014 through January 2016 in this study. The radar incidence angle ranges from 20◦ to 47◦.
The coverage of each image contains at least one National Data Buoy Center (NDBC) buoy location.
As an example, a SAR image acquired at 02:06 UTC on 31 December 2014 in Western U.S. coastal waters
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is shown in Figure 1. The white circles represent the locations of corresponding buoys (IDs: 46114
and 46239). Sentinel-1 SAR has a high spatial resolution ranging from 10 to 20 m in our data collection.
We extracted two 1024 × 1024 pixel sub-scenes centered at the two buoy locations, which have a
coverage of around 200 km2 and shown in Figure 2a,b. Although a bit of distortion by rainfall exists
in the image, which may affect homogeneity of the sea surface backscattering, good-quality power
spectra of NRCS of Figure 2a,b can be obtained by using the two-dimensional Fast Fourier Transform
(FFT) method, as shown in Figure 3a,b.

Among the 106 Sentinel-1 SAR images, we found 150 Hs and Tmw matchup data from collocated
buoy measurements. In our data collection, if we obtain a good-quality power spectrum of NRCS from
a Sentinel-1 sub-scene centered at a buoy location, we believe the spectra represents the actual eave
spectra. Wave parameters are measured at an interval of 10 min from in situ buoy measurements. We
choose the values of wave parameters from buoy measurements at the time, which are closest to SAR
imaging time. Therefore, the time difference between buoys and SAR measurements is within 5 min.
Ninety-three matchup points were used for tuning our algorithm, and 57 were used to validate the
algorithm. We also used buoy-measured wind directions to determine the sea state to see whether
wind-sea or swells dominate the study area. Histograms of collocated buoy data are shown in Figure 4,
in which the Hs and Tmw range from 1 to 7 m and 3 to 12 s, respectively.
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3. Methodology

3.1. A Semi-Empirical Model for Hs Retrieval

The cutoff wavelength has been theoretically derived in [6] through the modulation transfer
function (MTF). Since the cutoff wavelength is related to wind speed, it is also important to get accurate
wind information. Compared to wave retrieval from SAR, wind retrieval is a much more matured
technology. As a matter of fact, many geophysical model functions (GMFs) have been developed to
retrieve wind speed from SAR at different band and polarization with known accuracy [28–34].
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The dependency of cutoff wavelength on significant wave height was demonstrated in [35]:

λc = πβ

√∫
|Tv
ω|

2 Sωdω (1)

wherein λc is the cutoff wavelength, β is the satellite range-to-velocity parameter, |Tv
ω| is the velocity

bunching transfer function, ω is the wave frequency, and Sω is the one-dimensional wave spectra.
We have:

β =
R
V

(2)

Tv
ω = ω (sinθcosφ+ icosθ) (3)

where, R is the slant range, V is the satellite flight velocity, θ is the radar incidence angle, ϕ is the wave
propoagation direction relative to radar look direction. Hs can be calculated by Equation (4):

Hs = 4
√∫

Sωdω (4)

Substituting Equations (3) and (4) into Equation (1), the relation between Hs and λc can be
written as:

Hs =
4
π

√ ∫
Sωdω∫

|Tv
ω|

2 Sωdω

(
λc

β

)
(5)

Although, it is impossible to solve Equation (5) directly due to the unknown variable Sω, Hs can
be determined by the factor of λc/β. Based on this thought, a simply empirical function was built
in [26] by relating Hs to λc and β.

The widely used Jonwap wave spectra model is employed to simulate the Sω at the wind speed
U of 5, 10, 15, and 20 m/s. Then, Hs can be obtained from Jonswap simulation and value of λc/β
is calculated by Equation (5). The Hs−λc/β, that is <λc/β> versus λc/β at various θ and a fixed
ϕ is shown in Figure 5a. The incidence angle θ varies from 30◦ to 60◦ at interval of 10◦ and wave
propagation direction relative to range direction ϕ is fixed at 40◦. Similarly, in Figure 5b, θ is fixed at
30◦ and ϕ varies from 20◦ to 80◦ at an interval of 20◦. Figure 5a,b show that Hs is quasi-linearly related
to the λc/β at each θ and ϕ. This relationship is also true in [27] when the author used the Wen wave
spectra [36] and PM wave spectra [37]. At ϕ = 40◦, the relationship between <λc/β> and θ for different
U is shown in Figure 6a. It is found that <λc/β> increases when the radar incidence angle θ increases.
Figure 6b shows the relation between <λc/β> and ϕ, in which θ is fixed at 30◦. <λc/β> decreases
when ϕ increases. This phenomenon is reasonable, because the velocity bunching is negatively related
to the wave propagation angle relative to range direction ϕ and passively related to incidence angle θ.
In other words, velocity bunching becomes weaker as ϕ increases and stronger as θ increases.

Following the idea proposed in [27], together with the above analysis, we can propose a more
complete semi-empirical function to retrieve Hs by adding the radar incidence angle θ and wave
propagation angle relative to the range direction ϕ to the original algorithm that only contained cutoff
wavelength λc:

Hs =

(
λc

β

)
(A1 + A2sinθ+ A3cos2φ) + A4 (6)

wherein the coefficient matrix A is determined from the matchup dataset using the least-square-fit
method. The coefficents are shown in Table 1. The empirical function allows retrieving Hs

without any prior information. Moreover, the advantage is that it is not restricted for application
unlike CWAVE_ERS and CWAVE_ENVI, due to CWAVEs being originally designed for ERS-2 and
ENVISAT-ASAR SAR wave mode data.
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3.2. An Empirical Model for Tmw Retrieval

The relation between significant wave height and mean wave period has been proposed in [26],
hereby we brifely introduce it. First, root-mean-square orbital velocity component $ is defined as:

$ =

√∫
|Tv
ω|

2 Sωdω =
∫ ∞

0

∫ 2π

0
|Tv
ω|

2 Sω,ϕDω,ϕdωdϕ (7)

wherein Sω,φ is the two-dimensional wave spectra in wave frequency ω and wave direction relative
to azimuth direction φ (φ = 90 − ϕ), we take Dω,φ is the normalized directional distribution function:

∫ 2π

0
Dω,ϕdϕ = 1 (8)

After submitting Equation (8) into Equation (7), we obtain:

$ =
∫ ∞

0
Gωω2Sωdω (9)

where:
Gω = 1− 0.5sin2θ (1 + Cω) (10)

and Cω is the second cosine coefficient of Dω,φ [38], having a following relation with φ:

Cω = Rωcos2ϕ (11)

wherein:
Rω =

√
C2
ω + B2

ω (12)

and Bω is the second sine Fourier coefficient.
Thus the cutoff wavelength λc is simplified as:

λc = πβ
√

Gω

√∫
ω2Sωdω (13)

and Tmw is:

Tmw = 2π

√ ∫
Sωdω∫
ω2Sωdω

(14)

from Equations (4), (12), and (13), the Tmw can be caluculated from Hs and λc:

Tmw = Hs
π2β
√

G
2λc

(15)

Since the variable G is unknown in Equation (15), Tmw cannot be directly calculated. Therefore,
we propose an empirical function for Tmw retrieval, which depends on the value of Hs × (β/λc):

Tmw = Hs

(
β

λc

)
B1 + B2 (16)

wherein the coefficient matrix B is determined from the matchup data by using the least-square-fit
method, as shown in Table 2.

Table 2. Coefficients in Equation (15).

B1 B2

1.65 5.60
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One can see that both Hs and Tmw are the function of the cutoff wavelength estimation λc, radar
incidence angle θ, and wave propagation relative to range direction ϕ; all can be directly obtained
from the SAR data.

The block diagram of the scheme of semi-empirical algorithm for wave parameters retrieval based
on cutoff wavelength estimation is shown in Figure 7. First, the two-dimensional SAR image spectra is
calculated from NRCS by using two-dimensional FFT method. Since the SAR spectra has 180-degree
ambiguity with two peaks, we use the one between 0◦ and 90◦, instead of finding the true wave
propagation direction. One can see below that selecting one peak does not affect the final calculation
result. Secondly, one-dimensional SAR spectra is obtained by integrating the two-dimensional SAR
spectra in the range direction in order to estimate the cutoff wavelength. And then Hs is calculated
from SAR-derived cutoff wavelength λc, radar incidence angle θ and peak wave direction relative to
range direction ϕ by using Equation (6). Finally, Tmw is calculated by using Equation (16).
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4. Tuning the Algorithm

A total of 93 sub-scenes centered at buoy locations in stripmap mode C-band VV-polarization
Sentinel-1 SAR images are extracted. As for each sub-scene, we need to calculate each cutoff wavelength
λc estimation, radar incidence angle θ, and wave peak direction relative to range direction ϕ.

An example below is used to illustrate the processing chain. The C-band VV-polarization
Sentinel-1 SAR image taken at 02:06 UTC on 31 December 2014 was analyzed. The Sentinel-1 SAR
spectra of sub-scene of Figure 2a,b is shown in Figure 3a,b, respectively. Then the two-dimensional SAR
spectra with Gaussian fit function is integrated in the range direction. The Gaussian fit function has the
formulation as exp{π(kx/kc)}, in which kx is the wavenumber in the azimuth direction and kc = 2π/λc

is the cutoff wavenumber. The Gaussian fitted results are illustrated in Figure 8a,b corresponding
to Figure 3a,b.
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situ buoys. The coefficients in Equations (6) and (16) are then derived. The values of matrix A in
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5. Discussions

Out of the 93 matchup data for tuning our algorithm, the remaining 57 matchup data points are
used for validation. Buoy wind directions are used to distinguish the wind sea from swell-dominant
cases. We compare the peak directions with wind directions.

Wind direction is measured from in situ buoys. For example, the wind direction is assumed to
range from 0◦ to 90◦, clockwise relative to north, and that wind blows from northeast to southwest.
Then, the two peak directions with a 180◦ ambiguity from two-dimensional SAR spectra is obtained by
meteorological convention. If the peak direction from two-dimensional SAR spectra ranges from 90◦

to 180◦ or 270◦ to 360◦, clockwise relative to north, we think that is a swell-dominant case due to the
wave propagation direction being in conflict with the wind direction. Oppositely, if the peak direction
from two-dimensional SAR spectra ranges from 0◦ to 90◦ or 180◦ to 270◦, we think that is wind-sea
dominant case. Thus, we separate the validation into two categories: wind sea and swell.

The Hs from Equation (6) and Tmw from Equation (14) for 29 wind-sea dominant cases were
compared to buoy measurements in Figure 10a,b, respectively. It is shown that the RMSE of Hs

is 0.69 m with an SI of 18.5% and RMSE of Tmw is 1.87 s with a 25.1% of SI. Similarly, RMSE of Hs

is 0.71 m with an 18.7% of SI and RMSE of Tmw is 2.04 s with a 23.1% of SI for 28 swell-dominant
cases (Figure 11a,b). Although it is found that the semi-empirical algorithm works for both wind-sea
and swell sea state, the algorithm performs slightly better for wind-sea dominant cases than swell
dominant cases studied from our data collection.

We show the validation of a total of 57 cases in Figure 12, showing the RMSE of Hs is 0.69 m
with an SI of 18.3% and RMSE of Tmw is 1.86 s with a 24.8% of SI. Referring to the achievements of
several studies for wave retrieval from C-band SAR data, the standard deviation (SDE) of Hs ranges
from 0.4 to 0.7 m against in situ buoy measurements or numeric wave model results [8,12–14,21].
The semi-empirical algorithm herein is expected to work well for various types of C-band SAR data.
It is more applicable than existed CWAVE models, because CWAVEs were specifically tuned to derive
wave information from ERS-2 and ENVISAT-ASAR wave mode data. The CWAVE model cannot be
directly used for wave retrieval from SAR image mode data. In addition, statistical results (an RMSE
of 0.69 m of Hs) of our semi-empirical algorithm outperformed the traditional empirical function
proposed in [27] (an RMSE of 0.87 m of Hs).
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6. Conclusions

At present, all algorithms for wave retrieval from C-band single polarization SAR, e.g., VV- or
HH-polarization, depend on prior information, e.g., first-guess wave spectra or wind speed. In this
paper, we propose a semi-empirical algorithm for wave parameters retrieval from C-band Sentinel-1
images in VV-polarization. Firstly, the empirical function for Hs retrieval is basically designed from the
simulation between Hs−λc/β and λc/β, which is similar to the linear function in [27]. In particular, the
dependency of radar incidence angle and wave propagation direction is also included in our empirical
function. Then, the similar empirical function, which is designed from the relation between significant
wave height and mean wave period proposed in [26], is used to calculate Tmw.

A total of 106 Sentinel-1 VV-polarization images together with measurements from in situ buoys
were collected to develop and to validate the algorithm. The coefficients in the functions for Hs and
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Tmw retrieval are determined from 93 collocated data, including the SAR-derived cutoff wavelength λc,
radar incidence angle θ, peak direction relative to range at two-dimensional SAR spectra ϕ, and the
measurements from in situ buoys. Although the semi-empirical algorithm was tuned from 93 matchup
data, the correlation between fitted results and measurements from in situ buoys is 0.81 for Hs and 0.71
for Tmw. We think the proposed algorithm can be applied for wave retrieval.

Fifty-seen matchup points are used to validate the algorithm. The validation results show a 0.69
m RMSE of Hs with a 18.3% of SI and 1.86 s RMSE of Tmw with a 24.8% of SI. Based on the wind
directions from in situ buoy measurements and the direction of dominant wave spectra, we separate
the ocean into wind sea and swell regimes and validate the algorithm separately. There are 29 wind-sea
dominant cases and 28 swell dominant cases. Comparisons show that RMSE of Hs is 0.69 m with
a 18.5% of SI and RMSE of Tmw is 1.87 s with a 25.1% of SI for 29 wind-sea cases. It is also shown that
RMSE of Hs is 0.71 m with a 18.7% of SI and RMSE of Tmw is 2.04 s with a 23.1% of SI for 28 swell
dominant cases. Known from other achievements, the SI of Hs by using the existing wave retrieval
algorithms against other sources are around 20%. The comparisons indicate that the accuracy of
retrieval results by using our semi-empirical algorithm is acceptable in this study.

Empirical models, CWAVE_ERS and CWAVE_ENVI, can be employed to estimate Hs and Tmw

from ERS-2 and ENVISAT-ASAR wave mode data only. Our algorithm provides a conveniently
empirical method to retrieve Hs and Tmw from C-band VV-polarization Sentinel-1 SAR images,
including, but not limited to, stripmap mode data. However, we plan to further implement the
algorithm in hurricane and typhoon conditions, in order to confirm the validation of the semi-empirical
algorithm under extreme sea states.

In summary, the proposed semi-empirical algorithm is applicable for wave parameters from
various band and different polarization SAR data, such as X-band and L-band. Therefore, it is expected
that the wind and waves can be simultaneously measured from single-polarization SAR data.
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