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Abstract: Modeling the statistical distribution of synthetic aperture radar (SAR) images is essential for
sea target detection, which is an important aspect of marine SAR applications. The main goal of this
study is to determine the effects of sea states and surface wave texture characteristics on the statistical
distributions of sea SAR images. A statistical analysis of the Envisat Advanced Synthetic Aperture
Radar (ASAR) wave mode images (imagettes), covering a variety of sea states and wave conditions,
was carried out to investigate the suitability of the statistical distributions often used in the literature
for sea states parameters. The results revealed the variation in the distribution parameters in terms
of their azimuthal cutoff wavelength (ACW) and the peak-to-background ratio (PBR) of the SAR
image intensity spectra. The shape parameters of Gamma and Weibull distribution are sensitive and
monotonously decreasing with respect to PBR, while the scale parameter is sensitive to ACW. The K
distribution was shown to perform well, with both high and stable accuracy. The results of this paper
provide a parameterized scheme for sea state classifications and can potentially be used for choosing
the most suitable distribution model according to sea state when performing sea target detection.

Keywords: statistical models; wind waves; swell; Synthetic Aperture Radar; classification

1. Introduction

Synthetic aperture radar (SAR) is an active microwave sensor that has proven to be one of the
most effective systems for acquiring high resolution observations of the ocean surface in all weather
conditions. The interpretation and investigation of the features of SAR image pixels, using normalized
radar cross sections (NRCSs) provides a large amount of quantitative and qualitative information for a
variety of applications in oceanic remote sensing [1]. One of the most important applications of sea
SAR images is the detection and monitoring of sea targets on an ocean background, e.g., ship and oil
spill detections. Accurate modeling of the statistical distribution of SAR images over a background
sea surface plays a key role in target detection since precise knowledge of sea clutter distributions is
required for the construction of a target detector [2–6].

In general, the statistical properties of the backscattered radar cross section (RCS) of a sea target
are distinguishable from those of the background sea clutter, and thus, information about the objects
can be extracted when an appropriate threshold is known. The constant false alarm rate (CFAR)
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algorithm is a commonly used method for computing the threshold to be applied to distinguish the
backscattered signal of the targets from the background clutter of the sea surface [7–9]. The principle
of the CFAR algorithm is to calculate the CFAR by adapting the statistical properties of the observed
SAR images to those from a specific statistical model of the sea surface [10,11].

Numerous distribution models have been proposed to describe the statistical properties of the
backscattering from the sea surface, either theoretically derived or using empirical models with
regional data. However, the statistical distribution of the SAR images of the sea surface remains a
controversial problem [12]. To begin with, Rayleigh distribution is suitable for modelling the amplitude
of a single-look image, assuming that the real and imaginary parts of the backscattered signal follow a
joint Gaussian distribution [1]. However, over a surface with heterogeneous texture or with random
motion, there will be a departure from a Rayleigh distribution [13,14]. Based on a mixture model [15],
the returned signal can be regarded as a multiplicative product of two components, representing the
Gamma distributed signal and the Rayleigh distributed speckle noise; the K distribution is a typical
mixture model that is widely applied to describe the statistics of sea clutter [16,17]. However, the
log-normal distribution and the Weibull distribution are derived from empirical models that have been
developed without reference to the theory of surface scattering and SAR imaging, and have also been
applied to the statistical modeling of SAR images [18,19]. The generalized Gamma distribution has
proven to be an effective distribution to adopt for high flexibility sea clutter modeling with effective
fitting capacity, especially for high resolution SAR images [20]. The statistical properties of SAR images
are affected by the surface wind, sea states, and the motion of surface waves (e.g., long gravity waves
and swell are suggested to be the main contributions to the departure of the SAR amplitudes from
the theoretical Rayleigh distribution [21]). The presence of surface waves and breaking waves is the
common reason leading to the scene heterogeneity in SAR images, causing difficulty in sea target
detection. Thus, the interpretation of statistical properties of the SAR signal backscattered from the sea
surface at various sea states (i.e., the background environment of the target) plays a central role in the
sea target detection.

A SAR image of the ocean can be regarded as the spatial distribution of the NRCS of the sea
surface containing the moving surface waves at various spatial scales, from several millimeters
to hundreds of meters. Surface waves can be classified as wind wave and swell according to the
conditions of generation, propagation, and local wind [22]. The waves dominated by local surface
winds are called wind waves and can be represented by a wave spectrum [23]. By comparison, a swell
is a wave that no longer absorbs energy from surface winds and can propagate over long distances,
appearing as regular streaks in an SAR image [24]. Surface waves can be detected by SAR only if the
spectrum of a wave-modulated SAR image exceeds the noise level. Wind waves are less likely to be
observed in SAR images due to the cutoff of high wavenumbers in the SAR spectrum caused by the
inherent nonlinearities of SAR wave imaging mechanisms. Therefore, a large part of the SAR images,
containing wind waves, show noise-like patterns because of the severe smearing of wave streaks.
One of the mechanisms causing smearing, called velocity bunching, originates from random and
nonlinear motion-induced azimuthal displacements due to wind waves [24,25]. Additionally, breaking
waves significantly increase the NRCS via the enhancement of roughness and the quasi-specular
reflection from the steep front of the breaking waves [26–29]. As the main source of non-Bragg effects,
the backscatter from breaking waves, which are randomly distributed on the sea surface, is statistically
independent from the Bragg scattering by the non-breaking area [30,31]. Therefore, the surface wave
characteristics influence the SAR imaging process of the sea surface in a number of ways.

The impact of sea states on sea surface statistical distribution was recently considered in a
study by Martin-de-Nicolas et al. [32]. Their work demonstrated that the statistical parameters of
the clutter distribution are variable and dependent on the sea state when performing a sea surface
analogous classification to that of the land texture classification. Particular emphasis was placed on
the relationship between the sea state and the statistical parameters for the purpose of developing
state-of-the-art techniques for ship and oil spill detections. However, establishing a quantitative
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parameterization of the classification in terms of the sea state instead of using qualitative description
remains necessary, as the latter is inconvenient for applications related to the operational procedures
for oceanic target detection. To date, there have been no attempts to relate SAR statistics to parameters
describing waves, swell, and their relative significances.

In this study, we investigated the ability of statistical distributions to fit features of SAR images
and the sensitivity of these models to surface wind speed, the azimuthal cutoff wavelength (ACW),
and the parameter proposed to describe the degree of dominance of swell at the sea surface. We used
an integrated dataset of SAR wave mode images (imagettes) covering nearly all the global oceans
at a variety of sea states (wave conditions). The results showed that the distribution parameters
of those SAR images where the swell is dominant could differentiate these images from those with
scarce wave streaks where the wind waves are dominant. Furthermore, we statistically estimated
the distribution parameters of various sea states. Based on the data with global ocean coverage,
the results are applicable globally. This paper offers a new interpretation of SAR statistical modeling,
as the probability density function (PDF) based only on considering either swells or wind waves is
different. The results of this study will facilitate the development of a more accurate target detector,
particularly when performing automatic or adaptive target detection. The main conclusion of this
work can potentially be used for ship, ship wake, oil spill, or sea ice detection.

The rest of this paper is organized as follows: In Section 2, a brief introduction of the SAR wave
mode data product used is presented; in Section 3, descriptions of the distribution model, the method
for parameter estimation, and the procedures for differentiating swell and wind waves are presented;
The results of the sea state dependence of the statistical distribution parameters are listed in Section 4
and discussed in Section 5. Finally, the conclusions are presented in Section 6.

2. Data Description

The data we used in this paper are from the Envisat Advance Synthetic Aperture Radar (ASAR)
wave mode data product for the year, 2010. Envisat, launched in March 2002, carried ASAR operating
in the C band with three work modes: Image mode, wave mode, and wide swath mode. The wave
mode is designed to observe the global surface waves by generating a VV polarization imagette of 5
km by 10 km with a 100 km interval along its track. The key parameters of the Envisat ASAR wave
mode are shown in Table 1. Two types of ENVISAT ASAR wave mode data products were used in
this study: The level-1b (ASA_WVI_1P) data for the SAR single-look complex imagettes generated by
ESA and the level-2 preprocessed (L2P) delayed mode (GDR) product from the GlobWave project for
referencing the sea state parameters collocated with the level-1b images. The wave parameters of the
L2P GDR product were generated and well validated [33].

Table 1. Advance Synthetic Aperture Radar (ASAR) data acquisition parameters [34].

Parameters Description

Polarization VV/HH

Swath width 5 km

Sampling Every 100 km

Azimuth pixel size ≤10 m

Range pixel size ≤10 m

Radiometric resolution 1 image slant range, 1 image azimuth

Geometric sampling Wavelength: 20 m to 1000 m; Direction: 0–360 degrees
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Figure 1 shows the sample numbers of wave mode images in 2010, among which more than
40,000 wave mode images collocated with the wave parameter measurements were collected, covering
most of the oceanic areas from 60◦S to 60◦N and representing a wide variety of sea states. Quality
control of the data was performed by excluding samples containing other textures, such as slick, land,
and sea ice, to avoid image analysis contamination from these non-wave textures.

Six representative examples of the SAR imagettes (one from the North Pacific Ocean and the
others from the South Pacific Ocean) were randomly selected according to their wind speed, and the
visual definitions of their wave streaks are shown in Figure 2a–f. The first case (i.e., Figure 2a) shows an
SAR image with a low wind speed and no clear wave streak, indicating a pure sea clutter image with
a calm surface, whereas the second example (Figure 2b) represents low wind speed with clear wave
streaks, indicating a relatively swell-dominated case. Figure 2c,d show SAR images with and without
clear wave streaks at moderate wind speed (10.1 m/s and 8.4 m/s, respectively), and Figure 2e,f
are SAR images with and without clear wave streaks at high wind speed (17.4 m/s and 14.1 m/s,
respectively). Figure 2c,e are SAR images where the SAR imaging mechanism is highly non-linear
for wind waves, leading to a blurring of wave textures and the appearance of white noise in the SAR
image. A mixture of wind seas and swell is shown in Figure 2d,f as the wavelengths of the wave
streaks are long and unlikely to have been generated by local wind.

Figure 1. The sample numbers of the Synthetic Aperture Radar (SAR) wave mode imagettes for the
year, 2010, with a 1◦ × 1◦ spatial grid.
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Figure 2. Comparison of the examples of the SAR images indicating the different sea states: (a) Low
wind speed (3 m/s) without wave streaks, (b) low wind speed (3 m/s) with wave streaks, (c) moderate
wind speed (10 m/s) without wave streaks, (d) moderate wind speed (8 m/s) with wave streaks, (e) high
wind speed (17 m/s) without wave streaks, and (f) high wind speed (14 m/s) with wave streaks.

3. Statistical Distribution and Parameter Estimation

3.1. Typical Statistical Distribution Model

Numerous statistical distribution models have been developed to relate the physical features and
statistical properties of SAR images, as summarized by review papers [12,35]. The different degrees
of advantage of the distributions when fitting an SAR image histogram are dependent on multiple
factors, such as the spatial resolution of the image, the number of looks, and the textual properties
of the surface [36]. While a single radar image illuminates a random wavy surface without regular
swell, the amplitude of the backscattered complex signal is theoretically assumed to be Rayleigh
distributed, assuming its real and imaginary parts form a joint Gaussian distribution according to the
central limit theorem. However, the presence of long-wavelength gravity waves or swell will add
textural heterogeneities, which can be regarded as one of the main reasons for the departure from a
standard Rayleigh distribution [37]. The K distribution is another theoretical model that is widely
used to describe the properties of the sea surface. This model is a multiplicative model based on the
physical premise that the sea speckle of a single amplitude image follows a Rayleigh distribution,
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while the extended texture of the sea follows a Gamma distribution [15]. The K distribution can
be reduced to a Rayleigh distribution when the shape parameter approaches infinity, indicating a
returned echo from a homogeneous sea surface. Similarly, the Nakagami distribution [38] is a classic
distribution that can also represent a special case of the K distribution [39]. In contrast, rather than
being theoretically derived according to the backscattering and SAR imaging process, the log-normal
distribution and the Weibull distribution are also conventional models for characterizing SAR image
properties. To make the current study as representative and comprehensive as possible, we have used
six of the most conventional distributions. The formulas of the PDFs are given in Table 2. α and σ are
a shape parameter and scale parameter, respectively. Since we intend to determine the sensitivity of
statistical distributions to sea states, the basic distributions are adopted regardless of the balance of
their fit ability. The mixture models, such as K distribution, are listed together with their special cases
in Table 2. It should be noted that parameter n of K distribution, indicating the look number of SAR
images, has been determined for the product.

Table 2. Probability density functions (PDFs) of the distribution models used in this study.

Statistical Models Probability Density Function

K Distribution P(A) = Aα+(n/2)−1

2α−2+(n/2)
σ(n/4)+(α/2)

Γ(α)Γ(n/2)Kα−n/2(
√

2σA)

Gamma Distribution P(A) = 1
σαΓ(α) Aα−1 exp

{
−
(

A
σ

)}
Weibull Distribution P(A) = α

σ (
A
σ )

α−1
exp

{
−
(

A
σ

)α}
Nakagami Distribution P(A) = 2

(
α
σ

)α 1
Γ(α) A2α−1 exp

{−α
σ A2}

Log-Normal Distribution P(A) = 1
A
√

2πα
exp

{
− (logA−σ)

2α2

}
Rayleigh Distribution P(A) = 1

σ2 exp
{
− A2

2σ2

}
3.2. Parameter Estimation Method

In the literature, the parameters of the six specific distributions listed in Table 2 for each sample
were estimated using the conventional maximum likelihood estimation (MLE) algorithm [40]. The goal
of this method is to estimate the parameters by searching for and minimizing the integrated errors
for the most suitable parameters for the observational data. Assuming that the independent random
1× N vector, Ut, and t = 1, . . . , n have a common joint distribution function with the m parameters,
ϕ1, ϕ2, . . . , ϕm, in ∅, the likelihood function of the parameter, ϕ, is defined as follows:

Ln(U, ϕ) ≡ n−1
n

∑
t=1

log P(Ut, ϕ) (1)

where P(Ut,ϕ) =
n
∏

t=1
P(Ut,ϕ1,ϕ2, . . . ,ϕm) is the joint distribution function. The parameter, ϕ, can be

estimated as ϕ̂, which maximizes the likelihood function:

θ̂ = arg max
θ∈Θ

Ln(U,ϕ) (2)

The Kolmogorov-Smirnov (KS) distance and the Kullback-Leibler divergence (KLD) were used to
quantitatively evaluate the performances of the estimated PDFs compared to the histograms of each
imagette [12]. We calculated the KLD (DKL) between the histograms and estimated the PDFs of the
reference distribution. DKL is defined by the following equations:

DKL =
∫

P(x, ϕ̂) log[P(x, ϕ̂)/h(x)]dx +
∫

h(x) log[h(x)/P(x, ϕ̂)]dx (3)

where P(x, ˆθϕ) is the PDF with the estimated parameters and h(x) is the normalized histogram. KLD
is used to systematically measure the degree of discrepancy when P(x, ϕ̂) is adopted to estimate h(x).
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3.3. Parameters Describing Sea States

3.3.1. Cutoff Wavelength

The strong cutoff of a SAR image spectrum in the azimuthal direction is known to be present
due to the Doppler displacement caused by the orbital motion of the surface waves [21,41]. The wave
information in the azimuth direction is missing beyond the wavenumber corresponding to the ACW in
the spectral domain. ACW is dependent on the range-to-platform velocity ratio, R/V, and the second
moment of the wave spectrum when assuming the surface wave is linear [42]. ACW can be reasonably
estimated by the best fit of the observed SAR azimuthal spectra to the Gaussian function [21], which is
formulated below:

G = e−π(
kx
kc
)

2

(4)

where kx is the azimuth wavenumber and kc = 2π/ACW is the wavenumber corresponding to ACW.
Two cases are chosen to represent the SAR images with and without clear streaks (corresponding to
Figure 2e,f) for the estimation of the ACW. The azimuthal spectra of the SAR images is calculated via
the integration of the SAR spectra in the range direction, as shown in Figure 3c. The ACW for images
without wave streaks is 402.1 m (blue vertical line in Figure 3c), which is higher than those with wave
streaks, which have an ACW of 280.2 m. ACW indicates the degree of nonlinearity in the SAR wave
imaging mechanism and, thus, is potentially related to the wave height and wave direction, and can
eventually be attributed to the wave texture in SAR images [43]. ACW is well validated by using
the National Data Buoy Center (NDBC) buoy and wave model data and has proven to be a useful
parameter derived from SAR [44]. As noted in Section 2, the ACW record for each image used in this
study is provided by the Envisat level-2 product.

Figure 3. SAR intensity spectra and azimuth cutoff wavelengths (ACWs) for the cases in Figure 2e,f.
(a) SAR spectrum corresponding to the image in Figure 2e. The white line is the wavelength isoline.
(b) SAR spectrum corresponding to the image in Figure 2f. (c) Estimated ACWs corresponding to (a,b).
The solid line is the azimuthal spectrum and the dashed line is the best fit using the Gaussian function.
The vertical lines are the estimated ACWs for the two cases.
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3.3.2. Peak to Background Ratio (PBR) of the Intensity Spectrum of a SAR Image

The intensity spectrum of a SAR image I(
→
k ) = I

(
kx, ky

)
(SAR spectrum), representing the

variance spectrum of the spatially distributed image intensity that is directly proportional to a specific
NRCS, is acquired by performing a two-dimensional fast Fourier transform (FFT) of the intensity
image, I(

→
r ). SAR images consist of a wave-modulated part and a background noise part (sea clutter

or speckle). Therefore, in the spectral domain, the SAR spectrum, I
(
kx, ky

)
, can be regarded as the

superposition of the background noise spectrum and the noise-averaged variance spectrum, Iw
(
kx, ky

)
,

containing the wave information:

I
(
kx, ky

)
= In

(
kx, ky

)
+ Iw

(
kx, ky

)
(5)

where In
(
kx, ky

)
is the background noise spectrum. Note that the background noise spectrum consists

of a clutter spectrum and a thermal noise spectrum, both of which contribute to the background noise
spectrum and are given by a constant value that is approximately within a Nyquist wavenumber due
to the white noise nature of the backscattering surface elements [45]. According to linear wave theory,
different types of wave spectra can be transformed according to conservation of wave energy:

x
I
(
kx, ky

)
dkxdky =

x
I(K, θ)dKdθ =

∫
I(K)dK (6)

where I(K, θ) is the directional wavenumber of the SAR spectrum and I(K) is a one-dimensional SAR
spectrum. K is the modulus of the wavenumber, and θ is the direction of the wave streaks in the SAR
image. We define the peak to background ratio (PBR) of a SAR spectrum in this paper as:

I(K)|k=kp

In(K)
∣∣∣
|k|>ke

(7)

where kp is the wavenumber of the peak of the SAR spectrum and ke is the wavenumber where
Iw(K) = In(K). SAR spectra are resampled and low pass filtered in the wavenumber domain.
The magnitude of the PBR is the degree of regularity of the wave streaks and the variance of the SAR
image. In(K)||k|>ke is calculated by averaging the spectral bins beyond ke, an adjustable parameter
described as the highest value between the 20th bin in a wavenumber and the wavenumber when the
gradient of the spectrum has a value greater than 0.03. Considering the background noise spectrum
has a flat pattern, we use a spectrum gradient of 0.03 as the critical value to separate noise-averaged
SAR spectrum. Since the wavenumber in a SAR spectrum is regularly spaced in 128 grids ranging from
−0.06 rad/m to 0.06 rad/m, ke is determined by picking the higher value from between 0.042 rad/m,
the wavenumber at 20th bin, and the wavenumber when the gradient of the spectrum is greater
than 0.03.

4. Results

4.1. Comparison of Example Swell and Wind Wave Statistical Parameters

The PDFs of six model distributions, listed in Table 2, are matched to the histogram of the pixel
intensity for the selected images of Figure 2. Meanwhile, the fitting results based on the MLE are
shown in Figure 4, where the histogram and fits of the PDFs are plotted on linear and semi-log scales in
order to illustrate details of the whole line with emphasis on the tails. After a visual comparison of the
histograms in the logarithmic scale and the plots of the estimated PDFs, the K distribution is suggested
to closely fit the data histograms in most cases, except for those images with clear streaks at low and
moderate wind speed. Despite these differences, the K distribution shows a better performance than
those of the other listed models, even though the Weibull and Nakagami distributions are applicable
in the limited cases where there are no clear streaks at low to moderate wind speed. In those cases,
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however, where there are clear streaks, the Gamma distribution has proven to be more effective than
that in cases where there are no clear streaks. Note that the tail was overestimated by the log-normal
and Gamma distributions and was slightly underestimated by the Weibull, Nakagami, and Rayleigh
distributions. The log-normal distribution is shown to be the least applicable model for fitting the
histogram of the sea surface, regardless of the sea state. This finding is consistent with the review
paper [6], wherein a log-normal distribution was reported to have a relatively poor ability to reproduce
the histogram, especially its tail. The best performance of K distribution in the six cases can be
interpreted as the result of its inherent origin as a multiplicative model considering sea speckle and
wave texture. This implies that K distribution is more flexible for modeling statistical features of
sea SAR images with a variety of sea states. In [46], a similar result showed that the K distribution
produced a better fit than the log-normal distribution for the single-look images.

Figure 4. Empirical histogram and fitting results of the SAR images in Figure 2 on linear (left y-axes)
and semi-log (right y-axes) scales. (a) Low wind speed (3 m/s) without wave streaks, (b) low wind
speed (3 m/s) with wave streaks, (c) moderate wind speed (10 m/s) without wave streaks, (d) moderate
wind speed (8 m/s) with wave streaks, (e) high wind speed (17 m/s) without wave streaks, and (f)
high wind speed (14 m/s) with wave streaks.

4.2. Evaluation of the Goodness-of-Fit of PDF Models with Sea State Parameters (ACW and PBR)

The aim of this section is to investigate the dependence of the goodness-of-fit of the sample data
and PDF models on sea state parameters (ACW and PBR). We conducted a quantitative evaluation
using KLDs to determine the statistical dependence of the goodness-of-fit on the ACW and PBR,
as shown in Figures 5 and 6, respectively. The KLDs are plotted on a logarithmic scale against the
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ACW and PBR obtained from the methods described in Sections 3.3.1 and 3.3.2 for the six distributions
listed in Table 2. Linear trends are apparently present for all distributions except for the K distribution,
which shows a good fitting capability since the KLDs of the K distribution, which are generally around
the scale of 10−7, are independent of the ACW and PBR. A monotonically decreasing tendency is
identified for the Weibull, Nakagami, and log-normal distributions, which means that at lower ACW
or PBR values, the accuracies of these three distributions can approach that of K, but cannot readily fit
those cases with higher ACW or PBR values since the accuracies decrease dramatically. On the other
hand, the Gamma and log-normal distributions become increasingly reliable, although the accuracy is
still lower than 10−6 with increasing ACW and PBR values. This result confirms that the Gamma and
log-normal distributions have high probabilities of acceptably modeling the amplitudes of those SAR
images with wave texture (or wave streaks). Similar results have also been obtained by using land
area images [47] or airborne SAR sea images [48], indicating that a Gamma distribution can be used to
model highly heterogeneous textures. Therefore, the hypotheses found in multiplicative models where
Gamma or log-normal distributions are regarded as heterogeneous signals can also be confirmed as
reasonable for this study because the degree of regularity of the wave streaks, PBR (Figure 6), exhibits
a pattern that is more regular than that shown in Figure 5, where there is a wide scatter of points.

4.3. Variations of the Distribution Parameters with Sea State

Figure 7 presents the distribution parameters (x-axis indicates the shape parameter and y-axis
indicates the scale parameter) with the variation of ACW (the left column) and PBR (the right column).
A significant dependence of distribution parameters on ACW and PBR can be identified. An increase
in ACW leads to a decreased scale parameter for the K distribution, while it leads to an increased
scale parameter for the Gamma and Weibull distributions. For example, the scale parameters with
higher ACW values for a given K distribution are clustered at less than 5 × 10−4, while those for the
lower ACW cases show a higher value, extending from 2 × 10−3 to 0.01, indicating that the high ACW
corresponds to a low scale parameter. A similar trend can also be identifiable for the effect of PBR on
the parameters for the K distribution, while the shape parameter is more sensitive to the variation of
PBR than ACW. As distinct from Figure 7a,b for the K distribution, Figure 7c–f show entirely different
patterns of the points for the Gamma and Weibull distributions. The points with high ACW are related
to a high scale parameter and low shape parameter, located at the top-left of the diagram. The samples
with low ACW are clustered at the right-bottom of the figure (e.g., low values for the shape parameters
and low values for scale parameters). For the Gamma and Weibull distributions, the PBR affects the
shape parameter dramatically, but only weakly varies with the scale parameter. The prominent trend
is shown in Figure 8. For the Gamma distribution, the scale parameter monotonously increases with
ACW while the shape parameter decreases with PBR. This result is consistent with the result of [32].
Meanwhile, the increase in PBR results in the expanding range of the scale parameter for the Gamma
and Weibull distributions. In contrast, the points reduce the scope with the increase of PBR for the
K distribution.

Moreover, the skewness (β1) and kurtosis (β2) of SAR images are calculated and shown in
Figure 9. The mean values of β1 and β2 within a certain percentile value of a parameter (ACW, PBR,
wavelength, or wind speed) are also plotted as colored squares. The ACW and PBR are capable of
compartmentalizing different categories of textures of the SAR images (i.e., the mean (β1,β2) values of
samples within the 5th percentile of ACW is (0.78,3.68), while it is (1.00,4.54) for samples within ACW
values lower than the 95th percentile, (0.74,3.58) for samples with PBR lower than the 5th percentile
and (0.99,4.46) for samples with PBR higher than the 95th percentile). Since the SAR image statistics
are affected by more than one factor of sea states, when considering an individual parameter to assess
the difference, the difference in the mean value of (β1,β2) may indicate a different statistical property.
In this sense, the separation of (β1,β2) by means of different percentile values of a wave parameter
suggests the dependence of SAR image distribution parameters on this wave parameter. The sea
surface wind speed and wavelength show no apparent abilities to classify sea SAR images according
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to their statistical characteristics, which means that surface wave streaks with widely varying wind
speed and wavelengths are possibly present in the SAR images. The mean value of distribution
parameters corresponding to the specific percentiles of ACW and PBR are presented in Table 3 for
potential use. As seen from the table, ACW and PBR have a significant impact on the parameters
of statistical distributions. Their dependence on ACW and PBR is monotonous. In agreement with
our findings, [21] reported the high-order moment property of SAR wave mode data in a Pearson
diagram (skewness square vs. kurtosis) occurring approximately between the K distribution and
log-normal distribution. Furthermore, although the authors of [21] attributed the departure from
the Rayleigh distribution to high resolution properties, our analysis suggests an explanation that the
modulation by long wavelength gravity waves and swell also leads to a distortion of the distribution.
Thus, the present study shows a deficiency in the current approach to model the constructions of sea
target detectors where the parameters of sea states are completely ignored.

Figure 5. The variation of the KLD on a logarithmic scale vs. ACW. The color bar shows the magnitudes
of the samples. (a) K distribution, (b) Weibull distribution, (c) Nakagami distribution, (d) log-normal
distribution, (e) Gamma distribution, and (f) Rayleigh distribution. The dashed lines show the linear
regression of the trend. The central marks on the bars indicate the median, and the edges of the bars
show the values of the 25th and 75th percentiles. The color bar is the number of samples.
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Figure 6. The variations of the Kullback-Leibler divergence (KLD) on a Logarithmic scale with PBR.
The color bar shows the magnitudes of the samples. (a) K distribution, (b) Weibull distribution,
(c) Nakagami distribution, (d) log-normal distribution, (e) Gamma distribution, and (f) Rayleigh
distribution. The dashed lines show the linear regressions of the trend. The central marks on the bars
indicate the medians, and the edges of the bar are the values of the 25th and 75th percentiles. The color
bar shows the number of samples.
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Figure 7. The variations of the distribution parameters with ACW and PBR. (a) K distribution with
ACW, (b) K distribution with PBR, (c) Gamma distribution with ACW, (d) Gamma distribution with
PBR, (e) Weibull distribution with ACW, and (f) Weibull distribution with PBR. The color shows the
ACW or PBR value of the SAR samples.

Figure 8. (a) The variations scale parameter with ACW for Gamma distribution; (b) the variations
shape parameter with PBR for Gamma distribution. The red line is a smoothed regression of the
samples with 95% confidence interval.
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Figure 9. Kurtosis vs. skewness of the samples categorized by (a) ACW, (b) PBR, (c) wavelength,
and (d) wind speed.

Table 3. The mean value of the distribution parameters at different percentiles of ACW and PBR.
The distribution parameters for each table cell are derived by averaging those parameter values whose
corresponding ACW (left column of each parameter) or PBR (right column of each parameter) are in
the scope of ±5 of the percentile value listed in the first column.

Percentile
ACW

(m) PBR

Distributions

K Gamma Weibull

α σ α σ α σ

10 148.2 1.83 13.3 14.7 1 × 10−02 1 × 10−03 2.92 2.96 42.6 49.7 1.90 1.91 140.7 165.7
30 189.2 2.00 12.5 12.0 9 × 10−04 9 × 10−04 2.93 2.92 49.1 52.5 1.90 1.90 162.5 173.1
50 232.2 2.15 11.1 10.5 7 × 10−04 7 × 10−04 2.90 2.89 54.1 55.9 1.89 1.88 177.2 182.3
70 281.3 2.33 9.7 9.2 5 × 10−04 6 × 10−04 2.87 2.85 59.8 58.5 1.87 1.86 193.7 188.4
90 356.3 2.64 8.0 7.7 3 × 10−04 5 × 10−04 2.82 2.80 69.8 60.6 1.84 1.83 221.8 191.6

5. Discussion

Our study is limited to analyzing the effects of wind speed, ACW, and PBR on SAR image
distribution parameters. Wind speed can be regarded as a direct indicator of the sea state, while the
ACW and PBR are estimated from SAR images instead of direct analysis of the sea surface, as explained
in Section 3.3. However, the ACW and PBR values of the SAR images are closely connected with the
characteristics of the sea states. As an important parameter for characterizing the image properties
in an SAR spectral domain, ACW is reported to be linearly proportional to wind speed [49] and
could conceivably be related to the significant wave height [43,50,51] and wave spectra [52]. PBR is
an indicator of the definition of wave streaks generated by long and regular surface waves. When
combined with wind speed, PBR has the potential to provide more detailed information on sea state,
i.e., to identify the relative significance of swell and wind waves. For oceanographic purposes, swell
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information from the wave mode data has been fully explored before [53,54], whereas an inadequate
representation of the overall surface wave components from the SAR images has been reported [55].
This gap provides the opportunity for a more detailed investigation of sea states when combining the
present wave retrieval methods with the statistical properties of the SAR images.

Not included in this study is the dependence of the estimated parameters of the distribution
models on wave properties, such as significant wave height and wave period, which are essential for
describing ocean seas. This exclusion was made because there is no distinct observed dependence of the
distribution parameters on the significant wave height and wave period. From the viewpoint of wave
retrieval, the significant wave height is dependent on the mean level and the variance of the normalized
image intensity, indicating the impacts of the short wavelength wind waves and the long wavelength
swells, respectively [52]. In this sense, as an integrated property of the wave energy, the significant
wave height is unlikely to be an indicator for differentiating between a speckle-dominant image and a
wave streak dominated image. Similarly, the wave period and wavelength, which are correlated by
the dispersion relationship for surface waves over deep water, are the parameters that characterize
the integral properties of the dominant wave component, with no indication of the significance of the
wave texture in an SAR image [48].

The current study statistically investigated the dependence of the PDF parameters on the
properties of sea states, including the ACW and PBR. By analyzing a limited number of TerraSAR-X
scenes, [32] showed that the distribution parameters could be used for sea state classification. Their
results are confirmed by the further detailed sensitivity analysis of the present study using SAR images
with a variety of sea states. Although it was claimed in [32] that the shape parameters of the Gamma
and Weibull distributions were found to be the parameters that are the most sensitive to variations
in sea states, it is necessary to consider what the specific meaning of sea states is. In [32], a visual
inspection of the clarity of wave streaks is performed to differentiate the sea states. While, in the
present study, a more sophisticated scheme is proposed by introducing the parameter, PBR, to quantify
the clarity of wave streaks in SAR images. In this sense, the dependence of shape parameters of
Gamma and Weibull distributions on PBR, shown in Figure 7d,f, is consistent with the findings of [32].
Besides PBR, we also find that the scale parameter for K, Gamma, and Weibull distributions is sensitive
to ACW.

SAR processing clearly accounts for the effect of sea states on statistical distributions since
the degree of imaging nonlinearity is different between wind waves and swells. Moreover, SAR
parameters, such as polarization and Doppler bandwidth, may also significantly contribute to the
variation of distributions’ parameters, which is beyond the scope of the present study and deserves
further examination.

Finally, a complex distribution with more parameters may achieve a more reasonable fit. Moreover,
in addition to the skewness-kurtosis chart in this study, other statistical methods, such as introducing
distribution quantiles or high-order cumulants, can be used alternatively for representing and
classifying the PDF property. In this study, considering a relatively simple ocean background (typically
comprising noise and the surface wave texture), we emphasize the impact of the wave texture on the
distribution parameters and present a possible clue for sea state classifications instead of introducing a
sophisticated distribution model for the ocean. The present study, however, provides new insights
into the development of a new distribution for SAR images and a new surface wave (or wind speed)
retrieval method from SAR images.

6. Conclusions

A statistical model of the ocean SAR images across a wide range of sea states is essential for sea
target detection and sea classification. However, dependence of the ocean SAR image distribution
parameters on the sea state and wave texture characteristics has been insufficiently studied because
of the lack of SAR images with collocated environmental data at the sea surface. Taking advantage
of the Envisat ASAR wave mode level-1 images and validating the results using the level-2 wave
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products, the present study investigated the dependence of sea SAR image distributions on surface
wave characteristics. The statistical properties of a C-band single SAR wave mode imagette were
shown to be well characterized by the K distribution when compared with five other conventional
distributions. The compartmentalization of the shape and scale parameters of the K, Weibull,
Nakagami, and log-normal distributions (but not of the Gamma distribution) according to the PBR and
ACW values was confirmed by examining the variations of the distribution parameters with varying
sea states. The PBR and ACW values have proven to be more efficient indicators for classifying SAR
sea images than wave parameters, such as wavelength, significant wave height, etc. The Gamma and
log-normal distributions generally fit histograms better when the ACW and PBR values were high,
indicating clearer wave streaks in the SAR images, while the accuracies of the Rayleigh, Nakagami,
and Weibull distributions declined with increases in the ACW and PBR values. The shape parameters
of Gamma and Weibull distribution were more sensitive to PBR, while the scale parameter was
sensitive to ACW. These results provide a parameterized scheme for sea state classification and can
potentially be used to find out an appropriate distribution model according to the sea state when
performing sea target detection.
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