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Abstract: Sea surface wind affects the fluxes of energy, mass and momentum between the atmosphere
and ocean, and therefore regional and global weather and climate. With various satellite microwave
sensors, sea surface wind can be measured with large spatial coverage in almost all-weather
conditions, day or night. Like any other remote sensing measurements, sea surface wind measurement
is also indirect. Therefore, it is important to develop appropriate wind speed and direction retrieval
models for different types of microwave instruments. In this paper, a new sea surface wind
direction retrieval method from synthetic aperture radar (SAR) imagery is developed. In the method,
local gradients are computed in frequency domain by combining the operation of smoothing and
computing local gradients in one step to simplify the process and avoid the difference approximation.
This improved local gradients (ILG) method is compared with the traditional two-dimensional fast
Fourier transform (2D FFT) method and local gradients (LG) method, using interpolating wind
directions from the European Centre for Medium-Range Weather Forecast (ECMWF) reanalysis
data and the Cross-Calibrated Multi-Platform (CCMP) wind vector product. The sensitivities to the
salt-and-pepper noise, the additive noise and the multiplicative noise are analyzed. The ILG method
shows a better performance of retrieval wind directions than the other two methods.
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1. Introduction

Surface wind field over the oceans is needed for weather forecasts, wind resources assessment,
numerical modeling of waves, oil spill monitoring, and so on [1–10]. Traditional measurements of
sea surface wind from ships, buoys and land stations are far from meeting the growing demand for
human beings, as these approaches can only provide data with limited spatial and temporal coverage.
Spaceborne microwave radiometers and scatterometers have provided global-scale observations for
sea surface wind, but the wind data in coastal regions are missing due to contamination from signal
reflection of land [11–13]. Also, the spatial resolution of radiometers or scatterometers is relatively
low (about 25 km). This is suitable for open ocean studies. However, wind fields on a much finer
scale can be provided by spaceborne synthetic aperture radar (SAR) due to its relatively high spatial
resolution. As a result, SARs can be useful tools when high-resolution ocean surface wind fields
are needed, especially in coastal regions, and the retrieval of wind field from SAR images is widely
researched [14–21].
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Many satellites have been launched with SAR onboard, e.g., Seasat, ERS-1/2, Envisat,
Radarsat-1/2, and so on [14–18]. These sensors have acquired abundant SAR images containing many
interesting features including coastal upwelling, typhoon/hurricane, atmospheric waves, atmospheric
vortex street, and so on [19–31]. Some of SAR imaged features, e.g., Langmuir cells, boundary layer
rolls, surfactant streaks, foam and water blown from breaking waves, or wind shadowing, align with
wind direction.

Wind direction (with an ambiguity of 180◦) can be retrieved from these features by different
methods including Fourier transforms, wavelet analysis, local gradients and so on. The 180◦ ambiguity
can be removed by referencing to weather model output, Doppler shift or land shadows [3,16,32].
The accuracy of various methods ranges from 15–40◦ [33]. After wind direction is obtained, wind
speed can be retrieved by physical or empirical models. Accordingly, estimating wind vectors directly
from SAR images becomes feasible [34]. Both cross-polarization and co-polarization SAR images can
be used for the retrieval of wind vectors [35–37]. There are two conventional methods of retrieving
wind directions (with an ambiguity of 180◦ which is removed later) from SAR images, namely,
two-dimensional fast Fourier transform (2D FFT) method and local gradients (LG) method [34,38,39].
In the FFT method, the Fourier spectrum of SAR images is computed and the main spectral energy is
located perpendicular to the orientation of the wind streaks. The reported standard deviations of FFT
method are between 10–37◦ and the method works fine on large image areas, e.g., 20 km by 20 km [34].
In the LG method, local gradients are computed with standard image processing algorithms, and
the orthogonal of the most frequent gradient direction is chosen to be the likely wind direction. The
reported directional error of LG method was about 20◦ for ERS-1/2 images and the most frequent
spatial sampling used was 20 km by 20 km and 10 km by 10 km [34].

The tests in [34] indicated that the LG method could provide a higher resolution of retrieved
wind field than the FFT method. However, the current LG method has a problem; that is, the local
gradients in the conventional LG method are computed with difference approximation like Sobel
operators, and this process is easily affected by noise, e.g., speckle noise. Thus, SAR images are
usually first smoothed before computing local gradients. In this study, we develop an improved local
gradients (ILG) method for sea surface wind retrieval by combining smoothing and computation
of the local gradients together in the frequency domain. In the method, the computation of local
gradients is analytical as the Gaussian function can be expressed analytically in both spatial domain
and frequency domain and it can avoid the errors of difference approximation which can be easily
affected by noise. The new method is tested on the images acquired by the advanced synthetic aperture
radar (ASAR) onboard Envisat, and its retrieved results show better agreement with both following
kinds of interpolating wind directions than the other two methods. The interpolating wind directions
from the European Centre for Medium-Range Weather Forecast (ECMWF) reanalysis data are obtained
by interpolating the ECMWF reanalysis data to the SAR imaging times. The same procedure is applied
to the Cross-Calibrated Multi-Platform (CCMP) data to obtain the interpolating wind directions from
the CCMP data.

The remaining sections are organized as follows. In Section 2, the ILG method is described in
detail. In Section 3, the data sets used are introduced. In Section 4, we compare the three wind direction
retrieval methods using the wind directions from the ECMWF reanalysis data and the CCMP wind
products. The ILG method is also tested by using small images (thus high resolution) in this section.
The performance of each retrieval method is analyzed while the images are corrupted by different
types of noise in Section 5. Conclusions are given in Section 6.

2. Improved Local Gradients Method

The direction of the gradient should be the same as the direction of the strongest change in an
image, and an ideal image of streaks should have nearly no change along the direction of streaks, and
show the strongest variation in the orthogonal direction of streaks. Thus, the wind direction, which is
assumed to be parallel to the wind streaks [40], is also perpendicular to the direction of the gradient.
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Usually, the components of the gradient are computed with the optimized Sobel operators pixel by
pixel after smoothing, and the most frequent gradient direction is chosen to be the local wind direction.

As mentioned in the introduction, the computing method described above, however, can lead to
some problems. So, we try to combine the operation of smoothing and computation of local gradients
on the basis of a conventional LG method which is given by Koch in 2004. The smoothing of an
image can be realized by convolution, and the Gaussian function is commonly used for smoothing, as
shown in

s′(x′, y′) =
x

s(x, y) f (x− x′, y− y′)dxdy (1)

where s′(x′, y′) is the image after smoothing, and s(x, y) is the original image. f (·, ·) is the Gaussian
function for smoothing, with the form

f (x, y) =
1

2πσ2 e−
x2+y2

2σ2 (2)

where σ determines the width of smoothing window in the ILG method. The choice of the value of the
parameter is empirical, and in this paper the parameter is set to 15 for all SAR images. The benefit
of the choice of the Gaussian is that it can be expressed analytically in both spatial and frequency
domains. The gradients of the image can be expressed as

∇s′(x′, y′) =
∂

∂x′
s′(x′, y′)êx +

∂

∂y′
s′(x′, y′)êy (3)

where êx and êy are the unit vectors in the x and y directions, respectively. Using Equation (1)–(3) and
exchanging the order of integral and partial derivative, ∂

∂x′ s
′(x′, y′) can be expressed as

∂

∂x′
s′(x′, y′) = −s(x, y) ∗ hx(x, y) (4)

where * denotes convolution, and hx(x, y) = ∂
∂x f (x, y). We perform Fourier transform on both sides

of Equation (4), and get

F[
∂

∂x′
s′(x′, y′)] = −F[s(x, y)] · F[hx(x, y)] (5)

where F[·] denotes the 2D Fourier transform.
The first term on the right hand side of Equation (5) can be obtained from the Fourier transform

of the image directly. The second term, represented by Hx for convenience of expression, can be
expressed as

Hx = F[hx(x, y)] = − ikx

σ2 e−2σ2π2(k2
x+k2

y) (6)

where i indicates the imaginary part. So, ∂
∂x′ s
′(x′, y′) can be expressed as

∂

∂x′
s′(x′, y′) = −F−1{F[s(x, y)] · Hx} (7)

where F−1[·] denotes the 2D inverse Fast Fourier transform (2D IFFT). Similarly, ∂
∂y′ s
′(x′, y′) can be

expressed as
∂

∂y′
s′(x′, y′) = −F−1{F[s(x, y)] · Hy

}
(8)

where Hy can be expressed by Equation (9).

Hy = F[hy(x, y)] = −
iky

σ2 e−2σ2π2(k2
x+k2

y) (9)
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∂
∂x′ s
′(x′, y′) and ∂

∂y′ s
′(x′, y′) are denoted as gx and gy, respectively, for convenience, so the gradients

can be stored as complex numbers in the form of

g = gx + igy (10)

Now, the gradients are in the same form as those in Koch’s LG method [34]. Figure 1 shows the
flowchart of the ILG method for wind direction retrieval. The remaining steps are consistent with those
in Koch’s method, including discarding unusable points and extracting the main gradient direction.
The 180◦ wind direction ambiguity is removed by referencing coincident wind direction from the
ECMWF model result [41].

The image acquired by the advanced synthetic aperture radar (ASAR) onboard Envisat at 02:06
on 14 October 2007 is shown in Figure 2a. Figure 2b shows the wind direction computed on a 30 km
by 30 km subimage which is indicated by red box in Figure 2a. Wind streaks are visible all over the
subimage. The white arrow (211◦) in Figure 2b indicates the wind direction computed from 75 m
pixels by using the ILG method. The wind direction from the ECMWF was 222◦, indicated by the red
arrow in Figure 2b. The wind direction from the CCMP was 225◦ (the green arrow in Figure 2b). Note
that the wind directions here are placed in the same coordinate. In this coordinate, the direction of the
northward wind vector is 0◦ (or 360◦), the direction of the eastward wind vector is 90◦, the direction of
the southward wind vector is 180◦, and the direction of the westward wind vector is 270◦.
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Figure 2. (a) An Envisat advanced synthetic aperture radar (ASAR) image acquired at 02:06 on 14 
October 2007 in VV polarization with a resolution of 75 m. (b) The subimage which is indicated by 
the red box in (a). White, red and green arrows indicate wind directions obtained from improved 
local gradients (ILG) method, European Centre for Medium-Range Weather Forecast (ECMWF) and 
Cross-Calibrated Multi-Platform (CCMP), respectively. ܪ௫ and ܪ௬ are shown in Figure 3 in frequency domain, and their amplitudes are indicated by 

different colors. The computed ݃௫ and ݃௬ of the image in Figure 2b are shown in Figure 4 in spatial 
domain and different colors indicate different values of the gradient component. 

 
Figure 3. The amplitude distributions of ݔܪ (a) and ݕܪ (b), σ is 15. 

Figure 2. (a) An Envisat advanced synthetic aperture radar (ASAR) image acquired at 02:06 on 14
October 2007 in VV polarization with a resolution of 75 m. (b) The subimage which is indicated by
the red box in (a). White, red and green arrows indicate wind directions obtained from improved
local gradients (ILG) method, European Centre for Medium-Range Weather Forecast (ECMWF) and
Cross-Calibrated Multi-Platform (CCMP), respectively.

Hx and Hy are shown in Figure 3 in frequency domain, and their amplitudes are indicated by
different colors. The computed gx and gy of the image in Figure 2b are shown in Figure 4 in spatial
domain and different colors indicate different values of the gradient component.
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3. Data Sets

3.1. SAR Data

The wind streaks do not appear in all regions of the full-frame SAR image, so we find the wind
streak patterns in a SAR image and apply the retrieval methods to the sub-images at these locations.
After that, we can validate the retrieval results against the interpolating wind directions at these
locations. To compare the retrieved results of different methods with the CCMP products on 0.25◦ grid,
we test all methods over the 30 km by 30 km sub-images, uniformly. Finally, we acquired 62 Envisat
ASAR sub-images between 2004 and 2011. Most of the images are located between 15◦N to 35◦N and
113◦E to 129◦E. ASAR operates in the C band in a wide variety of acquisition modes. The incidence
angles of ASAR range from 15◦ to 45◦. The ASAR images used here are in VV polarization with a
spatial resolution of 75 m by 75 m in range and azimuth. Geometric calibrations are carried out by
the Next ESA SAR Toolbox provided by the European Space Agency (ESA). The distribution of wind
directions of all ASAR images used in the study is shown in Figure 5. The radius of each fan indicates
the amount of wind directions in each interval.Remote Sens. 2017, 9, 671  7 of 17 
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3.2. ECMWF Data

The ERA-Interim is the latest global atmospheric reanalysis produced by ECMWF. The
ERA-Interim reanalysis is produced with data assimilation, advancing forward using 12-hourly
analysis cycles in time. In each cycle, available observations and prior information from a forecast
model are combined to obtain the evolving state of the global atmosphere and its underlying surface.
Thus, the data assimilation produces 6-hourly products at different spatial resolutions, which include
various kinds of global surface parameters including u and v wind components at 10 m height [42]. It
covers a long period starting in 1979 and continues updating in near real time. The detailed method for
extracting the wind direction of a specific SAR image from the ECMWF data (0.25◦) is as follows. First,
the nearest location is found by the latitude and longitude of the center of the SAR image. Then, the u
and v components at imaging time are obtained by interpolating the reanalysis data of the nearest two
times. At last, the wind direction is computed by using the u and v components from interpolation.

3.3. CCMP Data

The wind directions from the CCMP wind product are used for validation. The CCMP data
set combines cross-calibrated satellite microwave winds and instrument observations to produce
high-resolution (0.25◦) gridded analysis using a 4-dimensional variational analysis method with the
ECWMF ERA-Interim Reanalysis model wind field as a background wind. Each daily data file contains
three arrays of size 1440 (longitude) by 628 (from 78.375◦S to 78.375◦N) by 4 (times of 0, 6, 12 and 18
UTC) [9]. Two of the arrays are u and v wind components in meters per second at 10 m height. Another
array in the file is the number of observations (satellites or buoys) used to derive the wind components
for each grid and a number of observations value of zero means that the wind vector for this grid was
obtained from the background field only as no satellite or moored buoy wind data were available. We
prefer the data from satellite or instruments, so only the locations where the number of observations is
more than zero are taken into consideration. The steps for extracting the wind direction of a specific
SAR image from the CCMP data are similar to that from the ECMWF data.

4. Results and Discussion

To compare the results of different wind direction retrieval methods, the wind directions
interpolated from ECMWF and CCMP data are used, respectively. For each 30 km by 30 km
image, the interpolating wind direction was obtained by the nearest grid from the center of the
image. Furthermore, the performance of the ILG and the other two methods for small regions (e.g.,
7.5 km, 6 km and 3 km) is discussed visually. We implemented the FFT and LG method based on
algorithms described in the papers [34,38]. Therefore, we specify these methods as FFT-like method
and LG-like method to suggest that they are our implementation of the original wind direction retrieval
techniques, respectively.

4.1. Comparison with ECMWF

In this part, the wind directions interpolated from ECMWF data are used to compare the retrieved
results of different methods. Figure 6 shows the comparison between the retrieved result of each
method and ECMWF wind directions for all 62 images, and each dot represents the retrieved wind
direction and the wind direction interpolated from ECMWF data.
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From Figure 6, we can see that the wind directions retrieved by each method are obviously
correlated with those from the ECMWF reanalysis data for these images. Table 1 shows the
root-mean-square (RMS) error, correlation coefficient (R) and p-value (p-value demonstrates whether
the two sets of data are correlated and the significance of correlation is larger when its value is smaller)
of wind direction comparisons obtained by different retrieval methods and the ECMWF reanalysis
data. In addition, if the absolute value of the angle difference between the retrieved direction and
the ECMWF reanalysis data is bigger than 90◦, the retrieved direction should add or subtract 360◦

before computing these statistics, e.g., the retrieved direction is 2◦ and the direction from ECMWF is
358◦, so the retrieved direction should be converted to 362◦. The process is similar for the computation
with the CCMP data. We can see that the wind directions retrieved by the ILG method are closer to
those of ECMWF reanalysis with the least RMS error of 21.57◦ and the largest correlation coefficient of
0.9765. In addition, the p-value of ILG method is the smallest among the three methods. These statistics
indicate that the retrieved results of the ILG method are the closest to the ECMWF reanalysis data
among the three methods. By the way, the directional error of LG method in Koch’s paper is 17.6◦ for
ERS-1/2 images, but there are no details about how to obtain the value. In fact, the validation results
could be affected by several factors (e.g., the ground truth data, difference of different SAR sensors). In
our study, we tested the different methods using ASAR images and the ECMWF (or CCMP) data, in
order to compare their performances fairly. As a result, the statistics are different.

Table 1. The results of general statistics between wind directions obtained by different retrieval
methods and ECMWF reanalysis data for 62 images.

FFT-Like Method LG-Like Method ILG Method

RMS(◦) 30.22 36.10 21.57
R 0.9344 0.9314 0.9765

p-value 1.38 × 10−28 4.30 × 10−25 1.03 × 10−41

4.2. Comparison with CCMP

We prefer the CCMP data with observations (satellites or buoys), and we matched up SAR images
with the CCMP data which have observations. Finally, 22 images are matched. Figure 7 shows the
comparison between the results of each method and CCMP wind directions for all matched images.
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Figure 7. Comparison of wind directions between each retrieval method and CCMP: (a) FFT-like
method, (b) LG-like method and (c) ILG method.

From Figure 7, we can see that the wind directions retrieved by each method show an obvious
correlation with those from CCMP data for the matched images. Table 2 shows the results of statistics
between wind directions obtained by each retrieval method and CCMP for these matched images. We
can see that wind directions retrieved by the ILG method is the closest to the CCMP data with the least
RMS error of 21.61◦ and the largest correlation coefficient of 0.9771. The p-value of ILG method is also
the smallest. Consequently, the wind directions retrieved by the ILG method are the closest to CCMP
data among the three methods.

Table 2. The results of general statistics between wind directions obtained by different retrieval
methods and CCMP data for 22 images.

FFT-Like Method LG-Like Method ILG Method

RMS(◦) 25.41 36.65 21.61
R 0.9659 0.9413 0.9771

p-value 3.29 × 10−13 6.92 × 10−11 6.55 × 10−15

4.3. Discussion

The wind directions discussed above are retrieved from 30 km by 30 km images with a spatial
resolution of 75 m in both range and azimuth. To test the performance of the ILG method in small
regions, wind directions of the example image in Figure 2b are computed on 7.5 km, 6 km and 3 km
grids, respectively. The other two retrieval methods are also carried out on the same grids. Figure 8
shows the results of the three retrieval methods of the image on different grids. Yellow, magenta and
cyan arrows indicate wind directions retrieved by the FFT-like, LG-like and ILG methods, respectively.
The general wind direction of the image is from upper right to lower left. On the three kinds of grids
in Figure 8, the retrieved results of the FFT-like method does not work well, and the retrieved results
of the LG-like and ILG methods agree well with the streaks in the most areas. However, the retrieved
results of the ILG method show better agreement with the streaks than that of the ILG method on the
grids where the retrieved results of the two methods differ, visually. Another ASAR image acquired at
00:45, 25 March 2005 in VV polarization with a spatial resolution of 75 m was also tested. The image
was along the coastal area of Iwate Prefecture, Japan. Figure 9 shows the image and the retrieved
results of the three methods on 7.5 km, 6 km and 3 km grids, respectively. Yellow, magenta and
cyan arrows indicate the wind directions retrieved by the FFT-like method, LG-like and ILG methods,
respectively. From the SAR image, it can be seen that the general wind blows from upper left to lower
right. From Figure 9a–c, we can see that the retrieved wind directions of the LG-like and ILG methods
show better agreement with the streaks in most regions than the results of the FFT-like method. The
retrieved wind directions of the ILG method still agree better with the general wind direction than the
other two methods at the bottom of the image with the influence of the land.
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arrows indicate wind directions retrieved by the FFT-like, LG-like and ILG methods, respectively.
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methods, respectively.

We have tried to match all the ASAR sub-images we have with buoys, but none are matched.
However, a Radarsat-2 image is matched with the buoy (46073) of National Data Buoy Center (NDBC).
The Radarsat-2 image was acquired at 17:58, 11 February 2011 in VV polarization, and it was reduced
to 80 m by 80 m. A region (32 km by 32 km) where the wind streaks are visible was cut out to perform
the test. Figure 10 shows the results of the three retrieval methods of the sub-image on different grids
(8 km, 6.4 km and 3.2 km), and the buoy is marked as a green dot in the SAR image. Again, the yellow,
magenta and cyan arrows indicate wind directions retrieved by the FFT-like, LG-like and ILG methods,
respectively. The wind direction (263◦) measured by the buoy is indicated by the green arrow. From
Figure 10, it can be seen that the retrieved wind directions of the LG-like and ILG methods agree better
with the wind direction measured by the buoy than the FFT-like method. From Figure 10c, it can be
seen that the retrieved results of the LG-like and ILG methods agree with each other in most regions,
but the retrieved results of the ILG method show better agreement with the streaks than that of the LG
method, especially at the edges of the SAR image.
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Figure 10. Wind directions retrieved by the three methods on different grids of the Radarsat-2 image
acquired at 17:58, 11 February 2011 in VV polarization: (a) 8 km grid, (b) 6.4 km grid, (c) 3.2 km grid.
Yellow, magenta and cyan arrows indicate wind directions retrieved by the FFT-like, LG-like and ILG
methods, respectively. The buoy (46073) is marked as the green dot and the in situ measurement is
indicated by the green arrow.

5. Sensitivities to Different Noise

In the conventional LG method, the local gradients are computed using difference operators
(e.g., Sobel operators), which is easily affected by noise. However, the ILG method does not need any
difference approximation. Therefore, the sensitivities of the three retrieval methods to different types
of noise are analyzed, including the salt-and-pepper noise, the additive noise and the multiplicative
noise. It is assumed that there is no noise in the original SAR images before they are corrupted by
the noise in the tests. Figure 11 shows the image corrupted by different noise, taking the image in
Figure 2b as an example. For a specific kind of noise with a specific intensity, the RMS of a specific
method was calculated from the differences between the retrieved results of the 62 corrupted images
by the method and those interpolated from the ECMWF data. After we calculate the RMS differences
of the method for different intensity, we get the RMS curve of the method with respect to intensity
for the kind of noise. The RMS curves are used to compare the sensitivity of each method. The same
procedure was done for the 22 images matched with CCMP data.

5.1. Salt-and-Pepper Noise

Figure 12 shows the RMS differences between each of the three retrieval methods and interpolating
wind directions of ECMWF or CCMP data when the salt-and-pepper noise exists in each image with
different intensities. The intensity of the salt-and-pepper noise is decided by the percentage of
contaminated pixels in the image. It is obvious that the quality of wind direction retrieval roughly
decreases with the increase of noise level. The curve of the ILG method is below the curves of the other
two methods in Figure 12a,b. It indicates that the ILG method can achieve better retrieved results
than the other two methods comparing with ECMWF (or CCMP) data when the salt-and-pepper
noise exists.
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5.2. Additive Noise

The additive noise is added to the image I using the equation

J = I + n (11)

where n is the Gaussian white noise with zero mean and a specific variance. As mentioned above, it is
assumed that there is no noise in the original SAR images before they are corrupted by the noise in the
tests. Therefore, the signal-to-noise ratio (SNR) of an image corrupted by noise can be considered as
the ratio of the variance of the original image and the variance of n. The intensity of the noise is lower
when the SNR is larger. Figure 13 shows the RMS differences between the results of the three retrieval
methods and interpolating wind directions when the images are corrupted by the additive noise with
different SNR. We can find that all curves decline with increasing SNR, roughly. Furthermore, the ILG
method can achieve better retrieved results than the other two methods comparing with ECMWF (or
CCMP) data when the additive noise is present.
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(b) CCMP.

5.3. Multiplicative Noise

The multiplicative noise is added to the image I using the equation

J = (1 + n)I (12)

where n is uniformly distributed random noise with zero mean and a given variance. The multiplicative
noise intensity is decided by the given variance. The noise intensity increases with the increase of
the variance. Figure 14 shows the RMS differences between the results of the three retrieval methods
and interpolating wind directions while the multiplicative noise changes with different variance.
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The retrieved results of the three methods become worse roughly while the noise becomes greater.
However, the ILG method always gives better retrieved results than the other two methods when the
multiplicative noise is present comparing with ECMWF (or CCMP) data.
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The speckle noise is a kind of multiplicative noise as well, but the equation used to add the speckle
noise to the image I is a little different from Equation (12), which can be described as:

J = nI (13)

where n is the noise with an exponential distribution whose expectation and variance are 1, as the
SAR intensity images are corrupted. The RMS difference of each method between retrieved results of
the images corrupted by this noise and wind directions obtained from the ECMWF (or CCMP) data
is shown in Table 3. From Table 3, it can be seen that the retrieved results of the corrupted images of
each method become worse than the results in Tables 1 and 2, as the speckle noise affects the retrieved
results. However, the retrieved results of the corrupted images by the ILG method are better than the
other two methods comparing with ECMWF (or CCMP) data when the speckle noise exists.

Table 3. The RMS differences between retrieved results of each method of the images corrupted by the
speckle noise and wind directions obtained from the ECMWF (or CCMP) data.

FFT-Like Method LG-Like Method ILG Method

ECMWF 46.73◦ 45.29◦ 37.06◦

CCMP 46.39◦ 42.14◦ 37.19◦



Remote Sens. 2017, 9, 671 15 of 17

Form the analysis above, it can be found that the sensitivity of the ILG method to each kind of
noise is lower than the other two methods.

6. Conclusions

In this study, the conventional LG method was improved by using the new approach to compute
the local gradients. With the new approach, we can avoid the difference approximation which can be
easily affected by noise. Comparing with ECMWF and CCMP data, we found that the RMS difference
of the ILG method is smaller (about 15◦) than the FFT-like and LG-like methods. The correlation
coefficient of ILG method is the largest (about 0.98) among the three methods, suggesting that its
retrieved results fit the ECMWF and CCMP data better than the other two methods. The ILG method
could retrieve wind directions from small images (thus high resolution) with the tests on different
grids, and the retrieved results of the ILG method on small grids (e.g., 3 km) agree better with the wind
streaks than the other two methods. When the SAR images containing both sea and land portions
are processed, the ILG method still can work well. Furthermore, the sensitivity of the ILG method to
different noises is lower than the other two methods, as the new method can avoid the use of difference
approximation operators. All of these indicate that the ILG method is feasible.
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