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An Energy Spectrum Algorithm for Wind Direction

Retrieval From X-Band Marine Radar

Image Sequences
Hui Wang , Haiyang Qiu , Zhizhong Lu , Lei Wang , Rizwan Akhtar, and Yanbo Wei

Abstract—In this study, an energy spectrum (ES) algorithm is
proposed to retrieve wind direction from X-band marine radar
image sequences. This algorithm is based on utilizing the occlu-
sion area zero-pixel percentage to distinguish rain-free and rain-
contaminated radar data. And then the rain-contaminated images
are detected and discarded. The effect of radar radial attenua-
tion in radar image sequences is modified by the piecewise fitting
technique. Wind direction is determined from rain-free and radial
correction data, based on the ES of small-scale wind streaks. The
ES of small-scale wind streaks is obtained by establishing an ES
scale separation filter. Based on the wind streak characteristics, a
2-D fast Fourier transform is used to obtain the ES of radar images.
The wind streak characteristics are derived from the distribution
of the azimuth normalization radar cross section. The proposed
algorithm is tested using data collected from X-band radar images
and in situ anemometer data from the coast of the East China Sea.
Compared with the anemometer data, after using the proposed
algorithm, the root-mean-square difference for wind direction is
12.13°, which is an acceptable result for engineering application.

Index Terms—Energy spectrum (ES), radial correction, rain
recognition, wind direction, X-band marine radar.

I. INTRODUCTION

S
EA SURFACE wind is an important factor in ocean dy-

namics, and significant to marine exploration, navigation
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safety, and on- and off-ships activities [1]. The sea surface wind

field based on marine radar inversion is one of the important

environmental factors for continuous and real-time takeoff and

landing safety of carrier-borne aircraft under the condition of sea

dynamic vehicle. When carrier-borne aircraft takeoff and land,

they usually pay attention to the steady wind speed and direction

parameters on the ship surface. It is defined as the average value

in space and time of free flow undisturbed by barrier structures,

and be directly used to adjust the upwind angle of carrier-borne

aircraft when taking off and landing with high requirement of

measurement accuracy. Current technology usually calculates

this information through in situ sensors located on the ship’s

mast. However, the application of this conventional method is

based on the assumption that the flow field in the area conforms

to the free flow. In practice, this assumption is difficult to realize

due to the limited sensor layout and ship surface structure.

Therefore, the measurement of wind field parameters error is

too large to meet the needs of users. The average wind field

information retrieved from marine radar is the sea surface near

1 km from the ship. The unique measurement area is free of

structural disturbance and tends to be closer to free flow. It

provides more accurate steady-state wind parameters on the

ship surface for carrier aircraft. In situ wind measurement by

anemometers refers to a cup or ultrasonic wind meter mounted

on the ship’s mast or buoy [2]. The sensors placed on mast are

affected by the ship surface structure and those on the buoys

cannot move with the ships, so the real-time sea surface wind

field information of navigation is difficult to acquire continu-

ously. When extracting the wind field information in the vicinity

of the ships, the ships need to stop sailing and drop the buoy

for measurement. After the measurement, the buoys need to be

recovered, which is inconvenient and expensive to use. In recent

decades, in situ remote-sensing instruments such as synthetic

aperture radar (SAR) [3], [4], high-frequency (HF) radar [5],

[6], and X-band marine radar have been broadly used to retrieve

sea surface wind [7]. X-band marine radar has high spatial and

temporal resolution, as well as a low extra cost relative to other

remote-sensing instruments [8]. This type of radar has frequently

been mounted on ships and other vessels for navigation purposes

[9], providing a convenient means for studying sea surface

inversion data, such as oil spill detection[10], surface current

[11]–[13], wave height [14]–[16], and other factors.

Wind direction retrieval using X-band marine radar image

sequences is a much more attractive approach than using an
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anemometer. Given its high resolution and real-time feedback,

it can be utilized in most weather conditions [17]. Huang [18]

presented a comprehensive review of current marine information

retrieval techniques, which validated the feasibility of using

X-band marine radar to measure ocean winds and waves. At

present, there are two means used to retrieve wind direction

from X-band marine radar image sequences. The first utilizes the

relationship between the normalized radar cross section (NRCS)

and radar look direction [19], the wind direction retrieved from

this relationship requires the entire 360°azimuth echo, which is

difficult to acquire for radars deployed at the coast due to shel-

tering by the land. An improved method, which does not require

the entire azimuth, was analyzed in [20], but the consecutive

radar images must guarantee that the azimuth cover is larger

than 180°. Liu et al. [21] proposed an ensemble empirical mode

decomposition method to retrieve wind direction from radar,

which yielded good results for retrieving the sea surface wind

direction from low wind speed rainfall images, although full

360° unobstructed radar images are still required. The second

retrieval method is based on the visible streaks induced by

wind in radar images [22]. There are quite a few algorithms

utilizing this factor, among which the optical flow-based motion

estimation technique (OFM) [23] and the local gradient method

(LGM) [24] are commonly used. Nevertheless, the result of the

OFM algorithm is less accurate and cannot satisfy real-world

project requirements. The LGM must further iteratively smooth

and subsample the wind streak images in order to obtain the

so-called Gaussian pyramid. Experiments have clearly revealed

that accurate wind direction results can only be obtained when

the image resolution is reduced to 1/16–1/4 of the wind streak

scale. Wind streaks, however, have an indeterminate spacing of

200–500 m, thus making it difficult to automatically determine

the appropriate image resolution for retrieval. Moreover, if a

fixed image resolution is used, there will be inconsistent wind

direction error. A method based on radar image texture was

first generated based on spatial variability analysis in [25]. This

approach improves the wind direction retrieval ability from

rainfall images, although the filtering process will filter out

useful wind-related information in the original image, which

reduces the accuracy of wind direction inversion.

The retrieval of sea surface information using X-band marine

radar will be influenced by rainy conditions [26]. In general, the

rain has the following four significant effects on the NRCS of

the marine radar:

1) radar receives the raindrops induce volumetric scattering

signal;

2) radar microwave signal attenuate by rainfall;

3) raindrops striking the water surface will alter roughness

of the ocean surfaced;

4) airflow associated with a rain event may change the orig-

inal wind field of sea surface [27], [28].

Although previous filtering algorithms play an important role

in target detection [29], these techniques do not work well

in sea surface retrieval using rain-contaminated radar images.

Therefore, a rainfall-recognition algorithm, which can guarantee

an accurate retrieval rate, is necessary in the case of rain-

fall. Chen and Huang [30] proposed an unsupervised learning

approach to identify rain-contaminated and low-back scatter

regions in X-band marine radar images using texture features and

SOM-based clustering techniques. Then they proposed a type

of deep neural network to detect and locate rain-contaminated

pixels in X-band marine radar images. The detector can segment

rain-contaminated regions by classifying each pixel into three

classes—rain-free, rain-contaminated, and wind-dominated rain

cases [31]. These methods solve the problem of identifying the

rain-contaminated regions in the image, but the wind retrieval

algorithm proposed in this article is in the rain-free image, so

the rainfall image threshold filtering method is chosen in this

article to eliminate rain-contaminated images. In [17], it was also

found that the zero-pixel percentage (ZPP) rainfall recognition

algorithm depends on the zero-intensity percentage of the entire

radar image. The NRCS of the entire image is easily affected by

sea waves, currents, the wind field, and other factors, however,

usually resulting in a high NRCS. Hence, the obtained ZPP

recognition threshold will be too low to effectively identify the

rainfall image. The method of rainfall image recognition based

on support vector machines is proposed in [32]. Compared with

ZPP, the accuracy of rainfall recognition is improved, although

each image requires n-dimensional vector transformation, which

cannot solve the problem of real-time monitoring. 1-D complex

continuous wavelet transform was proposed in [33] to correct

the influence of rain on gray-level radar images, but this method

is time consuming and unsuitable for multimodal seas.

In this study, we propose a new algorithm for retrieving wind

direction based on the energy spectrum (ES) of wind streaks in

rain-free radar images, an approach that utilizes the occlusion

radar image ZPP to improve the effectiveness of rainfall iden-

tification. Radial correction of the image must be carried out

before using the algorithm. Otherwise, the radial attenuation of

the image will lead to the formation of an inherent symmetric

spectrum of the ES, which will interfere with the subsequent

wind direction results. The piecewise fitting method is used to

correct the attenuation of radar images. The rest of this article

is organized as follows. An overview of the instrumentation

and data are presented in Section II. The wind field imaging

characteristics and small-scale wind streak characteristics are

described in Section III. In Section IV, the wind direction

retrieval method is introduced. The results of the wind direction

retrieval are validated, and the range and sensitivity of errors

are discussed in Section V. Finally, a summary is presented in

Section VI.

II. DATA OVERVIEW

The radar utilized in this study is a standard RM-1290 X-band

marine radar, operating at grazing incidence with horizontal

polarization in transmission and receiving (HH). The RM-1290

is a short-pulsed radar, with a pulsewidth of 0.5–10µs. The radar

operates at 9.4 GHz, with a sampling frequency of 20 MHz.

Fig. 1 shows the research platform with its 55 m-long mast.

The 1.8-m open array antenna is mounted on the main mast at a

height of 40 m above sea level with a 1.3° horizontal beamwidth.

The radar antenna rotates with a period of 2.5 s (24 r/min) and

has a pulse repetition frequency of 1.3 kHz. The radar spatial
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Fig. 1. Research platform and radar image sequences of the HEU wave
monitoring system at the East China Sea.

resolution is 7.5 m in range and 0.1° in azimuth, covering an area

with a radius of∼4300 m. The study area covered the range from

600 to 2100 m.

The WaMoS, Wavex, and HEU wave and current monitoring

systems are connected to the radar platform, which is located on

the shore of Haitan Island along the East China Sea, the position

was 25° 27′ N, 119° 50′ E. The radar image sequence collected

from the HEU wave monitoring system consisted of 32 images

lasting 80 s. The data used for the present work were collected

within the last system, which digitized and stored the spatial

and temporal radar backscatter information as a sequence of

images with a 14-bit grayscale depth, i.e., digitized backscatter

intensities ranging from 0 to 8192. Each of the radar image

sequences collected here consisted of 32 images representing

an 80-s period. The radar image sequence depicted a wave field

propagating in an easterly direction. The northern quadrant of

the image was masked (white sector) starting from the shore.

This white sector area was excluded from investigation with the

HEU wave monitoring system, which is capable of measuring

the spatial and temporal evolution of the surface wave field.

The reference data used to validate the radar-based wind

retrieval scheme developed here were acquired from a vane

anemometer. The vane anemometer used for measuring the

single-point wind data was part of an R. M. Young Model-05103

wind field monitor. The wind field monitor was located on the

top of the main mast at a height of 55 m above sea level, and

could record the wind direction and wind speed data once per

minute.

The data used in this study were collected before and af-

ter Typhoon Megi (“Catfish”) during October 2010–November

2010, totaling 1634 acquisition times with wind speeds up to

20 m/s. The main mast was located in a water depth of 28 m, as

shown in Fig. 1. It should be noted that not all data were utilized

in this study due to rainfall and the typhoon. For comparison

with the actual wind speed, the reference wind speed needs to

be converted to the value at 10 m of the sea surface. We used

Fig. 2. Distribution of reference wind direction and wind speed. (a) Distribu-
tion of reference wind direction. (b) Distribution of reference wind speed.

a factor of approximately 1.2, i.e., U10 = U55/1.2. This factor

was estimated using ln(55/z0)/ln(10/z0), assuming z0 to range

from 1 mm to 1 cm [34]. The data distributions of the reference

wind direction and wind speed are presented in Fig. 2. This

figure shows that the wind direction covered 10°–264°, since

part of the sea surface wind direction could not be collected

due to the shore-based observation. The wind direction with

the highest frequency was approximately 50°, while the wind

direction of ∼200° was caused by the transitional wind reversal

from Typhoon Megi passed. The reference wind speed was

distributed in the range of 1.2–20.1 m/s, with a greater frequency

occurring within the 8–15 m/s range, and lower frequencies in

the high and low wind speed ranges.

III. RESEARCH AND EXTRACTION OF SCALE WIND

STREAK CHARACTERISTICS

In airborne or spaceborne SAR images, there are both large-

scale wind streaks of 1–8 km and small-scale wind streaks of

100–500 m [35], [36]. Research has revealed that the large-scale

wind streaks are caused by the flow of air in the free atmosphere

under the action of buoyancy [37], while the small-scale streaks

are generated by wind shear stress. According to the imaging

mechanism of X-band marine radar, the sea surface wind field

appears in the form of small-scale wind streaks in X-band marine

radar images.
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Some streaks form, evolve, and decay over relatively short

lifetimes of dozens of minutes, and then rapidly regenerate,

hence the label “small-scale wind streak” [38]. It has been found

that the light and dark stripes modulated by wind fields exist

in navigation radar images. Experimental results have revealed

that the changes in roughness caused by the turbulence of wind

shear stress can be detected by marine radar, and these results

can be reflected in radar images as a striped distribution. The

relationship between the near-surface wind vector and the NRCS

can be described by a geophysical model function (GMF) [23].

To obtain a more pure small-scale wind streak image, we

performed timing integration on a set of radar image sequences

(consisting of 32 images) collected from the monitoring system.

The static patterns of the sea surface features with low-frequency

signals (including sea surface wind field information) were

obtained after filtering out HF wave noise. This approach is

analogous to establishing a low-pass filter, with only frequencies

lower than the integration time remaining, such as static and

quasi-static signals, while other signals were removed. This

process can be expressed by the following formula:

f(r, θ) =

∑Nt

t=0
f ′(r, θ, t)

Nt

(1)

where f(r, θ) is the static feature image of the sea surface,

f ′(r, θ, t) represents a single image in the radar image sequence,

and Nt is the number of images, which in this study was 32.

Fig. 3(a) shows a wave pattern radar image. To accurately reflect

the modulation characteristics of wind waves, an area with a

radial radius of 600–2100 m in the radar image was utilized, and

a range of 106°–291° amplitude in the radar image was selected

to remove the influence of shore-based stationary target noise.

Fig. 3(b) shows a static feature image of the sea surface, in which

the small-scale wind streaks are within the black square.

Fig. 4(a) presents the NRCS in an azimuthal mapping dis-

tribution diagram. This figure was derived from the radial nor-

malization of the region within the black square in Fig. 4(b). By

comparing the wave streaks and wind streaks in Fig. 4(a), we find

that the wave streaks changed more dramatically than the wind

streaks, with the scale distribution exhibiting large differences in

the figure. The results of the azimuthal mapping calculation for

the wind streaks revealed that there were approximately 40-pixel

points, and the pixel resolution was about 7.5 m; hence, the

mapping scale was 300 m. Meanwhile, the wave streak mapping

pixel point number was about 16, with a mapping scale of 120 m.

By performing statistical analysis on 40 sets of radar image

sequences, in which the wind directions range from 31° to 45°

and the wind speeds range from 15.3 to 19.1 m/s, the scale

range of the sea surface static features was obtained. As shown

in Fig. 4(b), the lower limit of the small-scale wind streaks was

200 m and the upper limit was 500 m. Hence, the scale was

determined to range from 200 to 500 m, and the wind streak is

aligned with the wind direction.

IV. WIND DIRECTION RETRIEVAL

In this section, we introduce a proposed ES method to re-

trieve wind direction from X-band marine radar data. In the

Fig. 3. (a) Wave patters radar image collected on October 22, 2010. (b) Static
feature image of sea surface got from the radar image sequences on October 22,
2010. The wind speed during measurement was 17.1m/s, the wind direction was
36°. The direction spread of the wave-propagation direction was 102°.

spatial domain, retrieval performance is difficult to guarantee

when small-scale wind streak characteristics are not apparent.

On the basis of the FFT method, sea surface wind direction

can be extracted from SAR images. Therefore, we propose a

type of modified FFT method to retrieve wind direction from

radar-image sequences to improve the retrieval accuracy and

data applicability.

That MABL rolls modulate the sea surface roughness leads

the large-scale wind streaks on the SAR image. It is because that

roughness is sensed by SAR via the change of the Bragg wave

spectrum. The mechanisms for generating atmospheric bound-

ary layer rolls can be attributed to dynamic or thermodynamic

instability in the boundary layer [39], [40]. These large-scale

wind streaks range from 1 to 8 km, and their axis is nearly

consistent with the wind direction on the sea surface. Based

on these findings, Koch [41] was the first to determine a 2-D

wave-number spectrum of a SAR subimage.
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Fig. 4. (a) NRCS in azimuth mapping distribution diagram. (b) Maximum and
the minimum streak scales of static feature images extracted from 40 groups of
image sequences.

Connecting the centers of two symmetrical peaks in the ES,

the direction of the connecting line indicates dramatic changes

in the radar image, i.e., the gradient direction of large-scale wind

fringes. The vertical axis from the connecting line is the direction

of the large-scale wind streak, which can be identified as the sea

surface wind direction of the subimage. Hence, the sea surface

wind directions of all subimages can be obtained.

Since large-scale streaks depicted by SAR are directly dis-

played on the radar image, the sea surface wind direction in-

formation can be extracted directly from the ES of the SAR

image. For marine radar, however, owing to the modulation

effect from the sea surface wind field, the small-scale wind

streaks in the radar images are completely different from those

in the SAR images in terms of period and scale characteristics,

and these wind streaks cannot be directly displayed in a single

marine radar image. Usually, the small-scale wind streaks are

easily overshadowed by the rainfall signal, a phenomenon that is

similar to radar image attenuation. Therefore, these small-scale

wind streaks in marine radar images are hard to extract. In this

section, inspired by the extraction method used for SAR, we

propose an ES method to extract the sea surface wind direc-

tion from marine radar images. First, the occlusion area ZPP

(OZPP) rain recognize method is used to identify rainfall image

sequences. Then adaptive segment fitting correction method is

used to correct the radial direction of the radar image. After

correcting, apply temporal integration to obtain the static feature

containing wind streaks. Finally, the wind direction is retrieved

from the proposed ESM.

A. Rain Recognition

Since the ES method only works for rain-free radar images, the

images must be automatically selected based on rain recognition

data preprocessing. When studying the inversion of sea surface

wind field from the measured data of X-band navigation radar,

Lund et al. [8] found that the overall echo intensity value

significantly increased, while the proportion of zero-intensity

pixel points significantly decreased in radar images because of

the rainfall. Based on these findings, he proposed to use the

proportion of zero-intensity pixel points in the entire radar image

to identify rainfall radar images. Considering the influence of

sea conditions on the statistical results, this study extended

this method to rainfall recognition based on the zero-intensity

percentage in the occlusion area of radar images.

Because the radar works in a particular environment, a certain

proportion of invalid signals are generated in collected radar

images. In the case of rainfall, radar echoes are apparent in

shaded areas where the radar beam is blocked by the surface

crest, indicating that raindrop scattering plays an important role

in the atmosphere. Therefore, under the same sea conditions,

the presence of rainfall will reduce the proportion of low-back

signals in a radar image. Based on practical experience with

sea surface echo region processing, radar echo signals with

echo voltage values smaller than 0.3 V are usually regarded

as invalid. In this study, the echo intensity value of the pixel

points corresponding to invalid signals was set as zero, and

the proportion of pixel points with zero intensity in the radar

image was defined as the percentage of zero intensity. Based on

the original X-band marine radar image file storage format, the

radar echo signal strength of any pixel could be converted into

a voltage value ranging from 0 to 2.5 V. All points with voltage

values smaller than 983 were then eliminated after normalization

of the intensity (according to the storage protocol, 0.3 V was

equivalent to an intensity value of 983), and the proportion of

the intensity of the zero pixels was then calculated. The zero

strength percentage formula from [8] is

P =
f0
f

(2)

where f is the sum of pixels in a radar image, and f0is the number

of normalized zero-intensity pixels.

For marine radar images, when the propagation path of the

radar electromagnetic wave is blocked due to obstacles such

as chimneys, masts, islands, and so on, a large number of

invalid signals will be generated in the radar image, resulting

in a fan-shaped shadow area (occlusion area) in the image.

When there is no rain, the occlusion area is depicted as almost

completely blue, indicating no radar echo. When there is rainfall,

the raindrops can reflect the radar electromagnetic wave signal

and generate uniform backscattering, causing the blocked area

to exhibit flaky rain echoes. Since the zero-intensity percentage
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Fig. 5. Echo intensity histogram plots of both the entire image and the partially cropped occlusion area for (a) rain-free, (b) light rain, and (c) heavy rain conditions.
The zero-intensity pixel percentage is plotted in panel (d).

of the statistical occlusion area will not be affected by the change

of sea conditions, it is more effective and accurate for detecting

whether the radar image is affected by rainfall. In this study,

we selected 45 groups of radar images of no rain, light rain,

and heavy rain conditions, plotted the echo intensity histograms

of the entire images and the partially cropped occlusion areas,

and calculated the zero-intensity pixel percentages, as shown in

Fig. 5.

According to Fig. 5(a), when there was no rain, the entire

and occlusion radar image ZPPs were 61.07% and 94.24%,

respectively. When there was light rain, the entire and occlusion

radar image ZPPs were significantly lower, with corresponding

values of 45.21% and 59.17%, as shown in Fig. 5(b). When

the rainfall intensity is relatively high, the rainwater basically

covers the occlusion area, with the zero-intensity percentage of

the entire occlusion area falling to 0.57% and the ZPP of the

entire radar image decreasing to 15.14%, as shown in Fig. 5(c).

This demonstrates that the statistical result of the zero-intensity

percentage of the cropped occlusion area image is much larger

than that of the entire radar image, and the zero-intensity percent-

age of the occlusion area will be more effective and accurate for

determining whether the radar image is influenced by rainfall.

Fig. 5(d) shows the ZPP distribution of the two types of radar

images for the three different weather conditions. In the case of

Fig. 6. OZPP distribution of 500 radar images. (The green dotted rectangular
area in the figure is the data of rainfall in the radar image).

no rainfall, the ZPP values of both images are relatively large, but

the OZPP is higher. As the rainfall intensity increases, the zero-

intensity percentage decreased, although the changing trend of

the OZPP is much more obvious, especially in the occlusion

images. Therefore, based on the OZPP difference between radar

images in rainfall and nonrainfall conditions, the corresponding

threshold value could be selected to identify the rainfall and

nonrainfall radar images.

Fig. 6 shows the OZPP distribution of 500 radar images, in

which the selected radar region consists of 80–600 pixels in the
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Fig. 7. Working mechanism of marine radar; θ0is the grazing incidence angle,
ais the Bragg scattering point.

radial direction and 50–90 pixels in the azimuthal direction. The

dashed rectangular area in Fig 6 encompasses the rainfall data

in the radar image. When there is no rain, the OZPP maintains

a stable change range, very close to 1, because there are almost

no radar echoes. When rainfall occurred, the zero-intensity

percentage in the occlusion area decreases immediately by a

significant amount. Finally, based on the statistical results, 0.94

is selected as the threshold for detecting whether the radar image

was affected by rainfall. Hence, when the OZPP is larger than

0.94, it indicates that there is no rainfall in the detection area;

when OZPP is smaller than 0.94, it can be deduced that there is

rainfall in the detection area.

B. Image Correction

As shown in Fig. 3(b), the small-scale wind streaks attenuate

when the radial distance increases (as indicated by the color

becoming blue). This attenuation is caused by the working

mechanism of the marine radar, as illustrated by the geometrical

diagram presented in Fig. 7. For X-band radar, when the NRCS

is proportional to the spectral density of the surface roughness,

the main backscatter mechanism at the ocean surface is Bragg

scattering [20]. Marine radar receives microwaves to form a sea

clutter image, but the NRCS in the image will reduce as the

radial distance increases. This will corrupt wind streaks and the

inherent attenuation differentiation spectrum, ultimately lead to

the deterioration of retrieval precision.

Radial attenuation has little effect on the retrieval of HF

signals such as surface current and significant wave heigh.

However, it has great influence on the inversion of sea surface

wind direction by wind streaks. As shown in Fig. 3(b), wind

streaks become gradually blurred as their distance from the

center position increases, and are barely visible when the radial

distance is over1500 m. Thus, radial attenuation cannot be

ignored when we retrieve wind information from marine radar

images.

Fig. 8 shows the range-averaged NRCS of Fig. 3(a). The

subplots show the radial NRCSs with different amplitudes.

Fig. 8(f) shows that radial NRCS mean value of the entire

selected sector also decays in an irregular manner. However, the

radial attenuation exhibits a trend with increasing radial distance,

although there is no fixed model to account for the relationship

between the radial attenuation and increasing radial distance,

and the models are usually nonlinear.

Fig. 9 shows the ES of the static feature image of a sea surface

[the area within the black square in Fig. 3(b)], in which there are

two pairs of high-energy symmetric areas relative to the origin.

According to the wind streak characteristics, the bilaterally

symmetric energy areas are wind streak energy spectra, while the

vertically symmetric energy areas are radial attenuation energy

spectra because that the radial attenuation is perpendicular to

wind streak. According to the radar imaging definition, the rela-

tionship between wavelength L and wavenumber k is L = 2π
k

.

Therefore, these radial attenuation streaks have a typical spacing

of 200–500 m and belong to the static state, nonlinear signal.

Since the radial attenuation characteristics are similar to those

of the wind streaks, the radial attenuation signal cannot be

separated from the wind streaks in the static feature image.

To address this problem, we developed a relative radiometric

correction method to reduce the effect of radial attenuation.

This method, as described below, consists of two parts. First,

in steps 1–5, an adaptive Lagrange least-square piecewise fitting

approach is proposed for acquiring the fitting NRCS, and the

fitting NRCS is then used in step 6 to correct the images.

Step 1: Average the single radar image along the azimuthal

direction, and define the NRCS of a single image

as σ(θi, rj) (i = 1, 2, · · ·P, j = 1, 2, · · ·Q) , where

P and Qare the azimuth and radial direction pixel

numbers, so that the 1-D radial NRCS y can be written

as

y =
1

P

P
∑

i=1

σ(θi, rj) (3)

If radial rj is defined as x , then x and y generate

a dataset Ω = {(xi, yi)}
n
i=1 , where n is the total

number of data points.

Step 2: Suppose the discontinuity number of datasets Ωis

K. There will then be K+1subdatasets Ωk =
{(xk

i , y
k
i )}

nk

i=1, k = 1, 2, · · ·K + 1, in which the

points of the kth subdataset is represented by nk,

and xk−1 ≤ xk
i ≤ xk, where xkis the segment point

of Ωk and Ωk+1.

Step 3: Define the fitting function of dataset Ω as f(x) , with

f(x) taking the form

f(x) =

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎩

f1(x) =
m
∑

j=1

α1
jhj(x), 1 ≤ x ≤ x1

f2(x) =
m
∑

j=1

α2
jhj(x), x1 ≤ x ≤ x2

...

fk(x) =
m
∑

j=1

α2
jhj(x), xk−1 ≤ x ≤ xk

...
(4)

wherefk−1(xk) = fk(xk), {hj}
m
j=1 is the basic function of sub-

dataset Ωk, which generally takes a simple function form. For

computational convenience, we selected 1, x, x2 as the basic

function. The number of basic functions is m , and we chose

m = 3.{αk
j }

m
j=1

are the regression coefficients that need to be

determined. To ensure that the fitting error is minimized and the

fitting function is continuous at the pointxk, the least-squares
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Fig. 8. Mean NRCS of Fig. 3(a). The red arrows show directions selected along the radial amplitude angle. Subplots b, c, d, and e are the radial distributions
corresponding to the selected directions 126°, 166°, 226°, and 286°; f shows mean radial distribution.

Fig. 9. Energy spectra of the sea surface static feature image [the area within
the black square in Fig. 3(b)]; kx and ky are the components of wavenumber k.

regression model is constructed as follows:

min
αk

j

n1
∑

i=1

(f1(x
1
i )− y1i )

2
+

n2
∑

i=1

(f2(x
2
i )− y2i )

2
+ · · ·

+

nk
∑

i=1

(fk(x
k
i )− yki )

2
+ · · ·

nk
∑

i=1

(fK+1(x
K+1

i )− yK+1

i )
2

s.t.fk−1(xk) =fk(xk). (5)

The basic function is h(x) = [1 x x2], and the row vector

fitting parameters are

Xk =

⎡

⎢

⎢

⎢

⎣

h(xk
1)

h(xk
2)

...

h(xk
nk
)

⎤

⎥

⎥

⎥

⎦

, yk =

⎡

⎢

⎢

⎢

⎣

yk1
yk2
...

yknk

⎤

⎥

⎥

⎥

⎦

,

αk =

⎡

⎣

αk
1

αk
2

αk
3

⎤

⎦ , (k = 1, 2, · · ·K + 1).

The multiple-segment dataset fitting parameters can be ex-

pressed as

Y =

⎡

⎢

⎢

⎢

⎣

yT1
yT2
...

yTK+1

⎤

⎥

⎥

⎥

⎦

α =

⎡

⎢

⎢

⎢

⎣

αT
1

αT
2

...

αT
K+1

⎤

⎥

⎥

⎥

⎦

X =

⎡

⎢

⎢

⎢

⎣

X1 0 · · · 0
0 X2 · · · 0
...

...
...

0 0 · · · XK+1

⎤

⎥

⎥

⎥

⎦

Z

=

⎡

⎢

⎢

⎢

⎢

⎢

⎣

h(x1) −h(x1) 0 · · · 0 0
0 h(x2) −h(x2) · · · 0 0
...

...
...

...
...

0 0 0 · · · −h(xK−1) 0
0 0 0 · · · h(xK) −h(xK)

⎤

⎥

⎥

⎥

⎥

⎥

⎦

.

(6)

The quadratic norm form of (5) is

min
α

‖Xα− Y ‖ 2, s.t. Zα = 0. (7)
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Fig. 10. Distributions of radar radial NRCS and fitting NRCS.

The Lagrange function is established for (7)

L(α, λ) =‖Xα− Y ‖ 2 + 2λTZα (8)

whereλ is the column vector constraint parameter, λ =
[λ1, λ2, · · · , λK ]T . From the extreme and necessary condi-

tions of the multivariate function for (8), we obtain
{

∂L
∂α

= 2XT (Xα− Y ) + 2ZT
λ = 0

∂L
∂λ

= Zα = 0
. (9)

From the first expression of (10), we have

α = α̂−(XTX)−1ZT
λ (10)

whereα̂ = (XTX)−1XTY . Substituting (10) into (8) yields

λ =
[

Z(XTX)
−1
ZT

]−1

Zα̂. (11)

By substituting (11) into (10), we then obtain the solution

for the least-squares regression coefficient α. According to the

radar imaging mechanism, the dataset Ωk could ensure that

(XT
k Xk)

−1in (10) is nonsingular, and Z is nonzero. Thus, α
has a unique solution, and the fitting function f(x) is finally

obtained.

Step 4: Calculate the mean absolute errorSk of each curve

and the absolute error ei of each point

Sk =
1

nk

nk
∑

i=1

∣

∣fk(x
k
i )− yki

∣

∣ (12)

ei =
∣

∣fk
(

xk
i

)

− yki
∣

∣ (13)

where k = 1, 2 · · ·K+1, i = 1, 2, · · ·n. If

ei>Sk&ei+1>Sk&ei+2>Sk, set up a subsection at point

ei again, and then implement step 5, otherwise go to step 6.

Step 5: Set up a subsection at point ei for dataset Ω, and

implement step 2.

Step 6: For a marine X-band radar image NRCS σ(θi, rj),
the corrected radar image NRCS σ′(θi, rj)is defined

as

σ′ (θi,rj) = σ (θi, rj)− f(x). (14)

Fig. 10 shows the distributions of the radar radial NRCS y

and fitting NRCS f(x) in step 3, in which the two curves almost

overlap. The correlation coefficient is 0.9986, with a bias of 0.83

and a standard deviation of 22.19, which demonstrates that f(x)
can approximately replace the radar radial normalized NRCS y.

The corrected radar image for step 6 is shown in Fig. 11(b).

Since the correction reduces the effect of radial attenuation in

the wave imaging, the wave streaks exhibit more uniform radial

distributions than the original wave streaks in Fig. 11(a). The

corrected marine radar image sequences are g(θ, r, t) , in which

θis the azimuth angle, ris the radial position, and t is the time-

axis image sequence.

Based on a closest point interpolation approach, the Carte-

sian coordinate image sequence g(x, y, t) can be transformed

from g(θ, r, t) tog(x, y, t), which is a 3-D space coordinate.

By integrating a set of corrected marine radar image sequences

according to 1, we obtain the static feature image of the sea

surface g(x, y).
The corrected static feature image is shown in Fig. 11(d).

Compared to the uncorrected wind streak image in Fig. 11(c),

the wind streaks have a more uniform distribution across the sea

surface; hence, this method weakens the radial attenuation effect

on wind direction retrieval.

C. ES Method for Wind Direction Retrieval

To obtain the wind streak ES from corrected radar image

sequences, an ES scale separation filter that relates the wind

streak scale must be established. The wind direction information

is then retrieved based on the characteristics of the wind streak.

For a corrected radar image sequence, the ES of the sea surface

static feature image is derived using the 2-D discrete fast Fourier

transform (2-D FFT). The ES of the sea surface static feature

image can be obtained using a vector absolute function

A(kx, ky)

=

√

[Re(F (kx, ky))]
2 + [Im(F (kx, ky))]

2
(15)

whereA(kx, ky) contains signals at different wavelengths, and

the relationship between wavelength and frequency wave num-

ber is

k =
2π

L
(16)

where k is the ES wave number, k =
√

k2x + k2y , (kx, ky)are the

coordinates of the ES domain, and L is the streak wavelength.

The wind streak wavelength scale has a particular range.

Through the theoretical research and data experimentation in

Section III, the scale of the wind streak was determined to range

from 200 to 500 m. Suppose Ld is the lower limit, i.e., Ld = 200

m, and Lt is the upper limit, i.e., Lt = 500 m. According to (16),

the lower limit ES wave number kdis

kd =
2π

Lt

(17)
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Fig. 11. Radial correction results of wave streak and wind streak images. (a) Wave streak image. (b) Corrected wave streak image. (c) Wind streak image. (d)
Corrected wind streak image.

and the upper limit ktis

kt =
2π

Ld

. (18)

To extract the ES of the wind streak, we designed an ES scale

separation filter based on the lower and upper limits of the ES

wave number as well as the characteristics of the sea surface

static feature. The mathematical model is

I(kx, ky) =

{

A(kx, ky)(
√

kx
2 + ky

2 ∈ [|kd|, |kt|])

0 (else)
(19)

where I(kx, ky) is the ES of the wind streaks. Fig. 12 shows the

filter bandwidth shape, in which the inner boundary represents

the lower limit kd = 0.0125rad/s , the outer boundary repre-

sents the upper limit kt = 0.0628rad/s , and the shaded area

represents the reserved ES area.

Fig. 13 is the filtered wind streak ES for Fig. 11(b). The

captured wind streak image is shown in Fig. 13(a), and the energy

value distribution is shown in Fig. 13(b). Based on the symmetry

and periodicity of the Fourier transform, we can determine that

the ES I(kx, ky) is symmetric in terms of the first and third

quadrants, as well as the second and fourth quadrants. Note that

Fig. 13(c) shows that the connecting line of the two concentrated

energy areas is perpendicular to the wind streak. Thus, based

on the theory that small-scale wind streaks in line with wind

direction, the vertical direction of the connecting line is parallel

to the wind streak direction, i.e., the wind direction Wd.

Fig. 12. Filter bandwidth illustration. The inner boundary represents the
lower limit kd = 0.0125rad/s , the outer ring represents the upper limit
kt = 0.0628rad/s , and the shaded area represents the reserved ES area.

Due to the ship heading effect, the true sea surface wind

direction must be calibrated as shown as follows:

Nw= |θc|+ |α|+ |Wd| (20)

where Nw is the true retrieved wind direction relative to north,

θcis the central angle of a selected area, Wdis the retrieved wind

direction with the 180° ambiguity removed, and αis the ship

heading direction.

The retrieved wind direction has the 180°ambiguity problem

because the vertical direction of the connecting line has two
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Fig. 13. Filtered wind streak ES. (a) Captured wind streak image. (b) Energy
value distribution. (c) Wind direction perpendicular to the connecting line of the
two concentrated energy areas.

different 180°directions. The 180° ambiguities can be removed

in one of two means. The directional ambiguity can be removed

using the dependence of the NRCS on the antenna look direction,

because that for X-band radars operating at grazing incidence

with HH polarization, a peak only exists in the upwind direction

[2]. This method is only applicable if the ocean surface is imaged

over the full azimuth, which is often not the case.

For another 180° ambiguity removal problem with wind di-

rection, the wind wave directions obtained by 3-D FFT on image

sequence inversion can be applied [16]. Generally, there is an

angle of 10°–20° between the wind direction and the real sea

wind direction. The 180° ambiguity can be removed by keeping

the direction consistent with the wind information quadrant. This

method solves the 180° ambiguity problem by using the marine

radar image and has no strict limitation on the image coverage

area, so it is convenient for straightforwardly using in marine

environment monitoring platform.

V. DATA TEST

The experimental data were collected from the radar instru-

mentation and a vane anemometer. In Section IV, we tested the

ES method using a single set of data collected on October 22,

2010. In this section, we will test several sets of data collected

during October 2010 and December 2010. From a sum of 1634

measurements, 140 groups of data had to be excluded due to

rain or the effects of Typhoon Megi passed. The remaining 1494

datasets had wind speeds ranging from just above 3 m/s to almost

17 m/s.

A. Wind Direction Retrieval

The point series in Fig. 14 shows the wind direction obtained

from the ES method and measured by the anemometer vane. The

Fig. 14. Wind direction point series obtained from the ES method. (The blue
curve with the open points represents the wind direction measured by the vane
anemometer.)

radar retrieved direction and in situ vane wind direction exhibit

similar trends in this figure. At the sampling points 1–500 and

630–1494, although the ES wind direction fluctuated slightly

relative to the reference wind direction, its distribution was gen-

erally consistent with the reference wind direction. For sampling

points 500–630, although the sea surface wind displayed a 180°

reversal, backing from northeast to southwest due to the typhoon

passed, the ES algorithm still performed well, exhibiting good

stability.

Fig. 15 shows corresponding scatter plots of the radar results

and anemometer measurements. In Fig. 15(a), for all 1634 sets

of data, the correlation coefficient was found to be 0.89, with a

bias of 4.02° and a standard deviation of 27.04°. For the with

the 1494 sets of rain-free data, the correlation coefficient was

found to be 0.98, with a bias of 1.68° and a standard deviation of

12.13°. The red points are the results from the rainfall data, which

basically fluctuated between 0° and 200°, indicating that the

ES-retrieved direction diverged dramatically from the reference

wind direction. It demonstrates that the ES method is incapable

of retrieving wind direction from rain-contaminated images.

Fig. 15(b) shows the rain-contaminated and rainfall-free data

error density distribution. After removing the rainfall images, the

data error was more centralized and distributed about zero, and

the fitting curve was steeper. Contrary to this, the σof the error

result influenced by rainfall was larger, and the error distribution

was more dispersed. The OZPP rainfall identification algorithm

can effectively eliminate the influence of rainfall data (shown

in red color points). When the surface wind direction was

approximately 50°, there was a larger overlap region, the ES

shows acceptable performance (the points uniformly distribute

around the fitting curve). When the wind direction was over

200°; some individual sample points of the ES wind direction

deviated from the reference direction. A check of the original

image data revealed that these were caused by the incomplete

removal of rainfall-influenced images.

B. Sensitivity Analysis

Fig. 16 shows the small-scale wind streaks on the radar image

with wind speed of 3, 6, 10, 12.6, 15, 17.5, 19, and 20.1 m/s.

When the wind speed exceeds 6 m/s, it shows obvious wind

scale streaks characteristics. Fig. 17 shows the radar and in situ

wind direction errors at different wind speeds. The left hand of
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Fig. 15. Scatter plot of in situ wind direction versus radar wind direction. (a) Rain-contaminated and rain-free data results. (b) Rain-contaminated and rain-free
data error density distribution fitting.

Fig. 16. Small-scale wind streaks on the radar image at different wind speed. (Wind speeds are 3, 6, 10, 12.6, 15, 17.5, 19, and 20.1 m/s, respectively. The black
arrow indicates the wind direction of the sea surface at this time.)

the vertical axis in each subplot is the wind speed, in increments

of 0–5, 5–10, 10–15, and 15–20 m/s, while the right-hand side

is wind direction error, in increments of −110°–110°,−70°–

70°,−65°–45°, and −25°–25°. This figure shows that most of

the wind direction data fell within the range of 10–15 m/s,

and the error decreased with wind speed increasing, which is

in accordance with the theory in [17] that small-scale wind

streaks increase as the wind speed increases. The increase of

the small-scale streak size can effectively improve the inversion

accuracy of the ES.

The wind direction error between the radar and vane

anemometer is shown in Fig. 18, in which the shaded area

represents measurement speed data by vane. For the 1494 groups

of data, the absolute value of the error was smaller than 20°. The

inversion error of the ES sea surface wind direction at sampling

points 500–630 was large, as shown within the red rectangle.

In the period, the reference wind speed dramatically changed

from 15 to 5 m/s. Owing to the change of wind speed, there

were numerous sea-level surges, which collapsed the small-scale

wind streak characteristics, thereby diminishing the accuracy

of the inversion algorithm. The error of the ES holds stable

when the sea surface wind speed was between 10 and 15 m/s.

Although the wind streak scale increases with increasing wind

speed, it exerts little influence on the ES method. This is because

a variety of scale characteristics have been considered in the

design of band-pass filter for ES method, so together eliminate

the influence caused by the change of sea surface wind speed. In

addition, it is no longer necessary to conduct data processing in

spatial domain, which is a more effective and robust approach

for counteracting the influence of sea surface conditions.

Fig. 19 shows the bias (black curve) and standard deviation

(blue curve) of wind direction between radar and vane anemome-

ter, plotted against wind speed. The dependence of the bias on

wind speed was negligible, although the standard deviation grew

larger with increasing wind speed for speeds smaller than10 m/s,

and then decreased for speeds larger than10 m/s. If the wind

speed is over10 m/s, it will be easy to retrieve wind direction from

radar data because the wind streaks are obvious. Under weak

wind conditions, the NRCS is less indicative of atmospheric

processes than oceanic processes, such as bathymetric effects
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Fig. 17. Wind direction error between radar wind direction and in situ wind direction at different wind speeds. (a) 0–5 m/s. (b) 5–10 m/s. (c) 10–15 m/s.
(d) 15–20 m/s.

Fig. 18. Wind direction error between radar wind direction and in situ wind direction.

Fig. 19. Bias (black line) and standard deviation (blue line) of radar and in

situ wind direction difference, plotted against wind speed.

and current shear. In such cases, the wind directionality of the

NRCS is dominated by wind-driven ripple waves, a single peak

will appear in the upwind direction for HH polarization and

grazing incidence. Under strong wind conditions, the NRCS is

majorly affected by gusts caused by wind speed changes.

Table I compares the method proposed in this study with three

classic methods. All methods use HEU wave monitoring system

data to retrieve sea surface wind. It shows that the ES is superior

in terms with inversion precision. At the same time, the ES is

less affected by wind speed. The more prominent advantage

is that this method can obtain the energy information and ES

of the sea surface wind field, providing special information for

the subsequent inversion of sea surface wind speed and marine

meteorological information.

Gusts generate varying amounts of wind shear on thousands

of meters of the air–sea boundary layer, and nonuniform wind
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TABLE I
COMPARISON OF THE PROPOSED ES METHOD WITH CLASSIC WIND MEASUREMENT TECHNIQUES

shear acting on irregular atmospheric turbulence will lead to

banded turbulence. This banded turbulence causes sea surface

roughness, leading to NRCS in the form of wind streaks that

exist in marine radar image sequences. In this study, we could

not test the inversion results at wind speeds exceeding 18 m/s

due to the limitations of the collected data.

VI. CONCLUSION

In this study, a new ES method for retrieving wind direc-

tion from marine X-band radar image sequences was proposed.

This method provides an improved OZPP rainfall recognition

algorithm that can more accurately identify and remove rainfall

pollution images, and then weaken the attenuation of radial

NRCS to allow clearer wind streak images. Moreover, since this

method was designed based on the wind streak ES, it requires

no extra image processing in spatial domain.

Compared to the in situ radar radial NRCS, the proposed

method obtains a fitting NRCS with a bias of 0.83 and a standard

deviation of 22.19, while the correlation coefficient between the

two NRCS is as high as 0.9986. For wind direction, compared

to the data measured by the in situ vane anemometer, this

method has a correlation coefficient of 0.98, with a bias of

1.68° and a standard deviation of 12.13°. After using the OZPP

algorithm, the root-mean-square error of the wind directions

retrieved reduces by 55%. The new method can fit different

ocean states since it is unnecessary to know the wind streak

spacing in advance. The results show that if the wind speed is

over 10 m/s, the wind streaks will be more obvious, and the

proposed method exerts superior performance correspondingly.

In the future, we will improve the OZPP algorithm to make

the rain-contaminated images fit the ES method after removing

the effect of rainfall. Also, a more proper height conversion coef-

ficient of wind speed between the sea surface and measurement

position needs to be determined. The feasibility of the ES method

under typhoon condition will be the focus of our further research.
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