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Wind and Wave Measurements Using Complex
ERS-2 SAR Wave Mode Data

Susanne Lehner, Johannes Schulz-Stellenfleth, Birgit Schattler, Helko Breit, and Jochen Horstmann

~ Abstract—A global dataset of complex synthetic aperture (SAR) It is clear that SAR imaging of the sea surface is a complex
images is processed from wave mode raw data acquired by the mechanism influenced by many different processes, e.g., wind,

ERS-2 satellite. Using these data,differer_nal_gorithmsforwind and currents, slicks, or rain. However, the basic imaging mecha-
wave measurements recently developed in view of future ENVISAT .
nisms are well understood by now [2]-[7].

ASAR data are analyzed on a statistical basis. i ’ :
Different aspects of complex SAR wave mode processing with  Quite a few studies were published about the use of ERS

the DLR processor BSAR are discussed and global statistics of pro- wave mode data for wind and wave measurements. These are
cessing parameters are presented. mostly concerned with the analysis of user wave (UWA) spectra,

Single-look complex (SLC) imagettes give the opportunity : )
to apply multilook techniques in range as well as in azimuth. which are the standard European Space Agency (ESA), Noord

Such methods are used to reduce speckle noise or to analyze theVilk, The N_etherla_mds, product [1], [8]—[10]-_ UWA spectra are
time evolution of the ocean surface cross section during SAR coarsely gridded image power spectra derived from imagettes
integration time. A global analysis of different new algorithms  with a directional resolution of T%nd 10 wavenumber bins log-
“S"[CW('j“Eﬂaar,‘: g?C:r?”WWr?&’iprgggsgrzg“t%‘;é;ak',?ﬁ tﬁgvg‘r!?gteh :lf arithmically spaced between 66—660 m (recently changed from
, is given. Wi [ i wi zimu -
cross-correlation algorithm (CCA). As a modification of the 100 mto 100_0 m) [11]. The complex imagettes themselves ar.e
existing CCA, range multilooking is used to deal with the speckle SO far notavailable from ESA as a standard product. An analysis
bias. Homogeneity of the imagettes is considered. Wind speed isof imagette intensities has been performed by Kerbaol [12].
derived from mean SAR image intensities taking into account  Recently, new algorithms were developed to derive wind
wind direction (CMOD algorithm). Comparison with collocated speed and ocean wave spectra from complex SAR images [13],

ERS-2 scatterometer data shows reasonable agreement with the - o . . ? .
CCA and good agreement for the CMOD approach. making use of the additional phase information contained in

Using imagettes instead of image power spectra allows us tothese data. Up to now, these algorithms were only tested using
study ocean surface features caused by natural slicks, sea ice, oimage mode data [14], which are not suited for global statistical
atmospheric processes. The impact of these phenomena on SCATanalysis, as they can be acquired over the open ocean only

measurements is considered. ) when in line of sight of an antenna station.
Cross spectral methods are used to derive the ocean wave

propagation direction from complex imagettes on a global basis. | hiS paper aims at testing and imp_roving different SAR wind
Comparison with model data provided by the European Center and wave measurement methods using a global complex ERS-2

for Medium Range Weather Forecast (ECMWF), Reading, UK., SAR wave mode dataset. The study is a preparation for the new

shows good agreement. data products available from the ASAR (advanced SAR) of the
Index Terms—ERS wave mode, ocean waves, SAR, wind speedENVISAT satellite to be launched in the year 2001. As EN-
estimation. VISAT will not carry a scatterometer (SCAT), the development

of ASAR wind measurementtechniques is of special interest. As
the ERS SAR, the ASAR will operate at C-band and collect data
in image mode and wave mode. The ENVISAT ASAR wave
S'NCE the launch of the ERS-1 and ERS-2 satellites imode will have some advanced features, as shown in Table I.
1991 and 1995, synthetic aperture radar (SAR) imagesto prepare for ENVISAT data, ERS-2 wave mode raw data
have been acquired over the oceans on a continuous basis. fja{le processed to single-look complex imagettes using the
swath scenes of 108 100 km size are taken where receivinggsaR processor developed at the German Remote Sensing
stations are in line of sight (image mode), whereas 80 pata Center (DFD), Oberpfaffenhofen, Germany. An example

km images (imagettes) are acquired every 200 km along ¢ an imagette quicklook from this dataset showing ocean
orbit (wave mode). Due to their all-weather capability and higlyaves is given in Fig. 1.

resolution, SAR systems have become a valuable measuremeny, 1is study
tool for wind speed and ocean waves [1]-[3]. '

. INTRODUCTION

three main points are investigated.

1) It is demonstrated how complex imagettes can be used
to derive additional information on wind speed, sea state,
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TABLE |

COMPARISON OF DIFFERENT ENVISAT
ASAR AND ERS SAR WAVE MODE PARAMETERS

2247

Rather than focusing the entire chirp to a single image, subin-
tervals of the integration time are often used to process looks
with lower azimuthal resolution. In the case of the ERS SAR,

ERS-1/2 ENVISAT the integration time is about 0.8 s. In this study, two looks with
radar frequency 5.300 GHz 5.331 Gz _nonoverlapplng frequency bands are used, _each_ of which has an
— integration time of about 0.4 s and a separation time of the same
polarization \'A' HH or VV

sampling

every 200 km

every 100 km

coverage

=~ 10x5 km

6x5 km - 10x5 km

daily coverage

a2 1100 imagettes

& 2200 imagettes

order.

SAR processing is performed by matched filtering, which
corresponds to a multiplication operation in the Fourier domain.
Fig. 2(b) shows the phase of the raw data spectrum (solid),

which is again a quadratic chirp. This spectrum is multiplied
with the complex conjugate matched filter spectrum, removing
the quadratic phase component. The dashed line in Fig. 2(b) is
the phase of the complex image spectrum obtained after this
Processor: BSAR@DFD  © ESA/DLR 1999 processi_ng step. Fig. 2(c) §hqws the re_sulting poipt scattergr re-

R, DL IR P _i_rﬁj-,-‘,}}sifﬁ‘rg_{; g sponse in the SAR |nten3|_ty image using the entire bandwidth

R ' (solid) and the half bandwidth (dashed).

However, SAR imaging of a moving water surface is more
complex. Considering again a single backscattering facette on
the ocean surface, the following effects must be taken into ac-
count.

1) A velocity component of the facette in slant range di-
rection leads to a Doppler shift and therefore to a shift
of the corresponding image point in azimuth (velocity
bunching, [16]).

Similarly, acceleration of the facette in slant range di-
rection causes azimuthal smearing of the SAR image re-
sponse (acceleration smearing, [4]).

Internal movement of the cross section pattern, e.g.,
caused by propagating ocean waves, leads to degraded
resolution of the corresponding pattern in the SAR
image. The movement can be analyzed using azimuth
multilooking [13].

A lifetime of the facette shorter than the SAR integra-

14.1 - 42.3
108 s-142 s

incidence angle

R/V

19.3 / 235
110s / 112 s
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Fig. 1. Amplitude of a complex 1& 6 km ERS-2 SAR imagette acquired on 3)
June 1, 1997, 05:00 UTC. The corresponding complex data were processed with
the DLR processor BSAR.

3) Several new algorithms have been developed to derive
wind speed and ocean wave spectra from complex SAR 4)

images by using cross-spectral methods. We use this
dataset for a first global evaluation of these algorithms.

tion time causes degraded azimuthal resolution. (coher-
ence time, [17]).

The results are compared to ECMWF model and collo- A 9eometrical depiction of the velocity bunching and accel-
cated SCAT data. eration smearing effect is given in Fig. 3.

The paper is organized as follows. In the first section, SAR AS SAR data are sampled with a finite pulse repetition fre-

wave mode processing is discussed and global image statisiig"cY (PRF), only a limited bandwidth can be used for the

are given for a new dataset. Wind speed is evaluated globa; 8tcthed flltter.t:]n cf)_:?er to mix'":j'zi me ENR’l't IS |mtpq:jta}nt
and the influence of surface features on wind speed is exa 9] to center the filter pass band at the Doppler centroid fre-

ined. The results are compared to SCAT wind measuremerﬁjtgfan.cyf‘fc [see Fig. 2(b)]. qu this reason, an accurﬁ;@esj .
Imation is a necessary step in SAR processing. This implies in

d th lity of SCAT flagging fi ice i luated. FI!
and the quatty o agging for sea 1ce 1S evauate chlar Doppler ambiguity resolving. Fig. 4 shows that some

nally, cross spectra are calculated to derive sea state and o] t be taken in thi ¢ Dol troid estimat
wave propagation direction by multilook techniques. caré must be taken in this respect. Loppler centroid estimates

are given in baseband for a global ERS-2 imagette dataset. As
one can se€fy. is passing through adjacent PRF bands at sev-
eral locations. Wrong selection of the PRF band would lead to
In this section, some general features of complex SAR dateccurate range migration correction and defocusing of the im-
are discussed. Based on this, problems encountered in comglggttes.
wave mode processing are analyzed. Although several Doppler ambiguity resolving algorithms
A SAR achieves its high azimuthal resolution by recordingxist that deal with low contrast scenes [18]-[20], they usually
the Doppler history of the returned signals [15]. Consider raquire a significant amount of SAR signal samples to be ana-
single stationary point scatterer located at Doppler zero timged exceeding by far the ERS wave mode cell size of about
to = 0. As shown in Fig. 2(a), the corresponding SAR raw da400 range lines with 528 range-compressed samples each.
are then given by a quadratic chirp (neglecting range migratiohfius, the Doppler ambiguity resolving still must be regarded as
with envelope maximum located at Doppler centroid titpe an open issue for ERS and ASAR wave mode data processing.

Il. SAR WAVE MODE PROCESSING
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Fig. 2. (a) Azimuth chirp of single point scatterer in SAR raw data. Rather than using the entire integration time for processing a single imag&lsubint
can be selected to generate different looks with lower azimuth resolution. (b) Phase of raw data azimuth spectrum (solid) and complex imagecmimuth sp
(dashed). Frequency bands of looks are indicated. The processed bandwidth is limited by the pulse repetition frequency (PRF). (c) Azimutbpormadse re
SAR intensity image using the entire bandwidth (solid) and half bandwidth (dashed).

Animportant extension to BSAR to complex wave mode data

Ocean surface SAR image
backscatring facote AR image poit processing consists of the incorporation of a range-expansion
moving awa: om radar ] step. Since BSAR uses the chirp scaling algorithm [21], [22], the
backscattering facette onboard range-compressed wave mode data must be expanded
moving towards radar SAR image point into chirp raw data required as input for the chirp scaling algo-
. a - rithm

Moreover, the ERS onboard range compression, achieved by
a dispersive surface acoustic wave delay line (SAW), causes an
additional range time delay with respect to the ERS image mode.

Fig. 3. lllustration of the velocity bunching and acceleration smearing effecthis value is reported by ESA as 43.5 ms. A first measurement

Two backscattering facett th i ing toward the rad - . .
T N0 O o N T ousanl Surace movirid ‘onart e racer @this time delay is done using the corner reflector of the ERS-2

moving away from the radar are shown. The corresponding SAR image poi i A .
are shifted and smeared in flight direction. The upper facette is assumed to Hat@ve validation scene acquired on July 29,1995, 21:46:44 UTC,

a smaller velocity and higher acceleration than the lower facette. kindly provided by ESA.

Since the Doppler frequency rate is range-time dependent, a
wrong value for the electronic time delay leads to the assump-
tion of a wrong range time and thus a degradation in the mea-
sured azimuth resolution of the corner reflector. The best az-
imuth resolution is obtained for an assumed additional SAW
delay of 44.0 ms.

Also, the cross-correlation method described in Section V in-
corporates the possibility of determining time delay, since again,
a wrong value for the range time leads to a wrong Doppler fre-
guency rate and thus to a measured movement of the corner re-
flector. This measurement confirms the value of 44.0 ms.

flight direction

I1l. GLOBAL IMAGE STATISTICS

A. Moments of Intensity Images

In this chapter, some statistical properties of complex SAR
—os e | images relevant for wind and wave measurements are given.
— Furthermore it is explained how azimuth and range multilook
techniques can improve the estimation of statistical parameters
Fig. 4. Base band estimates of Doppler centroid for a global ERS-2 imagefie the underlying radar cross section.
data set acquired on June 1, 1997. Radar signals returned from different scatterers within a SAR
resolution cell add up coherently as in a random walk. As there
An analysis of about 25000 ERS-1 and 6000 ERS-2 SA&te many scatterers with uncorrelated complex reflectivities
image mode products produced at the German PAF showed ttatributing, real and imaginary parts of a complex SAR image
the ERS image mode Doppler values obtained during the noare independent Gaussian distributed. Hence, the intefsity
inal ERS operation in yaw-steering mode (i.e., maneuver sif a single look complex pixel follows a negative exponential
uations excluded) follow a nominal behavior around an orbiflistribution [15]. A basic property of this distribution is that
Therefore, a Doppler prediction table containing the expectéte variancerar(1) equals the squared meéh)?. SAR image
Doppler value as a function of the geographical latitude for astatistics is commonly explained using a multiplicative noise
cending and descending orbits is incorporated into BSAR amibdel. SAR image intensity is expressed as the product of
used for the Doppler ambiguity resolving. a negative exponential distributed speckle procesgth unit
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Fig. 5. Global distribution of mean imagette intensities for June 1-2, 1997.

mean and a process carrying the cross section informationthis approach. In order to derive information on sea state, the co-

[23]. Both processes are assumed to be independent variance functiorp,,,,, is considered The covariance functions
of m and/ are connected by the following expression [12]:
I=XS. 1) oIt
W = pmm(pSS + 1) + pss. (4)

For a SAR image acquired over the ocedhis modulated by

the underlying radar cross section of the sea surface. To gainTie corresponding variance spectrémthen follows by taking
formation about the sea surface requires estimation of statistitiz¢ Fourier transform of (4).

parameters of the proceas Therefore, it must be investigated 5

how these parameters are related to the speckled measuement Cr = (I)*(Pm + Ps + Py * D). ®)

The mean ofX,, which is, for example, relevant for wind speedygre . denotes the convolution operator. The last two equations
measurements, is simply given by show that due to speckle contribution, it is not straightforward
to derive the second moments.¥ffrom the measuremeiit In
(X) = (D). (2 particular, this requires some knowledge about the spectrum of

. L i ) the speckle process.
Fig. 5 shows the global distribution of the (relatively calibrated) vever being only interested in the variance of m

mean(I) derived from ERS-2 imaggttes acquirgd on June Elvar(m) — pmm(0)], the speckle problem becomes more
1997. Low mean values occur over ice and on imagettes Wgﬂaightforward. In the case of a single look image(m) is

low wind speed that may be contaminated by surface slicks ($8@yted to the coefficient of variance (CVAR), often used in
Fig. 7). High mean values occur forimagettes taken in the stroag 5 image analysis [12] by

storms near Antarctica. One commonly used algorithm to de-
rive wind speed over the open ocean from mean backscatter is var(I)

. ) . CVAR = =1+ 2vs . 6
the so-called CMOD4, discussed in the next section. For accu- (I)2 + 2var(m) )

rate derivation of wind speed from mean backscatter, wind g

i- . . . .

rection is needed as an additional input though. For the sec ﬂ@racuce’\f&r(_m) can be estlmate_:d by using (). F.'g' 6 shows
moments, which are, e.g., used for ocean wave measureme gg!obal distribution ofax(m) derived from ERS-2 Imagettes

the situation is more complex. In this context, it is useful to ina_thwred on June 1,1997. It can be obse_rved\m_tm) is close
troduce the modulation, of X to zero almost all over the ocean, showing maximum values of
up to 0.1 in areas of strong wind, e.g., near Antarctica. Larger

X —(X) values are found for images that show surface features. It seems
m= T ) thatvar(m) could be a good measure for sea ice type, showing

strong variance between zero and 0.2 in the sea ice region. Near

It is convenient to usen as basis for wind or wave measureAntarctica, imagettes showing either the ocean surface in strong

ments [4], because no calibration of the SAR data is neededaind speed or sea ice have similar valuesvef(m), so that
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Fig. 6. Variance of the modulation df calculated for a global dataset of complex imagettes acquired on June 1-2, 1997.

more sophisticated parameters are needed to discriminate | Senscr: ERS—2 © ESA
tween them. s R

T o - »

Processor: BSAR ~ © DLR/DFD 1999

B. Derivation of Second Moments Using Complex Data

To overcome the problems encountered above in the comp
tation of the second moments &f, complex SAR images are
very useful. The idea is to use two looks, 1> extracted from
the range or azimuth spectrum of the complex image. Due to tf &
reduced bandwidth, looks have a degraded resolution in range
azimuth. In the case of nonoverlapping frequency bands (cor & Rt ol "
pare Fig. 2), the looks are affected by uncorrelated speckle pr Faw Dota 1D: KS511431-13-6-25

e

. UTC Tirme: Q1 =JUN=13987 /14:57:32
cessesS; andS,. This means Coordinates: S 32.48° / i Yege #7
Processing Date: D3—MAR—1999 Flight Direction DLR
L =X5 =12 )
Fig. 7. Amplitude of a complex ERS-2 imagette acquired on June 1, 1997,
for the range look case and showing slicks on the ocean surface.
L=X,8 i=1,2 ©)

Both equations show that the speckle contribution cancels out.

when using azimuth looks. The difference is made because Gt multilook technique thus offers a straightforward way to
the time scale relevant for ocean wave measurements raf§imate parameters of the procéSsAs an illustration, Fig. 8
looks can be regarded as simultaneous (the ERS chirp ha@hqws the azimuthal autocorrelation function of an ERS-2 im-
time span of about 4@s). Azimuth looks on the other hand@gdette (dashed). The function shows a strong peak in the center
are about 0.4 s apart, so that the change of cross section taliagsed Py speckle. The solid line represents the cross-corre-
place during look acquisitions is not negligible. The range lodRtion function (CCF) of two range looks computed from the

cross-covariance function is related to the covariance functisfmplex imagette. As one can see the speckle bias is removed,
of X by leaving the smoother autocorrelation function of the underlying

cross section patter’l. A comparison between the azimuth
prn (k) = px (k). (9) CCF derived from range (solid) and azimuth (dashed-dotted)
looks is given in Fig. 9. Both correlation functions show an
For azimuth looks, the corresponding relation is given by ~ ocean wave system of about 150 m wavelength travelling in az-
imuth direction. The CCF of the azimuth looks indicates a small
(k) = px,x, (k). (10) phase shift of the ocean waves taking place in about 0.5 s. Apart
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Fig. 8. Azimuth autocorrelation function of single look ERS-2 imagette -2000 -1000 0 1000 2000
(dashed) and cross-correlation function of two range looks (solid). range [m]
0.08 ‘ : Fig. 10. Low-pass filtered 2-D autocorrelation function of ERS-2 imagette
U [-----azimuth ?—ranﬁe acquired on June 1, 1997, 05:00 UTC (compare Fig. 1). Wavelength shorter
S 0.06 multilooking | * multilooking than 2 km are removed. The arrow indicates the wind direction determined by
£ e Gaussian 5 the ERS-2 SCAT. The measured wind speed is 16.4 m/s.
2 0.04 /
2 0.02 20-26, Bragg waves have length in the range of 6.5-8.3 cm.
2 : Therefore, backscatter can be used to evaluate parameters which
3 0.00¢ influence the small scale roughness, like the wind speed.
-0.02 ‘ ‘ Grey levels of SAR images are converted into normalized cal-
-100 -50 0 50 100 ibrated radar cross-section (NCRS) using the ESA calibration
Azimuth [m] algorithm [30]. For SAR image mode, some calibration prob-

_ _ _ lems occurred due to saturation of the ADC converter that oc-
Fig. 9. Cross-correlation function of two looks extracted from the range d inl briaht like inland i f
spectrum (solid) and azimuth spectrum (dashed-dotted) of a complex ER urred mainly 9V9r ”g_ : areas liké Inland ICce or séa surrace
imagette. The dashed line represents a Gaussian fitted to the range ldsiler strong wind conditions. These problems were solved by
cross-correlation function. a recalibration procedure.

After calibration, wind speed is derived from the images

from that, it can be observed that due to the lower azimuthal ré&ing the semi-empirical CMOD4 algorithm [31], which was
olution, the CCF is smoother for the azimuth look case. originally derived to retrieve wind speed and direction from

In the following sections, different wind and wave measuré&catterometer measurements. CMOD was developed for the
ment algorithms are presented, which take advantage of mufgRS scatterometer, but as the ERS SCAT and the ERS SAR are

looking techniques. both operating at C-Band, it can be used on SAR data as well
[32]. As SAR images only yield one backscatter measurement
for each pixel (contrary to the thregy measurements from the
three SCAT antennas), some additional information on wind
A. CMOD Approach direction is needed for the SAR. Usually, SAR images show

In this section, the relation between single look imagetgéistinct features like wind streaks or shadowing behind coasts,
brightness and wind speed is analyzed. A similar analysis wig@m which the wind direction can be derived.
carried out for three look averaged imagettes by Kerbaol [12]. On wave mode images, not as many distinct stripes show up

Wind speeds from ERS SAR images of the ocean surface h@geon near coastal images, which is probably due to higher tur-
been derived by Alpers and Briimmer [24], Chapebal.[25], bulence in coastal areas. More sophisticated analysis is needed
Rosenthalet al. [26], Horstmannet al. [27] and Scooret al. than the Fourier analysis used in [32] to derive wind direction.
[28]. As an illustration, Fig. 10 shows the two-dimensional (2-D) au-

The model of Wright [29] explains backscatter from thé&ocorrelation function computed from the imagette shown in
rough ocean surface for moderate incidence angles (20b§0 Fig. 1. To focus on large scale image structures, which are not
resonant Bragg scattering. The backscatter signal is dominatieie to ocean waves, wavelengths below 2000 m were removed.
by the ocean wave component in resonance with the incidenidee arrow indicates the wind direction derived from the collo-
radiation. More precisely, the radar cross sectigris related cated SCAT measurement. As can be seen, there is a good cor-
to the energy contained in the ocean wave comporgnt respondence between the orientation of the large scale image
which lies in the incident plane and obeys the Bragg conditiogtructures and the measured wind direction. Visual inspection

showed that this kind of agreement can be found in about 40%
ky = 2kep sin . (11) of the cases.
Up to now, BSAR wave mode is only relatively calibrated. As

Here, « is the incidence angle of the radar beam, @ds ERS wave mode is even more severely affected by ADC satura-
the electromagnetic wavenumber of the radar. In case of tien than image mode, absolute calibration for very strong wind
ERS SAR, operating at C-band with incidence angles betweesnditions will be difficult to achieve for ERS SAR. However,

IV. WIND SPEED MEASUREMENTS
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Fig. 11. (a) Mean intensity versus ERS SCAT wind speed for homogeneous imagéetasd(imagettes affected by slicks, sea ice, or atmospheric phenomena
(4A). (b) Mean intensity versus ERS SCAT wind speed for up/down wipggnd cross wind4).

for the next generation of data from the ENVISAT satellite, sat- In the spectral domain, SAR ocean wave imaging can be de-
uration will be no longer a problem. scribed to first order by a quasilinear model for the variance

Fig. 11(a) shows a scatter plot of mean intensity (log scateyectrum®,, (k) of the modulatiorm [4]
versus scatterometer wind speeds. Triangles indicate imagettes 5 SAR|2 SAR|2
on which sea ice, slicks, or atmospheric effects were found b?m(k) = exp (—kzp¢(0)) (|Tk | Fy + |T—k | F—’? ')
12

inspection. As can be seen, these imagettes are characterized GaR :
by relatively low intensities. In addition, it can be observebiere,F is the ocean wave spectruffi;** a transfer function,

that most of the corresponding SCAT wind speeds are also ddk. is the azimuthal wavenumber component. For the defi-
the lower level, suggesting that the phenomena seen on B#éon of m, see (3). The width of the exponential factor is con-
imagettes correspond to low wind speed. Slicks are empiricalfp!led by the variance of the azimuthal image point shift0).
modeled in CMOD4 since the occurrence of slicks in th@Ssuming small incidence angles;(0) can (to first order) be
ERS scatterometer footprint is strongly correlated with tHeXpressed in terms of the ocean wave frequency specitum
wind speed magnitude (i.e., slicks disappear at moderate wilant rangefz, and platform velocity”
speeds). The other geophysical anomalies are flagged in the R\2 o
ERS scatterometer processing [33]. The linear regression pe(0) = <—> / 25(w) dw (13)
line (dashed) was computed for the remaining homogeneous v 0
imagettes. The corresponding correlation coefficient is 0.86pe idea of the CCA algorithm is to use the dependenc of
Fig. 11(b) shows mean imagette intensity versus SCAT winghd henceg, (0) on wind speed. As other parameters like wave
speed for cross wind4) and up/down wind-{) respectively, age or swell wave height have an impact, too [6], the CCA algo-
where wind direction is also taken from the ERS-2 SCAT. Onlythm should not be applied under fetch-limited or swell-dom-
wind directions with a maximum deviation of 2&rom range jnated conditions. To estimage (0), a strong simplification is
and azimuth direction, respectively, are used in this plot. Ajade, namely, that the second factor in (12) (in brackets) can be
predicted by the CMOD model, it clearly shows up that thesgarded as constant. In that case, the azimuthal auto covariance
imagette intensities are higher for up/downwind than croggnction p,, = F~1(®,,) is Gaussian as well
wind given the same wind speed.

In a next step, the wave mode will be calibrated and the wind () ~ exp <_7r$_2> (14)
streak algorithm refined. The above results strongly suggest that ” Az )
CMOD applied to the ERS wave mode will yield a reliable an

stable wind speed algorithm as well, F-Ilere,)\ is defined as the cutoff wavelength in the spatial do-

main. Other techniques have been proposed, which estimate the
cutoff wavelength in the spectral domain fitting more sophisti-
) ) cated models [6].
B. Cross-Correlation Algorithm Fig. 12 shows the performance of the CCA algorithm applied
to the complex imagette data set using multilooks in range. To
In this section, a new cross-correlation wind speed algorithget rid of the speckle peak in the CCA algorithm and to obtain
is derived using range multilooking. The azimuthal cross-coa better performance of the fit procedure, it was proposed in
relation algorithm (CCA), developed by [12], is applied to th§l2] to use the cross correlation between different looks having
dataset of the complex imagettes also. The CCA algorithmuscorrelated speckle noise. However, in contrast to the proposed
based on the azimuthal low pass character of the SAR ocemathod, which uses azimuth multilooking, in this study, looks
wave imaging process, which is caused by sea surface motiertracted from the range chirp spectrum are used. This approach
The basic mechanism is an azimuthal shift and smearing of SARs two advantages: the azimuth resolution is not degraded and
image points due to slant range velocity and acceleration cothe cross-correlation function is not distorted by the phase shift
ponents of the backscattering facettes (compare Fig. 3). of long azimuth ocean waves.
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The Gaussian fit procedure for the range CCA model given otmage spectra with high energy are more strongly affected by
(14) is demonstrated in Fig. 12(a). The cross-correlation funazimuthal low pass filtering. This relation can be explained
tions of two imagettes are shown together with fitted Gaussiansing the quasi-linear model given in (12). High energies in the
indicating 336 m and 166 m cutoff wavelength, respectivelAR spectrum are due to high sea states, which in turn lead to
The interval -200 m, 200 m] of the azimuth axis was used folong azimuthal image point shifs (0) and hence short cutoff
the fit procedure. wavelengthsh.

To analyze the wind speed dependence\p§imultaneous
measurements of the ERS-2 scatterometer are used. To check V. SAR CROSSSPECTRA

for the homogeneity of the imagette and the stability of the fit In this section, the SAR cross-spectrum technique is used

procedure A was not only estimated for the area of the entir derive the ocean wave propagation direction. As explained
imagette, but also for quarter subimages. Fig. 12(c) shows the propag : P

. L . In"Section Ill, this method has the advantage of removing the
respective standard deviation dicalculated for each imagette . e .

X - . speckle bias. In addition, the cross-spectrum of azimuth looks

versus the look cross-correlation coefficient. Triangles corre- . .

an be used to detect the phase shift of ocean waves taking place

spond to imagettes on which sea ice, slicks, or atmospheric p[ie- L
. . etween look acquisitions [13].

nomena were found by inspection, whereas crosses mark homo: .
. As in the ordinary SAR power spectrum, the cross-spectrum
geneous imagettes. It seems that these parameters allow a con:

siderably good discrimination of the two imagette classes. IS affected by a nonlinear imaging mechanism too. Derivation

Fig. 12(b) shows a scatter plot of the cutoff wavelengt%f ocean wave spectra from cross spectra therefore requires in-

versus SCAT wind speed with regression line plotted by \Ersion techniques using some kincegfriori knowledge [13].

dashed line. Only imagettes with standard deviaicsmaller In this study, a first assessment of the statistical properties of a

than 50 m were used for the plot. The correlation coefficieFHObal set of cross spectra is presented. Inversion techniques are

of 0.63 indicates a reasonably close relationship. However, trﬁ%t:ana-lyzed here but are the subject of a separate paper.
or first order, the cross-spectru,,, ., (k) can be ex-

CCA method must be further improved to obtain sufficient i o )

LT X . pressed by the following quasilinear model:
accuracy. This implies in particular a better understandn?g
of the shape of the SAR spectrum and its dependence on _ 9
wind speed. Fig. 12(d) shows an interesting relation between Piym, () = exp (_k-’fpf(o)) )
cross-correlation coefficient and cutoff wavenumber. As can . (exp(iwAt) |T,f |”
be seen, the cutoff increases with higher cross-correlation 5

in, this si +exp(—iwAt) |75 F_y ). (15)

values. In the spectral domain, this simply means that SAR p Zk k
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Here, At is the look separation time, which is of the order of 0.4 E ”
s in this analysis, and is the ocean wave frequency, which is T 02F 3
related to the wavenumbérby the dispersion relationship f

@ 01F 3

w? = gk tanh(kh) (16) .

€ oof :

with i water depth ang constant of gravity. sk
Fig. 13(a) shows an example of the cross-spectrum method. & 01 E

Fig. 13(b) shows the imaginary part of the azimuth look cross- § :
spectrum derived from an ERS-2 imagette acquired on June 1, G -02F 3
1997, 06:27 UTC, indicating a wavesystem of about 200 m ; , X
length propagating to the right. In Fig. 13(b), the collocated 006 -0.04 -0.02 000 002 004 006
ECMWF wave spectrum with 2.6 m significant wave height is Range Wavenumber [rad/m]

plotted, confirming the SAR observation. 15 Distributi ; - . i th
. P 3 . Istribution of energy O e Cross-spectrum In e range
The lm_agette CFOS§ spectra were analyzed on a statistical b number/phase plane. The dashed lines represent the theoretical phase for
using all imagettes with collocated ECMWF ocean wave spectéan waves propagating in deep water.
(n =1089). The time gap between SAR observations and model

spectra is less than 3 h, and the spatial distance is less than £Q@ azimuthal low pass filtering of the cross spectra (15) is
km. Fig. 14(a) shows the average cross-spectrum energy cQllgarly visible. In addition, the average spectrum is nearly
puted as symmetric, indicating wavesystems of about 300 m wavelength
1 propagating in approximate range direction. The corresponding

(Ry==" > |®h..kE). (17) average ECMWF ocean wave spectrum is given in Fig. 14(b),

" (e (k) >0 showing reasonable agreement with the observed cross spectra.
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part.

To study the phase of the measured cross spectrum, the energy 0.08

distribution over the interval [0, 2] was analyzed. To avoid
distortions caused by velocity bunching effects, the analysis is
concentrated on the phase observed along the range axis of the
cross spectrum. Fig. 15 shows the distribution of the cross-spec-
trum energy|®,,, .| in the range wavenumber/phase plane.
The dashed lines represents the phase expected for ocean waves
propagating in very deep water (16). The phases scatter con-
siderably, showing four weak local maxima at a wavenumber
of £0.025 rad/m and phase valuesdof rad and+0.8 rad, re-
spectively. The location of the local maxima with respect to the 00 -
dashed line shows that the phase shift of range waves derived "0.08 -0.04 0.02 0.00 0.02 0.04 0.06
from the ERS imagettes tends to be smaller than predicted by Range wavenumber ERS [rad/m]
the deep water dispersion relation.

This leads to the question of whether, despite of the strong
scattering in the phase of the cross-spectrum phase, a reason-
able resolution of wave propagation ambiguity can be achieved.
The problem is analyzed by studying the cross correlation of
the cross-spectrum imaginary part 0) and the collocated
ECMWEF spectrum from the WAM model [34]. Only one-di-
mensional (1-D) spectra obtained by averaging over range and
azimuth respectively are considered. Fig. 17 shows the analysis
of the cross-spectrum for one day of complex data. The global
distribution of detected wave propagation directions for June
1, 1997, is shown in Fig. 16(a). The directions were derived 0.06 i 21l
by determination of the maximum in the cross-spectrum -0.06 -0.04 -0.02 0.00 0.02 0.04 0.06
imaginary part. The arrow lengths correspond to the respective Azimuth wavenumber ERS [rad/m]
maximum values. Fig. 17(a) shows a contour plot of the cross
correlation between the range cross-spectrum imaginary d‘a’gt 17. (a) Cross correlation in range direction between cross-spectrum

. imaginary part £ 0) and collocated ECMWF ocean wave spectrum. (b) Cross
(> O), and the CorreSpondmg range wave spectrum. It can &]ﬂ'elation in azimuth direction between cross-spectrum imaginary paix (
seen that the highest correlations are found along the diagoaali collocated ECMWF ocean wave spectrum.
plotted in dashed, while negative correlations are found in
the upper left and bottom right quarter. Although the absolute

. : . . “wave systems traveling in the azimuth direction to be shifted
correlation values are relatively small, showing a maximum

of about 0.6, this pattern indicates a reasonable propagat?gward lower azimuth wavenumbers in the SAR spectrum.
direction ambiguity resolution for waves travelling in range

direction. For the azimuth case, Fig. 17(b) shows a similar V1. SUMMARY AND CONCLUSIONS

behavior, although the correlation pattern is more stretched in

the azimuth direction of the ECMWF wave spectrum. This is In the present study, a first statistical analysis of wind and

due to the velocity bunching mechanism, which causes shadve measurement techniques using complex ERS-2 imagette
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data is given. The study shows both the potential as well as thes]
limitations of these methods.

Two techniques were applied to derive wind speed from im- 9]
agettes. The CMOD technique relies on the mean image inten-
sity and shows good results. The performance of the techniqué’l
will become even better if some prior information about the;4
wind vector is used and the imagettes is properly calibrated. The
impact of phenomena like slicks, sea ice, or atmospheric pro[—lz]
cesses on the CMOD method was analyzed. There is some evi-
dence that collocated ERS SCAT measurements are affected by
these phenomena. These effects are taken into account in sc&g!
terometer processing and quality control.

The CCA method is based on the analysis of the azimutin4]
correlation function. Range multilooking is used to remove the
speckle bias. Inhomogeneities detected on imagettes are takﬁg]
into account. The correlation between the measured image
smearing in azimuth and collocated SCAT wind measurement[s6
is reasonable. However, the method does not seem to be able jfo]
compete with the CMOD algorithm.

Ocean waves are studied using the cross-spectrum techniqu#’]
A good agreement is found between wave propagation direc-
tions derived from complex imagettes and collocated ECMWHz18]
wave spectra. Considerable scattering of the cross-spectrum
phase was observed, showing small agreement with theoretic%?]
predictions. It must be further investigated whether this be-
havior is a natural limitation of the cross-spectrum techniqué2°l
or if the performance can be improved by applying more
sophisticated processing techniques. [21]

The present study is one preparation step for the planned op-
erational use of ENVISAT imagettes at meteorological centers,
like ECMWF.

[23]
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