M easur ement of wave crest length and groupiness from
spaceborne Synthetic Aperture Radar

F. Monaldo
The Johns Hopkins University Applied PhysicsLaboratory, Laurel, MD, USA

Abstract. Most measurements of ocean surface wave variations are made in the
temporal domain, i.e wave height or slope as a function of time. By contrast,
a synthetic aperture radar (SAR) is capable of measuring waves in the two-
dimensional spatial domain at essentially a single instant. As a consequence,
SAR imagery affords us a unique opportunity to examine some of the non-linear
features of ocean surface waves. In this paper, we use spaceborne SAR imagery
from the Shuttle Imaging Radar-B (SIR-B) mission to estimate wave crest length
and groupiness. These features may contribute to the likelihood of encountering
an especially devastating large wave. After providing a specific procedure for
objectively computing these quantities, we find that the crest lengths are longer
and groupiness more prevalent that one would expect based on linear wave theory.

I ntroduction

The examination of the question of “rogue”’ or unexpect-
edly high ocean waves pushes us to the extremes of both
theory and measurement. On the one hand, useful approxi-
mations of linear wave theory or weakly nonlinear interac-
tions may break down under the extreme conditions associ-
ated with rogue waves. On the other hand, wave measure-
ment instrumentation, accurate for conventional waves, may
degrade under extreme conditions. Moreover, the measure-
ment of extreme waves, even when not encumbered within-
strument errors, occurs sufficiently infrequently that it is dif-
ficult to draw meaningful conclusions. One embarks on the
study of rogue waves cautioned by the observation attributed
to Nobel Prize-winning English chemist Sir Cyril Hinshel-
wood that the world is*“. .. divided into hydraulic engineers
who observed thingsthat could not be explained and mathe-
maticians who explained thingsthat could not be observed.”
Itislikely, therefore, that, in the short term, we will only be
able to address the questions surrounding rogue waves indi-
rectly and by inference.

If the ocean surface behaved linearly, if the waves as-
sociated with individual frequency components summed up
independently, the question of predicting the frequency of
occurrence of rogue waves would be straightforward. One
could take empirical or model ocean wave spectra, asso-
ciate uniformly distributed random phase elementswith each
spectral element and create simulated wave surfaces. The
probability of encountering especially large waves, by what-
ever convenient criteria one might choose, could be deter-
mined from the statistics of such simulated surfaces.

Waves, however, behave in accordance with their own
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physics, and are not constrained by what is convenient for
us to compute. Waves interact nonlinearly and a number of
investigators have suggested that these may contribute to an
increased occurrence of rough waves [Forristall, 2000].

Here we consider two properties that are a function of
nonlinear wave interaction and that may play arole in the
appearance of roguewaves: “long-crestedness’ and” groupi-
ness’ [Kriebel and Dawson, 1991]. A monochromatic have
would have an infinitely long crest. Crest lengths are con-
trolled by the broadness of the wave spectrum and the in-
teraction between waves. Groupiness is a measure of the
common observation that especially large waves can group
together. Groupinessis also dependent upon the degree non-
linear wave interaction.

In this paper, we describe how synthetic-aperture radar
(SAR) imagery can be used make spatial measurements of
waves, explain quantitative measures of long-crestedness
and groupiness, and demonstrate that by such measures the
observed long-crestedness and groupiness are greater than
would be expected on the basis of linear wave theory. This
work isan outgrowth of work performed by Monaldo [2000]
to assess the effect of ocean surface waves on large mobile
offshore platforms.

SAR waveimagery

To understand SAR wave imagery, it is perhaps best to
begin by consideration of a real-aperture side-looking radar
on a spaceborne or airborne platform. As the platform flies
inastraight line, a side-looking radar will image a swath on
the Earth’'s surface. Range resolution, or resolution perpen-
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dicular to the flight path, is obtained from fine-scale timing.
The distance from the platform to a point in the image swath
is determined by the return-trip travel time. For areal aper-
ture radar, azimuth, or along-the-flight-path direction, reso-
[utionislimited by the beam-width of the radar.

The angular beamwidth of aradar is approximately equal
to the ratio of the radar wavelength to aperture size, A /D.
Spaceborne SARs have operated at L-band (20 cm wave-
length) and C-band (5 cm wavelength). Even at C-band with
at 10 m long antenna, the angular field of view would be
0.005 radians. At a range of about 1000 km from the sur-
face, typica for spaceborne SARs, this angular resolution
would correspond to 5000 m azimuth resolution on the sur-
face, much too coarse to image waves and much larger than
the typical 25-m range resolutions possible. However, by
recording the received signal asthe platformfliesalong, itis
possible to “synthesize” the signal that might have been re-
ceived by akilometers-long antenna. The result isthe ability
of a SAR to create high-resolution radar cross-section im-
ages of the ocean surface.

At moderate incident angles, 20° to 60°, the normalized
radar cross section of the ocean surface is related to the sur-
face roughness on the scale of the radar wavelength pro-
jected on the surface, through a “Bragg resonance.” These
short waves are often referred to a “Bragg waves’ [Wright,
1960, 1968]. The rougher the surface the higher the cross
section. As a consequence, radar backscatter has been used
to estimate wind speed. However, anything that modul ates
these short waves or their aspect with respect to the radar
will be imaged.

Ocean waves have long been known to be visiblein SAR
images. Indeed, the original purpose of the SAR on the
Seasat satellitein 1978 was to image ocean waves. For long
(> 50 m) waves traveling in the range direction, the local
incident angle at the surface is modulated and so is radar
cross section. In addition, Bragg waves are modulated by
a hydrodynamic interaction with the longer underlying long
waves. To first order, thisradar cross-section modulation in
the range direction is proportional to long wave slope.

The imaging of azimuth-traveling waves is more inti-
mately tied to the way a SAR achieves high azimuth reso-
lution. Consider for example a single bright scatterer within
a SAR image swath. As the SAR platform passes past the
point, the relative velocity or Doppler frequency changes,
reaching zero when the along track position of the SAR and
the scatterer coincide. It is at this azimuth position that the
scatterer is located in the SAR image. If the scatterer is
moving towards or away from the radar, then the position
of zero Doppler shift will be different and the scatterer will
be placed at a different azimuth position in the image. The
azimuth position shiftisequal to Rv,/V where Ristherange
between the satelliteand the surface, V isthe platform vel oc-
ity and vy, the velocity component in the radar line-of-sight
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direction [Harger, 1970].

Thisrepositioning of reflected energy can make azimuth-
traveling waves visiblein SAR imagery. The orbital velocity
of the ocean surface waves imposes a velocity on the Bragg
waves and causes their apparent positionsin the SAR image
to be displaced. The periodic variation in velocity concen-
trates and dissipates the the density of surface scatterers at
the same spatial frequency as the long ocean waves, render-
ing azimuth-traveling waves visible [Alpers and Ruffenach,
1979; Swift and Wilson, 1979].

To first order, the change in apparent radar cross section
with for azimuth-traveling waves is al so proportional tolong
wave slope. However, when the wave heights get too large,
wave orbital velocitiesalso grow large, and the scatterers can
be shifted more than one long ocean wavelength in azimuth.
This effectively degrades azimuth resolution. Beal et al.
[1983] empirically showed that the minimum detectable az-
imuth wavelength by a SAR, Amin isgiven by

Aenin = 1[m1/2/s]\5;H§/ 2 (1)

where Hs is ocean significant wave height.

This latter limitationisacrucia factor in SAR wave im-
ages. For polar-orbiting free-flying SAR satellites, R/V is
about 120 s. For a Hs = 4 m, the minimum detectable az-
imuth wavelength is 240 m, with resolution further degrad-
ing in higher sea states. Fortunately, in 1984 and twice in
1994, NASA flew SARs on space shuttlesin low 220-km or-
bits, as part of the Shuttle Imaging Radar (SIR-B and SIR-C)
missions. At thislow altitude, R/V was approximately 35s.
Now in a4-m sea state, the minimum detectable wavelength
decreases from 240 m to 70 m, drastically increasing the
SAR'’s ability to measure waves in high sea states. A com-
prehensive discussion of SAR wave imagery can be foundin
Lehner and Ocampo-Torres [2003].

In this paper, we consider SIR-B imagery in the vicin-
ity of Hurricane Josephine from October 12, 1984. We use
these data to make estimates of ocean wave crest lengthsand
groupiness.

Estimation of crest lengths

Procedure

Typically, crest lengths are a function of the shape of the
wave spectrum. Narrow wave spectra produce long-crested
waves. Broad spectraresult in shorter wave crests. |nthe ob-
vious narrow-spectrum limit of a single spectral component
— asine wave — the crest lengths are infinite. The phases
of the individual wave spectral elements also contribute to
crest length. Here we explain a procedure for estimating
crest length that produces repeatable results that are con-
sistent with human eye estimates of crest length. Figure 1
illustrates the estimation of crest lengths. The left side of
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Figure 1 is a gray-scale representation of a sample 3.2 x 3.2
km SAR image in the vicinity of Hurricane Josephine on
October 12, 1984. Waves are clearly visible.

The estimation of crest length statistics from wave im-
agery relies on two basic steps: the filtering of imagery so
that crests are conspicuously identified as separate “blobs’
and the estimation of crest length statisticsfrom these blobs.
Though the procedures are applied here to SAR imagery,
they can be applied in general to any spatial image of waves.

We begin by Fourier transforming the SAR intensity im-
age (proportional to normalized radar cross section). Let
I (x,y) represent SAR image intensity a function of range, X,
and azimuth, y, position. F(ky, ky) is the Fourier transform
of I where ks and ky are range and azimuth wavenumber,
respectively.

We then construct a high-passfilter, Hi(ky, ky), such that

1 ifk>kpy
Hl(kX7 ky) = { 0 Otheerir;n (2)

where k is wavenumber magnitude and ki, represents the
smallest wavenumber of interest. Essentially, we eliminate
low spatial frequency variations of SAR image intensity.
Typically, we set kmin = 27/1600 m. Image variations at
wavelengths longer than 1600 m are thus removed.

We remove some of the remaining image speckle noise by
thresholdingthe image spectrum, S(k, ky), whichisgiven by

S(Kkx, ky) = F (kx, ky)F* (kx, ky) - (3

The threshold level, Ts is given by Ts = us+ Acs where
A is an adjustable parameter, and us and os are the mean
and standard deviation of the spectral values, respectively.
Setting A = 3 has proven successful for eliminating speckle
noise. We now define a second spectral filter as.

1 ky, ky) > T
etk ={ o ot @

We apply these filters to the original Fourier transform
and compute anew Fourier transform, F’(ky, ky) given by

F (ky, ky) = Ha (K, ky)Ha(ky, ky)F (kg ky) (5

The inverse Fourier transform of F’(ky, ky) produces an im-
age from which low-frequency variations are removed and
image noise aleviated. Of course, this resulting image
shows continuous intensity variations. To define crest ar-
eas, we threshold the image using a level T, defined by
Ti = w + Boy where B is an adjustable parameter, that we
have set to 1. Images values above the threshold are consid-
ered crests.

On the right side of Figure 1, every pixel either is or is
not identified as part of a crest. Each spatially contiguous
set of pixelsidentifies a crest area, which we call a “blob”

At this point, we fit each blob to an ellipse and compute the
semi-major and semi-minor axes, the eccentricity, and the
orientation of the ellipses. Ellipsesthat cover an area greater
than 150 m? and that are oriented within 15° of the dominant
wave direction are retained.

Crest length results

We applied this procedure to estimate the long-crested-
ness of waves in the vicinity of Hurricane Josephine. How-
ever, the real question is how these results compare with
what we might have expected purely on the basis of the spec-
tral width. To simulate this, we begin with a spectrum com-
puted from an observed image. We assume that this spec-
trum is but a single realization of the ensemble mean spec-
trum which represents the surface.

In this single realization, each spectral element is a ran-
dom variable having a y?-distribution with two degrees of
freedom. The mean of thisdistributionisthe ensemble mean
spectral value. We approximate this ensemble mean spec-
trum by smoothing the observed spectrum with a 20 x 20-
pixel Gaussian filter. We can then simulate an ensemble of
spectra whose mean is consistent with the observed spec-
trum. For each spectrum in the ensemble, every spectral el-
ement has an independent phase.

Figure 2 is a plot of the number of crests per unit area
having a crest length longer than the abscissa. The solid
linewas computed for a SIR-B SAR image in the vicinity of
Hurricane Josephine. The light gray lines represent the re-
sult of simulations. Whether because long wave dispersion
has caused the phasing of the wave components to be cor-
related or because of nonlinear wave-wave interaction, the
SAR wave imagery considered here show crest lengths sub-
stantially longer than would have been expected on the basis
of the shape of the wave spectrum alone. Although we have
not applied a formal statistical significance test, it is clear
from Figure 2 that the observed long-crestednessis not from
the same population as the simulated estimates.

Wave groupiness

If waves at different wavelengths are independent of
one another, one consegquence is a Gaussian distribution of
wave heights and wave slopes. Examining wave buoy wave
records, Phillipset al. [1993] compared deviations of mean
wave profiles from Gaussian statistics. If wave heights have
a Gaussian distribution, it is possible to estimate the likeli-
hood of encountering an especially large wave and the like-
lihood of a sequence of large waves. Phillips et al. [1993]
found reasonable agreement between the buoy records and
their expectations for a Gaussian sea.

Phillips et al. [1993] related the mean height profile of
the surface to the temporal autocorrelation function of the
wave field. Here, we are not limited to atemporal wave field
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Figure 1. Sample image acquired from SIR-B of waves in the vicinity of Hurricane Josephine. Thisimage covers 256 x 256
pixelsor 3.2 x 3.2kmin area. Theleft sideisthe original SAR image intensity. The right side shows the wave crestsin light

gray that have been fitted to ellipses outlined in white.
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Figure 2. The number of crests per unit area having a crest
length longer than the abscissa. The thick linerepresents the
estimate from the data, the lines represent the predictions of
simulations. Data were acquired in the vicinity of Hurricane
Josephine.

from buoy data, but are afforded the luxury of a full two-
dimensional spatial wavefield. In keeping with the devel op-
ments of Phillipset al. [1993], we decided to use the spatial
autocorrelation of the wave field, as measured by a SAR, to
determine if large waves are likely to group together.

Nonetheless, the use of autocorrelation techniques, as-
sumes that the ocean surface is spatially stationary. Ques-
tions of ocean wave spatia and temporal stationarity and
wave groupiness were considered by Donelan et al. [1996]
and Molle-Christensen and Ramamonjiarisoaas[1978].

To first order and especialy for SAR geometries hav-
ing low R/V ratios, image intensity is proportional to wave
dope. We begin by assuming here that thisistrue. Later in
this paper, we will return to this question and demonstrate
that this assumption does not lead us to any false conclu-
sions.

Let I (x,y) beatwo-dimensional image intensity field that
isafunction of coordinates x and y. In general, the normal-
ized autocorrelation function is represented by

X rY
RIK.y) = 10 o I(X,y)l)(é;z(,yvﬂ/)dxdy ©

in the limit of X and Y going to infinity. The quantity ¢ ?
is the variance of 1(x,y) and X and Y are the lengths of the
two-dimensional field in the x and y directions, respectively.
This function describes how correlated different parts of the
image are when separated by X and Y.
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AsxX =y =0, RX,¥) goesto 1. A point is per-
fectly correlated with itself. For purposes of computa
tional efficiency, autocorrelation functions were computed
from the spectrum of the image. If we alow I(x,y) to
represent an image, F(k,ky) its Fourier transform, and
S(kx, ky) = F (Kx, ky)F*(kx, ky) its spectrum, then the auto-
correlation function can be written as

R()(A/) = Fil{s(kh ky)} ) (7)

the inverse Fourier transform of the spectrum [Bendat and
Piersol, 1993].

We now compute the spatial autocorrelation function of
the SIR-B SAR image shown in Figure 1. We first remove
the low-frequency energy in the spectrum for wavelengths
longer than 1600 m. We then compute the two-dimensional
autocorrelation function. The result is shown in Figure 3.
Zero spatial lagis at the center of Figure 3. Note that the au-
tocorrelation function shows oscillatory behavior near zero
lag. A wave crest at any particular positioniscorrelated with
other wave crests, one, two, or more wavelengths away. The
correlation decreases for larger lags.

To make the groupiness measured by the spatial autocor-
relation more apparent, we rotate the autocorrelation func-
tion in Figure 3 so that the wave propagation direction is
vertical. The autocorrelation functionisthen averaged along
the horizontal direction. Figure 4 is the result. The oscil-
lations in this curve every few hundred meters are clearly
visible. In addition, there is an envelope modulating these
oscillations. This envelope has a spatial wavelength of ap-
proximately 2500 m. This suggests the ocean waves in this
scene group together in groups of 2500 min length. Thisen-
vel ope modul ation does not appear when the autocorrel ation
function is projected in other directions.

Beforewe can draw conclusions about ocean surfaces, we
need to understand whether the observed behavior of the au-
tocorrelation function is a consequence of the waves on the
surface or an artifact of either theimage processing steps ap-
plied to SAR imagery or to non-linearitiesin the SAR wave
imaging process.

To test the dependence of these results on high-passfilter-
ing, we applied high-passfilters with various |ow-wavenum-
ber cutoffs. Figure 5 isa plot of the collapsed autocorrela
tion function for different low-wavenumber cutoffs, ranging
from 4000 to 100 m

Note that the modulating envelope remains the same in-
dependent of the high-pass cutoff wavelength, until we em-
ploy a cutoff of Ac = 100 m. Thus, these measurements
of groupiness are robust in the face of different levels of
smoothing.

It is possible that the cause of the observed groupiness
is phase correlations between different waves components
adding up so as to make waves bunch into groups. If each
component in the wave spectrum has a phase that was uncor-

Figure 3. Two-dimensional autocorrelation of a SIR-B SAR
image in the vicinity of Hurricane Josephine. The center of
the image represents zero spatia lag.
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Figure 4. One-dimensiona projection of the autocorrela-
tion function versus lag distance computed from the two-
dimensional autocorrelation function in Figure 3.
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Figure 5. The collapsed autocorrelation function for various
high-passfilters.

related to other phase components, then this source of wave
groupiness would not be possible.

We tested this assertion using a simulation. We begin
with the original image spectrum. We dlightly smoothed this
spectrum with a Gaussian filter to create an estimate of the
ensemble mean image spectrum. For each spectral compo-
nent in this ensemble mean, we randomly select an ampli-
tude and phase. The phases are uniformly distributed be-
tween 0 and 27 and the square of the amplitude has a y -
distribution with 2 degrees of freedom. The mean of this
x2-distribution is equal to the value of the ensemble mean
spectrum at each particular spectral component. This al-
lows us to produce any number of Fourier transforms whose
mean spectrum is consistent with the ensemble mean spec-
trum. The phase value for each element of the transform is
independent of any other spectral elements.

When we performed these simulations, the resulting au-
tocorrel ation functions exhibited none of the groupiness ob-
served in the actual SAR imagery. Thus, we are strongly
disposed to associate such groupiness to the nature of ocean
surface waves, not processing artifacts.

Discussion of SAR wave-imaginglinearity

In a convenient world, the relationship between ocean
surface wave slope and SAR image intensity would be linear.
However, even for the most linear of SAR geometries (low
R/V ratios), the mapping is not perfectly linear. Could the
observed crest length statistics and groupiness behavior pre-
sented in this paper be a consequence of the lack of perfect
linearity?

We conclude not, because such a point-by-point nonlin-
earity would manifest itself most prominently as a harmonic
in the image spectrum. Such harmonics are not present in
the images we used. Moreover, if such a nonlinearity were
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present, we see no way that such a mechanism could intro-
duce large-scale spatial correlations on the order of several
kilometers.

Additional nonlinearity is introduced because of the way
SARs achieve high azimuth resolution: by relying on the
relative motion between the surface and the SAR platform.
Could the SAR azimuth image formation process introduce
the several kilometer scale variations observed in the auto-
correlation function? Could the SAR be remapping radar
Cross section on spatial scales of several kilometers?

We dismiss this latter possibility by observing that the
large-scale spatial correlationsare maximized along the wave
propagation direction, not the SAR azimuth direction.

Conclusions

The probability of encountering rogue waves depends, in
part, on nonlinear wave-wave interactions. These interac-
tions a so influence the properties of wave long-crestedness
and wave groupiness. We have demonstrated here, that high-
resolution SAR imagery indicates that waves are longer-
crested and group together in excess of what would be ex-
pected if there were no nonlinear interactions. Moreover,
theimpact of large waves is certainly dependent on the crest
length and whether such waves group together. We have pro-
vided evidence that the observed behavior is most probably
a consequence of the nature of the ocean surface and not of
SAR imaging artifacts or the way we processed the data.

Nonetheless, the limited amount of data we have pro-
cessed thus far is anecdotal in nature. SAR wave imagery
over the entire ocean needs to be considered before more
statistically significant conclusions can be drawn.
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