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Validation of two algorithms to retrieve ocean
wave spectra from ERS synthetic aperture radar
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Abstract. Wave spectra that are retrieved from ERS-1/2 synthetic aperture radar
(SAR) wave mode observations with two different algorithms are validated against
6 years of buoy observations. The Max-Planck Institut fiir Meteorologie (MPIM)
algorithm, which runs operationally at the European Centre for Medium-Range
Weather Forecasts (ECMWF), is found to deteriorate the quality of the WAM
spectrum which is used as a first guess. The Semi-Parametric Retrieval Algorithm
(SPRA) does not use a first-guess spectrum. For wavelengths which are observed by
the SAR, it has a skill comparable to WAM. Several causes for the poor performance
of the MPIM scheme are suggested. First, despite the fact that the SAR generally
does not resolve the wind sea peak, the MPIM scheme allows for independent
adjustment of its energy and peak frequency. Second, by using the quasi-linear
approximation in the inversion, the scheme is inclined to interpret the SAR signal
at low wave numbers as swell, whereas often it is generated by waves at higher
wave numbers via nonlinearities in the SAR mapping. Third, the MPIM scheme is
not able to adjust the spectral width of wave systems. The SPRA scheme retrieves
swell information only up to a 180° directional ambiguity, and the SPRA retrievals
often contain a spectral gap between the shortest waves observed by the SAR and
the parameterized wind sea. In conclusion, the retrieval scheme performing best is
the SPRA scheme, which has an accuracy comparable to WAM model output for
the longer-swell waves.

1. Introduction every 200 km along their tracks. The 1500 imagettes
that are collected daily contain valuable information on
the spectral and angular distribution of the energy of
ocean surface waves, in particular, of the swell waves
longer than 200 m. Important potential applications of
this unique data set include the computation of global

wave statistics for climate atlases and the improvement

of sea state analyses by operational wave models.
However, it is not straightforward to derive the two-

dimensional wave spectrum from the SAR observation.

Satellite synthetic aperture radar (SAR) is the only
source of spectral wave measurements with a global cov-
erage. Since the launch of ERS-1 in 1991, the Euro-
pean Remote Sensing satellites ERS-1 and ERS-2 have
supplied a continuous stream of SAR observations of
the sea surface. Operating in the so-called wave mode,
ERS-1 and ERS-2 acquire small, 5 by 10 km images
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The orbital motions of the surface waves cause a Doppler
shift in the reflected radar signal. As a SAR inter-
prets such Doppler shifts as displacements in the az-
imuthal direction, the image of the ocean surface gets
distorted. Hasselmann and Hasselmann [1991] (here-
inafter referred to as HH91) and Krogstad [1992] de-
rived a closed expression for the “forward mapping” of
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a wave spectrum onto the observed SAR spectrum (the
autospectrum of the SAR image). Owing to the in-
terference of the orbital motions with the SAR image
formation, this mapping is nonlinear in the ocean wave
spectrum. HH91 show that the orbital velocities of all
wave components, including the ones not resolved by
the SAR, cause a degradation of the azimuthal resolu-
tion. The nonlinearity of the SAR mapping also causes
energy of short-wave components to be transferred to
the long-wave part of the SAR spectrum. These two ef-
fects imply that the inversion of the SAR-to-wave map-
ping relations has no unique solution. To interpret a
SAR image spectrum in terms of an ocean wave spec-
trum, assumptions have to be made on the spectral level
of wave components that are not resolved by the SAR.
In addition to the nonlinear effects, the autospectrum of
the “frozen” SAR image only allows the wave propaga-
tion direction to be determined up to a 180° ambiguity.

In order to retrieve an ocean wave spectrum from an
observed SAR spectrum, additional information is nec-
essary. Various inversion methods can be formulated,
differing in the kind of additional information (model
spectra, other observations) that is used, in the relative
weight that is given to the various data and in the search
strategy for the optimal solution. The performance of
any of these methods can only be judged by compar-
ison of their results against independent information,
either from collocated in situ or satellite measurements
or from model predictions.

Several different retrieval algorithms have been de-
veloped over the past decade. The first one, developed
at the Max-Planck Institut fiir Meteorologie (MPIM)
in Hamburg, was published by HH91 (an adapted ver-
sion is described by Hasselmann et al. [1996]). The
basic idea of this algorithm is to start with a wave spec-
trum from the numerical wave model WAM (WAMDI
Group, 1988 ; Komen et al, 1994) and to change
this wave spectrum iteratively so that its SAR im-
age spectrum matches the observed SAR spectrum.
Krogstad et al. [1994] employ a similar approach but
simplified the iteration procedure by approximating the

full nonlinear SAR mapping by the quasi-linear ver-
sion. The quasi-linear mapping (HH91) ignores the non-
linear transfer of energy between different wave com-
ponents but does account for the degradation of the
azimuthal resolution. In a third inversion strategy,
called Semi-Parametric Retrieval Algorithm (SPRA),
the SAR observation is combined with a wind measure-
ment from the scatterometer [Mastenbroek and de Valk,
2000]. Apart from the parameterized wind sea, this
method only yields the wave components resolved by
the SAR, and it is not able to resolve the 180° ambigu-
ity in the propagation direction of the swell.
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Very little is known about the relative skill of the dif-
ferent retrieval algorithms. In the work of Bauer and
Heimbach [1999] the significant wave heights retrieved
with the MPIM scheme are compared with altimeter
measurements. They find that the significant wave
heights of the Topex altimeter and the MPIM ERS-1
SAR retrievals agree “remarkably well.” However, it is
difficult to relate the reported validation results to other
sources of spectral wave data. A second problem with
the validation of only one integrated parameter like the
significant wave height is that it gives very limited in-
formation on the spectral capabilities of the retrieval.

Another very indirect way to assess the performance
of a SAR inversion scheme is through assimilation of
the SAR data into a wave model, followed by a valida-
tion of the model results with and without assimilation
against independent data. Using the MPIM inversion
scheme for SAR data, Dunlap et al. [1998] performed
an assimilation experiment in the North Atlantic, but
the wave height analysis did not improve convincingly
when compared with buoy data or altimeter wave height
data. In the work of Hasselmann et al. [1997] and Bauer
et al. [1997] some positive impact of SAR data assimila-
tion was reported, but only in a comparison against the
SAR wave spectra themselves and hence without refer-
ence to independent data. Breivik et al. [1998], finally,
conducted a SAR assimilation experiment in the north-
east Atlantic by using the inversion method of Krogstad
et al. [1994]. On average, the results showed neutral
impact of the assimilation when compared with either
ERS-2 altimeter data or two measurement buoys. In
some extreme cases a positive impact was found, but
the statistical significance of these results is not clear.
In summary, assimilation experiments conducted un-
til now do not conclusively show that wave analyses
and forecasts improve owing to SAR assimilation. From
these studies alone, it cannot be decided whether this is
due to SAR measurement errors, the retrieval method,
imperfections in the assimilation methods, or simply the

limited coverage of the SAR observations.

In the present study the MPIM and the SPRA scheme
are validated simultaneously to allow for an appraisal of
the two different strategies. The retrieved wave spectra
are compared with energy density spectra from 39 buoys
located in various ocean basins. As a reference, spec-
tra from the WAM model that runs operationally at the
European Centre for Medium-Range Weather Forecasts
(ECMWF) are included in the validation. In section 2
a short description of the methods is given, including a
summary of the available validation results. Section 3
describes the data sets used for the comparison. Vali-
dation results over a 5-year period are given in section
4. We discuss the results in section 5 with the help of
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a few examples of the inversion. Finally, we summarize
the main conclusions in section 6.

2. Retrieval Schemes
2.1. MPIM Method

The original MPIM scheme (HH91) was the first
SAR-to-wave retrieval method ever. It has been im-
plemented at various research institutes and is running
operationally at ECMWF. The scheme uses a first-guess
spectrum from a wave model to fill in the missing infor-
mation in the SAR spectrum. It finds the “retrieved”
or “best guess” wave spectrum by minimizing a cost
function which consists of two terms. One term pe-
nalizes the difference between the observed SAR, spec-
trum and the SAR spectrum corresponding to the trial
wave spectrum, and the other term penalizes the differ-
ence between the first-guess wave spectrum and the trial
wave spectrum. The SAR spectrum of the trial wave
spectrum is calculated with the full nonlinear mapping
relation. In contrast, a quasi-linear approximation of
the wave-to-SAR mapping relation is used for the cal-
culation of the gradient of the cost function, which is
necessary to obtain a search direction for minimization.

An adaptation to the original scheme was published
by Hasselmann et al. [1996). It differs in two impor-
tant ways from the original scheme. First, a term is
added in the cost function which penalizes the differ-
ence in azimuthal cutoff wave number of the observed
and trial SAR spectrum. To minimize this term, the
entire wave spectrum can be rescaled by a constant fac-
tor. Second, an extra iteration loop is added to the
minimization procedure. After minimization of the cost
by the old, “inner” iteration, both the first-guess and
the “inverted” spectrum are separated into individual
wave systems by using a partitioning technique. Then
the first-guess wave systems are shifted and rescaled to
match the mean parameters of the wave systems in the
“inverted” spectrum. This new spectrum is used as a
new first guess for the next iteration, and so forth. The
result of the extra iteration loop is that the transition
from the observed to the unobserved parts of the spec-
trum is smoother and that the resulting wave spectrum
is less dependent on the initial first-guess spectrum.

The MPIM scheme which is used in the present com-
parison is the adapted scheme, with minor changes to
the version described in the references given above. The
main change was in the calibration of the SAR. spec-
trum, i.e., the calculation of the normalized spectrum
from the uncalibrated wave mode product using an esti-
mate of the clutter noise (HH91). The calibration factor
was enhanced by 1.7% (P. Heimbach, personal commu-
nication, 1998), yielding slightly larger wave heights.
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In the work of Heimbach et al. [1998] the performance
MPIM retrieval in combination with the operational
ECMWF WAM model is assessed. It is reported that
about a quarter of the SAR wave observations are re-
jected: in 15% of those cases no proper solution is found,
and in 10% the wave height was considered to be too
low. On the basis of a 3-year global data set it is con-
cluded that the MPIM scheme on average overestimates
the wave height with respect to WAM, especially for
cases characterized by low swell. Dunlap et al. [1998],
who also use a version of the MPIM scheme, report
a 10-12% overestimation of the significant wave height.
Bauer and Heimbach [1999] present a comparison of the
significant wave height retrieved with the MPIM scheme
with two altimeters (ERS-1 and Topex/Poseidon) for
the year 1994. Using a relatively narrow collocation
window of 60 km and 1 hour, they find an uncorrelated
RMS error of 0.50 m between the SAR retrievals and
the data from the Topex altimeter. It is difficult to as-
sess the extent to which the SAR has contributed to this
skill, as no comparison is presented between the first-
guess WAM spectra and the altimeter measurements.
Using a different data set of only a single month (May
1993), Bauer and Staabs [1998] find an RMS error be-
tween WAM and Topex of 0.37 m, some 25% smaller
than that found in the comparison between the MPIM
retrievals and Topex by Bauer and Heimbach [1999].
The average wave height in both samples was almost
equal (2.8 m). Even though coarser collocation criteria
were used in the WAM-Topex validation (200 km and
3 hours), it is difficult to draw conclusions from this re-
sult owing to the difference in data sets that were used.

2.2. SPRA Method

The SPRA retrieval scheme [ Mastenbroek, 1998; Mas-
tenbroek and de Valk, 2000] was developed to allow in-
version of the SAR spectrum without need of a first-
guess wave spectrum. Instead, the collocated wind ob-
servation from the ERS scatterometer is used to con-
struct a first guess of the high-frequency wave compo-
nents. The method is based on the observation that the
nonlinearity of the forward mapping relation is mainly
caused by the high-frequency components (wind sea),
which have the highest orbital velocities. The mapping
of additional swell is nearly linear (that is, tangent lin-
ear to the nonlinear transformation of the wind sea).
This leads to the following two-step approach:

e A cost function is minimized which penalizes the
difference between the observed SAR spectrum
and the SAR spectrum corresponding to a para-
metrized wind sea spectrum [Donelan et al., 1985].
The tunable parameters for the wind sea spectrum
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are the stage of development, or “wave age,” and
the angle between the wind and the propagation
direction of the wind waves. Initially, it is as-
sumed that the wind sea is fully developed and
that the wind waves propagate in the wind direc-
tion observed by the scatterometer. Using the full
nonlinear forward mapping, the optimal values for
the wave age and propagation direction are found
by minimizing the difference between the observed
and calculated SAR spectra.

e The swell is calculated from the residual spec-
trum, i.e., the difference between the observed
SAR. spectrum and the SAR spectrum of the es-
timated wind sea. In this step, the tangent linear
transformation is used; so it can be carried out
without iteration.

In some cases, the swell does have a significant contri-
bution to the total orbital velocity and hence to the
azimuthal cutoff. Therefore the procedure above is
iterated once. A drawback of the method is that a
180° ambiguity in the wave propagation direction of
the swell cannot be resolved. For this, additional infor-
mation (e.g., from a wave model) will be required. It
should be noted here that processing of the raw SAR
signal in principle allows resolving the 180° ambiguity
through cross-spectral methods [Engen and Johnsen,
1995]. Unfortunately, this information cannot be re-
trieved anymore from the standard form in which the
ERS SAR measurements are distributed, the European
Space Agency’s SAR Wave Mode Product.

Mastenbroek and de Valk [2000] provide a comparison
of the retrieved wave spectra with buoy data. For their
validation they used a 5-year period (1993-1998) and
data from 11 NOA A buoys located in the Pacific and the
Atlantic. The significant wave height is underestimated
by 0.30 m (on an average wave height in the sample of
2.5 m). This is attributed to the fact that the SPRA
scheme misses swell components shorter than 100 m.

Table 1. List of the 39 Buoys Used in the Validation
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The standard deviation is 0.70 m, which is comparable
to the standard deviation of 0.75 m in the Topex-MPIM
comparison of Bauer and Heimbach [1999]. The SPRA
retrieval of the height of waves longer than 12 s has a
negligible bias and a standard deviation of 0.40 m.

The MPIM and SPRA methods are different in many
respects. One interesting aspect is the different con-
straints put on the retrieved wave spectrum. The SPRA
scheme puts severe constraints on the wind sea part
of the spectrum: this must be of the spectral form of
Donelan et al. [1985). The swell, on the other hand, can
be matched bin by bin to the observed spectrum. In
contrast, the MPIM method treats wind sea and swell
on an equal footing: all wave systems can be shifted
and rescaled to match the SAR spectrum, but on the
other hand, the spectral form of every wave system is
kept equal to the form of the corresponding first-guess
wave system.

3. Data Sets
3.1. SAR and WAM Data

ERS SAR data have been obtained from ECMWF,
together with the collocated wave spectra from the
ECMWEF global WAM model, which are necessary for
the MPIM inversion. The collocated ERS scatterome-
ter wind observations have been obtained from the In-
stitut Francais de Recherche pour I’Exploitation de la
Mer (IFREMER). The data set starts in April 1993
(before that date, no WAM collocations were available)
and ends in May 1998, when version 2 of the SAR Wave
Mode Product was introduced.

Standard validation of the ECMWF WAM model
against buoys shows the model to have a slight neg-
ative bias of about 0.2 to 0.3 m in its significant wave
height [Janssen et al., 1996]. The standard deviation
of the significant wave height error in most regions is
about 15% of the mean significant wave height. Near
the east coast of the United States the scatter is larger

Source® Region Buoy

NOAA Pacific 46001, 46002, 46003, 46005, 46006, 46025, 46035, 46059

MEDS Pacific 46004, 46184

NOAA Hawaii 51001, 51002, 51003, 51004, 51026, 51028

NOAA Atlantic 41001, 41002, 41004, 41006, 41010, 44004, 44005, 44008, 44011, 44014

MEDS Atlantic 44137, 44139, 44141

RWS North Sea North Cormorant, AUK, K13

MHL Australia Byron Bay, Coffs Harbour, Crowdy Head, Sydney, Port Kembla, Batemans Bay, Eden

aNOAA, National Oceanic and Atmospheric Administration; MEDS, Canadian Marine Environmental Data Service;

RWS, Rijkswaterstaat; MHL, Manly Hydraulics Laboratory
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Figure 1. Locations of the 39 buoys used in the validation.

(25%), which is attributed to a larger spatial and tem-
poral variability in the wave field due to strong currents.

3.2. Buoy Data

Wave spectra have been collected from 39 buoys along
the U.S. and Canadian east and west coasts (National
Oceanic and Atmospheric Administration (NOAA), Cal-
ifornian Coastal Data Information Program, and the
Canadian Marine Environmental Data Service), near
Hawaii (NOAA), in the North Sea (Dutch coastal au-
thorities), and at the Australian east coast (Manly Hy-
draulics Laboratory). The buoys are listed in Table 1;
their locations are depicted in Figure 1.

Most of these buoys are nondirectional: only fre-
quency spectra are available. The few buoys that do
measure directional information are mostly located close
to the coast, which puts rather severe constraints on the
SAR-buoy collocation criteria. Therefore we limit the
validation of the spectra to the frequency spectra.

3.3. Collocation Criteria

To validate the SAR inversions against buoy data, we
have chosen as collocation criteria a maximum time dif-
ference of 30 min and a maximum distance of 80 km be-
tween buoy and SAR measurement. These rather strict
criteria were taken since some buoys are located rather
close to the coast, which means that spatial gradients
of wave parameters can be substantial. Furthermore,
we selected only those SAR spectra for which both the
collocated ERS scatterometer wind observations and
WAM spectra were available, so that both schemes were
able to carry out the inversion. Finally, the SPRA
scheme has a quality control mechanism which rejects
about 10% of the spectra owing to slicks and other non-
wave features [Mastenbroek and de Valk, 2000]. We
have removed those spectra also in the validation set
for the MPIM scheme, first, because the quality con-

trol (QC) parameter of the MPIM scheme (see below)
generally indicates low quality for these spectra as well
and, second, because validation of MPIM retrievals for
these spectra against buoy data shows much lower per-
formance than average MPIM performance. A total of
1860 spectra matched the above criteria. The MPIM
QC parameter was not used to further reject inversion
results. Alternatively, the quality of the inversions is
studied as a function of this parameter in section 4.2.3.

4. Validation Results 1993-1998
4.1. Significant Wave Height

Figure 2 shows scatter plots and statistics of buoy sig-
nificant wave height (H,) measurements versus WAM
results and MPIM and SPRA retrievals. The NRSME

is the RMS error normalized with the RMS significant
wave height measured by the buoy.

Clearly, the WAM model results for this parameter
are better than the SAR retrievals, both in terms of the
bias and in terms of the standard deviation. Appar-
ently, the MPIM scheme is not able to improve on the
quality of the significant wave height of its first guess.
The wave height of WAM is increased on average by
20% by the MPIM scheme, twice the value reported by
Dunlap et al. [1998]. The scatter is some 25% lower in
the WAM results than in the MPIM retrievals, which is
consistent with the tentative conclusion that was drawn
in section 2.1 on the basis of the comparison with the
altimeter data. The standard deviation that we find,
0.75 m, is exactly equal to that reported by Bauer and
Heimbach [1999).

The validation results for the significant wave height
retrieved by the SPRA scheme are slightly worse than
those reported by Mastenbroek and de Valk [2000]: both
the negative bias and the standard deviation are some-
what larger. This may be caused by the larger max-
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Figure 2. Scatter plots of H, values from (top) WAM, (middle) MPIM retrieval and (bottom)
SPRA retrieval versus buoy measurements.
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Station: ALL

N: 1860
Mean buoy: 2.44
Bias: -0.16
St.dev.: 0.56
NRMSE: 21 %
CORR: 0.89

Bias: 0.31
St.dev.: 0.75
NRMSE: 30 %
CORR: 0.81

Bias: -0.38
St.dev.: 0.74
NRMSE: 30 %
CORR: 0.83
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imum collocation distance used in the study (80 km
compared with 60 km), and by the fact that the present
validation also includes buoys close to the shore, where
the spatial variability may be larger than that on open
ocean.

4.2. Low-Frequency Wave Height

4.2.1. Overall statistics. Owing to the degrada-
tion of the azimuthal resolution, waves shorter than a
certain cutoff length traveling in the azimuthal direc-
tion are invisible to the SAR. For the ERS SAR, az-
imuth traveling waves shorter than approximately 150-
200 m are visible only under light wind conditions. To
do a bulk comparison, it is therefore useful to assess the
quality of the SAR retrievals for waves longer than this
threshold. For this purpose, we define the low-frequency
wave height H, in the following way:

1/12Hz 1/2
H12=4{ / F(f)df} . (1)

This parameter incorporates the energy of all wave com-
ponents with a period longer than 12 s, hence with a
wavelength longer than 225 m in deep water.

Statistics for Hjo are shown in Figure 3. As was
the case with the significant wave height, we find that
the WAM estimates compare better with the buoy data
than the MPIM retrievals. The WAM results for the
long-wave components are almost bias free; the MPIM
retrievals have a bias of 0.35 m, which is more than 40%
of the average value of Hy;. The standard deviation
of Hys retrieved by the MPIM scheme is 15% larger
than that of its first guess. The quality of the MPIM
retrievals is worse than the WAM results, even when
we consider only the wave components resolved by the
SAR.

The statistics of the SPRA scheme for the H;» pa-
rameter are comparable to those of the WAM model.
As the SPRA does not use WAM spectra as an input,
this means that it derived this skill from the SAR data.
Hence the fact that the MPIM scheme deteriorates the
quality of the WAM spectra cannot be blamed on the
SAR observations, as the SPRA scheme extracts the
H,, parameter from these observations with a skill com-
parable to that of WAM. Both WAM and SPRA have a
tendency to underestimate high values of Hya: for the
subset of cases larger than 2 m, both models have a
negative bias of 0.50 m compared with the buoy mea-
surements.

The most striking outcome of the above validation
is that the MPIM scheme performs worse than WAM,
despite the fact that the MPIM scheme uses WAM spec-
tra as a first guess. In the next section we will try to
analyze the reasons for this unexpected behavior. At
this point, however, we will show that, even though the
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MPIM statistics are unfavorable with respect to those
of WAM, the MPIM retrievals do actually contain inde-
pendent information. Let us first assume the contrary,
i.e., that the MPIM result is only the WAM result with
noise added:

yi=zi+¢e;, i=1.N, 2)
where z; is the error in the WAM estimate of Hys, y; is
the error in the MPIM estimate, €; is a random unbi-
ased error with variance o2, and N = 1860 is the sample
size. In the above we ignore the systematic errors (bias),
since they are not relevant for the discussion. The ex-
pected correlation between WAM and MPIM errors is
then given by

_ (my) _Og
Ty = 020, = O'y’ (3)
where o, and o, are the standard deviations of the
WAM and MPIM errors, respectively. In the second
equality we have used (2) and the assumption that
the noise ¢; is uncorrelated with the WAM error z;.
If we take the WAM and MPIM H,;, residuals (i.e.,
differences between WAM/MPIM and buoy observa-
tion) as an approximation of the actual errors in the
WAM/MPIM results, we can use (2) and the standard
deviations listed in Figure 3 to compute an expected
correlation coefficient of 0.86. In reality, the sample
correlation coefficient computed directly from the resid-
uals is much lower, only 0.42 (see Table 2). This shows
that the MPIM scheme reduces the error of its WAM
first guess and that a significant part of the error in the
MPIM scheme is independent from that of WAM.
From the analysis above it is clear that the MPIM
does extract information from the SAR, but the fact
remains that the final error variance is larger than that
from the WAM first guess. In order to quantify this
further, we assume that the scheme reduces the WAM
error with the help of SAR information but at the same
time adds new noise due to deficiencies in the scheme:

yi = fzi+&, i=1.N, (4)

where f is the factor with which the WAM error is re-
duced. Using the experimentally found standard de-
viations and correlation 5y, we find f = 0.49 and
0. = 0.46 m. Hence the original WAM error is reduced
by about 50%, but a random error is added which is on
average slightly larger than the original WAM error.
In the above analysis we have assumed that the cor-
relation between the WAM/MPIM errors is entirely due
to these models. However, this correlation will partially
be caused by errors in the buoy data. We can estimate
this contribution by assuming that the actual errors of
the SPRA retrieval and the WAM model are uncorre-
lated and that the correlation coefficient of 0.38 in table
2 is entirely due to errors in the buoy spectra. Un-
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Station: ALL

N: 1860
Mean buoy: 0.86
Bias: -0.02
St.dev.: 0.44
NRMSE: 35 %
CORR: 0.88

Bias: 0.35
St.dev.: 0.51
NRMSE: 49 %
CORR: 0.85

Bias: -0.02
St.dev.: 0.44
NRMSE: 35 %
CORR: 0.88

Figure 3. Same as Figure 2, but for Hy,.
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Table 2. Correlation Between Errors of the Three
Models in the Parameter H;»

MPIM SPRA
WAM 0.42 0.38
MPIM 0.59

der that assumption the standard deviation in the buoy
measurements of Hys is 0.27 m. Given this uncertainty
in the buoy measurements, the standard deviation in
both the WAM model and SPRA retrieval of Hy2 be-
comes 0.35 m, and that of the MPIM scheme is 0.43 m.
If we correct for the contribution of the buoy error to
the correlation between WAM and MPIM, we find that
the error reduction coefficient of MPIM is f = 0.17.
This confirms the claim of Heimbach et al. [1998] that
the error in the MPIM retrieval is largely independent
from that of the WAM first guess. However, the MPIM
scheme adds its own random error to the retrieval with
a magnitude that is on average larger than the error in
the WAM first guess.

4.2.2. Dependence on region. In Table 3, the
results for Hi5 have been stratified with respect to re-
gion. Although large regional variations occur in terms
of average Hia, qualitatively the relative performance
of the various schemes remains the same: SPRA and
WAM perform about equally well, while the MPIM is
of lower quality. Compared with the average value for
H;,, the performance of all models is worst in the At-
lantic, i.e., for the buoys along the east coast of the
United States. In their validation of the WAM model,

Janssen et al. [1996] also noticed this lack of skill in
this region. An interesting point is that SPRA seems
to perform slightly better than WAM in areas where
low-frequency energy is a significant fraction of the to-
tal wave energy (Hawaii, northeastern Pacific), while
in other regions WAM is performing better. A pos-
sible explanation is offered by the fact that the low-
frequency part of the SAR spectrum is influenced by
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the high-frequency part through the nonlinear wave-to-
SAR transformation: the larger the energy is in the
unobserved part, the more difficult it is for the retrieval
schemes to estimate the low-frequency part.

4.2.3. Dependence on MPIM quality param-
eter. In the statistics presented above, we have used
all MPIM inversions. However, the MPIM scheme sup-
plies a QC parameter which can be used to accept or
reject part of the data. Table 4 stratifies the data with
respect to this quality parameter. As can be seen, the
inversions which are deemed “excellent” (QC = 0) or
“acceptable” (QC = 1) by the scheme [see Hasselmann
et al., 1998, p. 32] correspond on average with wave
spectra which have a relatively large amount of energy
in the observed (low frequency) part of the spectrum.
The MPIM performance in terms of bias or standard
deviation, however, is not very sensitive to this param-
eter. On the other hand, there is a clear dependence
of the WAM quality with respect to the QC parameter:
going from QC = 2 (cost reduced with less than 50%) to
QC = 0 (cost reduced with more than 90%), the WAM
first-guess random error (standard deviation) increases
from 0.38 to 0.53 m. Apparently, the amount by which
the cost function decreases depends more on the quality
of the first-guess spectrum than on the quality of the in-
version, which again confirms that the MPIM inversion
is relatively independent from the WAM first guess.

4.3. Spectral Wave Data

In order to investigate the performance of the schemes
in more spectral detail, we calculated statistics in terms
of narrowband wave heights, defined as

Ty 1/2
Hry 1, = 4 { /1 F(f)df} , 5)

/T2

where we chose wave period intervals [T7,T3] of 2 s.
Figure 4 shows histograms of bias, standard deviation,
and normalized RMS error in terms of these “2-s” wave
heights. Clearly, the performance of the retrievals and
of WAM varies considerably with respect to wave pe-

Table 3. Statistics of H;3 Retrievals and Model Results Versus Buoy Measurements for Various Regions.

(H1z2) (Hi2)/{Hs) Bias, m Standard Deviation Error, m

Area N Buoy, m Buoy, % WAM MPIM SPRA WAM MPIM SPRA
All 1860 0.86 35 -0.02 0.35 -0.02 0.44 0.51 0.44
Pacific 612 1.31 45 -0.11 0.43 -0.02 0.52 0.61 0.50
Hawaii 449 0.93 39 0.09 0.30 -0.05 0.37 0.47 0.34
Atlantic 570 0.46 20 -0.06 0.28 0.05 0.41 0.43 0.44
North Sea 70 0.54 24 0.01 0.38 -0.01 0.30 0.49 0.34
Australia 159 0.50 32 0.12 0.41 0.09 0.29 0.42 0.36
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Table 4. Statistics of Hy2 Retrievals and Model Results as a Function of the MPIM Quality Parameter®

QC (Hi12) (Hi2)/(H,) Bias, m Standard Deviation Error, m
Parameter N Buoy, m Buoy, % WAM MPIM SPRA WAM MPIM SPRA
All 1860 0.86 35 -0.02 0.35 -0.02 0.44 0.51 0.44
0 487 1.30 44 -0.10 0.37 0.01 0.53 0.54 0.46
1 556 0.94 37 -0.05 0.32 -0.05 0.46 0.58 0.47
2 40 0.51 24 0 0.38 0.07 0.38 0.52 0.44
3 534 0.69 30 0.05 0.38 -0.03 0.38 0.49 0.43
4 243 0.19 14 0.06 0.27 0.02 0.24 0.27 0.28

aQC = 0, cost reduced to less than 10% of the original value; QC = 1, cost reduced to 10-50%; QC = 2, cost reduced
with less than 50%; QC = 3, no convergence in iteration; QC = 4, no azimuthal cut-off adjustment. QC = 0, 1 are usually
accepted; QC = 2 is rejected, and QC = 3, 4 are deemed questionable

riod. WAM shows virtually no bias over the entire spec-
tral range, while the standard deviation slowly increases
with wave period. The MPIM method has a positive
bias over the entire frequency range. The random error
follows the same trend as the WAM random error but
is somewhat higher than WAM for every wave period.
The SPRA scheme, finally, has a significant negative
bias and the largest random error in the unobserved
part of the spectrum (wave periods smaller than 12 s).
In the observed part, however, it performs better than
the MPIM scheme and, for periods larger than 14 s even
slightly better than WAM.

5. Discussion and Case Studies

A rather surprising result found in the previous sec-
tion was that the MPIM scheme performs poorly in the
retrieval of Hy2, both in comparison with its first guess
(WAM) and in comparison with the SPRA scheme. In
this section we will analyze some specific cases to il-
lustrate the kind of situations that pose problems for
the MPIM scheme. However, the MPIM scheme is a
complicated algorithm; so it is difficult to pinpoint the
exact assumptions that fail. In the last case we will il-
lustrate one of the limitations of the SPRA: its inability
to retrieve information on (swell) waves not resolved by

the SAR.

5.1. Relation Between Peak Frequency and
Energy of Wind Sea

One of the differences between both the WAM model
and the SPRA scheme on the one hand and the MPIM
scheme on the other is that in the latter scheme the
energy and the peak frequency of a wind sea are not
related. In the WAM model (parameterized) physical
mechanisms result in wind sea spectra in which the peak
frequency decreases when the energy of the peak in-
creases. By using a wind sea peak with a prescribed
spectral shape, the SPRA algorithm more or less im-

poses this behavior. In the MPIM scheme the energy
and the frequency of a wind sea peak are allowed to
vary independently. As we will illustrate with the fol-
lowing example, the ERS SAR does not as a rule provide
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Figure 4. (Top) bias, (middle) standard devia-

tion and (bottom) normalized RMS error (NRMS) of
2-s interval wave heights Ht, T,, compared with corre-
sponding buoy wave heights. NRMS error is defined as
the RMS error divided by the RMS buoy value. Dot-
ted line, WAM,; dashed line, MPIM; dash-dotted line,
SPRA scheme.
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Figure 5. Illustration of an unrealistic wind sea peak from the MPIM retrieval. The upper
panel row of plots shows SAR image spectra, and the second row (apart from the third plot)
shows wave spectra, all spectra in the wave number domain with the x axis directed in the
azimuth direction and the y axis in the range direction. Indicated are circles corresponding
to 100-, 200, and 500-m wavelength. From left to right are shown the WAM wave spectrum
(lower plot) and corresponding SAR spectrum (upper plot), the wave spectrum derived from the
MPIM algorithm and its corresponding SAR spectrum, the SAR spectrum observed by ERS-1
(upper row), and the wave spectrum derived from the SPRA algorithm and its corresponding
SAR spectrum. The plot woth the arrows on the second row indicates the wind speed and
direction as predicted by the ECMWF model (first value, between brackets) and as measured
by the scatterometer (second value) and the buoy (third value). The bottom figure shows the
energy density spectrum as observed by buoy 46035 and those values obtained from the WAM
model and the MPIM and SPRA retrieval algorithms. Solid line, buoy spectrum; dotted line,
WAM spectrum; dashed-dotted line, MPIM spectrum; dashed line, SPRA spectrum.
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Figure 6. Noisy signal observed by the ERS-1 SAR (top row, third column) is interpreted
differently by the MPIM and SPRA algorithms. The MPIM scheme enhances the swell peak that
was already present in its first-guess WAM spectrum; the SPRA method attributes the signal to
spillover from the wind sea peak just outside the domain directly accessible by the SAR. Meaning

of plots: the same as in Figure 5.

enough information on the wind sea peak to handle this
freedom properly.

Figure 5 shows a clear wind sea case, the buoy in-
dicates that the wave spectrum is almost fully devel-
oped (Ujp/c, ~ 1). WAM underestimates the wave

height, partially owing to an underestimation of the
wind (17.1 m/s ECMWF versus 20 m/s scatterometer,
19.4 m/s buoy). In accordance with the SAR obser-
vation, the MPIM scheme shifts the peak to a lower
frequency. However, it does not increase the energy of



VOORRIPS ET AL.: RETRIEVAL OF WAVE SPECTRA FROM ERS SAR

16,837

WAM MPIM ERS-2 SAR
SN =135 S/N =433 S/N = 53.1
ng), .;:.. . g’ Qg” qg)’ g
& R 1 1 S (] o
‘l 'Om P00 m
: !Qo'in 190'&:
azimuth azimuth azimuth
Hs=4.2m Hs=8.6m Hs=5'7m
— 46002, 11-02-1998, 19:24 . —
- (spectrum 264, 23°) -
b3 b2l - SETR R . b= TR R
g 500 rn 8 . s00m N / 8 00 m
200m . .200m . L @wam
100'm 100'm (U, = 11.1 mVs) 100'm
lJ1o=12.6m/s e
azimuth azimuth U,=155m/s azimuth
Spectrum 264
100 r R T T
1 ' = Buoy,H =5.4m
%0r - WAM, H. = 4.2
' - [N ’ s =42M
80 i b /=: MPIM,H_=86m |
- \
N - = =« SPRA,H_=5.7m
i 70} _' 1 S 4
N ' -
£ 6o} i ' :
2 - 1
g 50f ! 1 ;
% PN —\
5 40 B i _‘ E
¢ 3o} i ]
L -
20 B LN T
‘.,
10 i ~ il -~ o 1
0 4 \ llll'llj.lll""' 'l
0 0.05 0.1 0.15 0.2
Frequency [Hz]

Figure 7.

MPIM scheme matches the observed SAR signal by increasing the level of the

relatively wide swell peak in the WAM spectrum, whereas the SPRA method assumes the peak
to be much narrower. Meaning of plots: the same as in Figure 5.

the wind sea peak. The problem here is that this leads
to an unrealistic spectrum: wind sea spectra generally
have a semi-universal form which relates lower peak fre-
quency to higher energy. The SPRA scheme imposes a
prescribed spectral shape, and although this may not
be perfect, its results correspond much better with the
observed buoy spectra.

5.2. Nonlinearity in the SAR Mapping

Another potential problem with the MPIM scheme is
the fact that mismatches with the observed SAR spec-
trum are mapped back to the wave spectrum with the
inverse quasi-linear model of HH91. In the quasi-linear
approximation the transfer of energy from high- to low-
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the shortest wave the SAR can resolve successfully (about 150 m, or 0.1 Hz, in practice), and
the wind sea at the high-wave-number end of the spectrum. Meaning of plots: the same as in

Figure 5.

azimuth wave numbers is ignored. In the case that the
wind sea is underestimated by WAM, it is likely that the
energy which this wind sea creates in the low-frequency
part of the SAR spectrum (caused by the nonlinearity in
the SAR mapping) is interpreted by the MPIM scheme

as swell. Figure 6 shows an example of this. Again,
the model wind (11.9 m/s) is lower than the observed
wind (scatterometer, 14 m/s; buoy, 16.6 m/s), and the
MPIM scheme tries to compensate for the missing en-
ergy in the SAR spectrum by adjusting a swell system,
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which actually was already overestimated in the WAM
first guess. Note that in the SPRA case the low-azimuth
wave number signal in the SAR observation is matched
by energy that is transferred from the wind sea peak
located at a higher wave number. This wind sea peak
was not present to the same extent in the WAM first
guess.

5.3. Spectral Width of WAM Peaks

A third point that might have to be improved in the
MPIM scheme is the fact that in order to match the
SAR spectrum, WAM first-guess partitions may be ro-
tated and scaled, but that the spectral form (especially
spectral width) is not allowed to vary. More often than
not, SAR spectra calculated from the first-guess WAM
spectra are less peaked than the SAR spectrum ob-
served by the ERS satellite. Since the spectral width is
not allowed to vary, the SAR spectrum corresponding
with the retrieved wave spectrum often shows either a
peak that is too low or a peak with the right maximum
but which is too wide. An example of the latter is shown
in Figure 7. Here the first-guess energy spectrum of
WAM only slightly underestimates the collocated buoy
spectrum. However, the peak of its associated SAR
spectrum is 4 times lower than the one observed by the
SAR. The SPRA scheme reproduces the observed SAR
spectrum with a swell peak that has a much narrower
angular distribution than that of the WAM model. In

this way it is able to match the peak value measured by
the SAR with a swell system that has only a marginally
larger wave height than the one from WAM. The MPIM
scheme, however, does not have the option to narrow
the angular distribution. To match the observed SAR
signal, it has no choice but to increase the energy level
in the swell peak significantly.

5.4. Spectral Gap in SPRA Retrievals

Even under light wind conditions, when the azimuthal
resolution is not degraded by smearing, the SAR does
not resolve waves shorter than 100 m. Hence the SPRA
scheme, which relies completely on the SAR for waves
other than the parameterized wind sea, is unable to cap-
ture swell wave components shorter than 100 m. This is
well illustrated in Figure 8. Although the main purpose
of the inversion is to retrieve the low-frequency (ob-
served) wave components, there are two reasons why it
would be useful to have a better estimate for the higher-
frequency components. First, a complete spectrum is
much easier to use in applications like wave climate as-
sessment. Second, the higher-frequency components in-
fluence the SAR mapping of the longer-wave compo-
nents through the nonlinear transformation; hence a
better estimate of these components may improve the
retrieval of the low-frequency components as well. How-
ever, this could only be accomplished by adding wave
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model data to the SPRA inversion scheme. As a side
effect, the 180° ambiguity in the swell propagation di-
rection could be removed.

6. Conclusions

The most important conclusion of this validation
study is that the MPIM scheme deteriorates the quality
of the WAM spectra that it uses as a first guess. Apart
from adding a significant bias, the MPIM scheme in-
creases the standard deviation of the significant wave
height by more than 30%; for wave components longer
than 200 m this increase is 15%. The analysis of the
correlations of the errors in the long-wave height H;a
indicates that the error in the MPIM scheme is largely
independent from that of its WAM first guess. The
SPRA retrieval scheme performs better than the MPIM
scheme, with an accuracy comparable to WAM model
output for the wave components longer than 200 m.

Some cases highlight the deficiencies of both schemes.
To improve the performance of the MPIM scheme, it is
suggested that more physical consistency should be im-
posed on the wind sea retrieval. Also, evidence is pre-
sented that the use of the quasi-linear model in the re-
trieval may lead to nonlinear features in the SAR spec-
trum caused by the wind sea to be interpreted as swell.
Finally, allowing the spectral width of the WAM parti-
tions to be adapted in the inversion could lead to more
sharply peaked SAR spectra, which would be a better
match to the observed spectra. To further increase the
performance of the SPRA scheme, it seems necessary to
add extra first-guess information on the high-frequency
wave components, e.g., from a wave model. This would
also allow the removal of the 180° ambiguity in the swell
retrievals from the SPRA scheme.

SAR data are available on a global scale and therefore
may be of considerable value for the specification of the
initial condition of global wave models. On the basis of
the present validation study, it is clear, however, that
to obtain optimal benefits of SAR data for wave analy-
sis, corrections to the MPIM SAR inversion scheme are
required. As an alternative, one may contemplate use
of the SPRA retrieval scheme, using first-guess wave
model spectra.
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