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Abstract

The main objective of this paper is to propose a newly developed ocean Significant Wave Height (SWH) retrieval
method from Envisat Advanced Synthetic Aperture Radar (ASAR) imagery. A series of wave mode imagery from
January, April and May of 2011 are collocated with ERA-Interim reanalysis SWH data. Based on the matched
datasets, a simplified empirical relationship between 22 types of SAR imagery parameters and SWH products is
developed with the Genetic Algorithms Partial Least-Squares (GA-PLS) model. Two major features of the
backscattering coefficient o, and the frequency parameter S, are chosen as the optimal training feature subset of
SWH retrieval by using cross validation. In addition, we also present a comparison of the retrieval results of the
simplified empirical relationship with the collocated ERA-Interim data. The results show that the assessment
index of the correlation coefficient, the bias, the root-mean-square error of cross validation (RMSECV) and the
scattering index (SI) are 0.78, 0.07 m, 0.76 m and 0.5, respectively. In addition, the comparison of the retrieved
SWH data between our simplifying model and the Jason-2 radar altimeter data is proposed in our study.
Moreover, we also make a comparison of the retrieval of SWH data between our developed model and the well-
known CWAVE_ENV model. The results show that satisfying retrieval results are acquired in the low-moderate

sea state, but major bias appears in the high sea state, especially for SWH>5 m.
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1 Introduction

The Significant Wave Height (SWH) is a noteworthy ocean
surface parameter and is shown to be of great importance to
ocean dynamics monitoring, disaster forecasting and off-shore
engineering. With the advantage of high spatial resolution, a rel-
atively large spatial coverage and the capability of imaging under
almost all weather, day-and-night conditions, the Synthetic
Aperture Radar (SAR) has great potential in ocean surface monit-
oring, especially for SWH (Gonzalez et al., 1979; Longuet-Higgins
etal., 1963).

Generally, there are two main approaches for the present
measurement of SWH from SAR data. One approach is to build
the non-linear analytic model from the SAR image spectrum to
the ocean wave spectrum, and after that, the SWH can be de-
rived from the ocean wave spectrum by spectrum integration
(Long, 1980). For example, Hasselmann and Hasselmann (1991)
developed the Max Planck Institute (MPI) algorithm on the basis
of the three modulations of tilt, hydrodynamics and velocity
bunching. However, only the precise initial guess spectrum from
the wave model as an input can efficiently retrieve ocean inform-
ation, which has limited its application, especially in off-shore
applications. Considering the difficulty in acquiring the precise

initial guess spectrum, He et al. (2004) developed a parameteriza-
tion algorithm to eliminate the influence of initial guess spectra
in which the parameters of the ocean spectrum are determined
from the SAR image spectrum directly, and the 180° ambiguity of
ocean propagation is dismissed by the two sub-images with dif-
ferent incidence angles. In fact, the two SAR sub-image spectra
are not actually consistent, and the retrieval results of mixed-
waves are not satisfactory. In addition, Mastenbroek and de Valk
(2000) proposed the Semi-Parametric Retrieval Algorithm (SPRA)
by separating the wind-wave and swell-wave spectra with a syn-
chronous scatterometer and SAR. However, the SPRA is not rig-
orously based on the non-linear imaging relationship, which res-
ults in discontinuity between the measured shortest wave and
the parameterization wind-wave spectrum. The 180° ambiguity
of ocean propagation is also not well settled. Enegn and Johnson
(Engen and Johnsen, 1995) took two looks at SAR Single Look
Complex (SLC) imagery in which the cross spectrum can be de-
rived to remove the 180° ambiguity of the ocean wave propaga-
tion direction, which is named the cross-spectrum algorithm. Al-
though the cross-spectrum algorithm can dismiss the 180° ambi-
guity of ocean wave propagation, the retrieved ocean wave spec-
trum presents a major bias due to the absence of synchronous
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wind field information, in which the calculated wind speed from
the CMOD model uses a supposed wind direction of 45°.

Recently, Wang et al. (2012) proposed a semi-empirical al-
gorithm that estimates the wave height from Envisat ASAR wave
mode imagery without any prior knowledge. Shao et al. (2016)
developed a semi-empirical function for significant wave height
(SWH) and mean wave period retrieval from C-band VV-polariz-
ation Sentinel-1 SAR. Collard et al. (2005) adapted the wave spec-
trum inversion scheme for shallow water from the European
Space Agency (ESA)’s operational processing techniques used for
Level 2 ocean wave products. The retrieval results show that
there is good overall agreement between the in situ and SAR ob-
servations under the low to moderate observed wind speed con-
ditions (Wang et al., 2014, 2016). Although major progress has
been made in ocean wave spectrum retrieval schemes, the opera-
tional retrieval remains a challenge for SAR (Bruck and Lehner,
2015; Grieco et al., 2016). The difficulty in the acquisition of high-
precision first guess spectra, the uncertainty of the non-linear re-
lationship between the SAR spectrum and the ocean wave spec-
trum, and the extra input of wind field information have all lim-
ited the applications of the above approaches (Pleskachevsky et
al., 2016; Shao et al., 2017).

In addition, it has been verified that the potential of SWH
measurement directly from SAR imagery parameters rather than
retrieved ocean wave spectrum is feasible. Schhulz-Stellenfleth et
al. (2007) proposed an algorithm from the ERS-2 SAR wave mode
data that directly builds the empirical relationship between SAR
imagery parameters and the ocean wave SWH without any extra
input. A good overall agreement is found under low and medium
sea states, but there is major bias under the high sea state. After-
wards, Li et al. (2011) improved Schhulz’s algorithm from the En-
visat ASAR wave mode data. Stopa and Mouche (2017) also de-
veloped empirical algorithms for wave mode images measured
from the SAR aboard Sentinel-1 A, which are called CWAVE _
ENV and CWAVE _SI1A. Unlike Schhulz, Li et al. (2011) built the CWAVE _
ENV algorithm of two-order multiple regression models with 22
types of imagery parameters. Stopa followed the approach of
Schulz-Stellenfleth but used neural networks to relate the nonlin-
ear relationships between the seven types of SAR image paramet-
ers and output geophysical wave parameters.

In view of algorithm efficiency, the retrieval precision of SWH
depends on the number of parameters and the training model.
Therefore, it is significant to assess the impact of each parameter
on the modeling process and select the weighted feature. Experi-
ments show that properly modifying the Genetic Algorithm (GA)
can be an effective feature selection algorithm (Leardi and
Gonzalez, 1998; Song et al., 2012). Compared with the traditional
feature selection methods, the independent variables selected by
the genetic algorithm can produce better modeling results while
using fewer independent variables. Adding the genetic algorithm
into the partial least squares algorithm (Geladi and Kowalski,
1986) can simplify the regression model, and can greatly im-
prove the modeling precision of the partial least squares al-
gorithm (Li et al., 2007).

In this paper, we follow the retrieval scheme of CWAVE_ENV
and simplify and rebuild the empirical relationship with the GA-
PLS model. The ASAR wave mode data of January, April and May
of 2011 are collected, and we also present a validation by using
the collocated Jason-2 radar altimeter, the ERA-Interim SWH
products and the CWAVE_ENYV algorithm. In Section 2, we briefly
introduce the dataset and the GA-PLS model used in this study.
In Section 3, we propose the empirical model based on the GA-
PLS model. Moreover, we also make a comparison of the SWH re-

trieval precision between other match-ups. The conclusions are
given in Section 4.

2 Data sets and methodology

2.1 Data sets

The data sets used in this paper are the Envisat ASAR wave
mode imagery, the Jason-2 Altimeter and the ECMWF reanalysis
SWH data.

2.1.1 Envisat ASAR wave mode

Approximately 59 974 scenes of Single Look Complex (SLC)
imagery are collected from January, April and May of 2011. The
former are used to train the construction of the empirical rela-
tionship between imagery parameters and SWH, and the latter
are used for independent verification. It is noteworthy that the
homogeneity check is necessary to exclude the non-wave SAR
images before data processing. The parameters of the Envisat AS-
AR wave mode SLC details are listed in Table 1.

Table 1. Parameters of Envisat ASAR wave mode SLC imagery

Parameter Envisat ASAR
Operation mode wave mode
Radar center frequency 5.3 GHz
Polarization Vv
Incidence angle 23°
Resolution 10 m
Swath width 5km
Imaging interval 100 km

2.1.2 Jason-2 radar altimeter

The Ocean Surface Topography Mission (OSTM)/Jason-2
satellite was launched by NASA (USA) and the French Space
Agency on June 20, 2008. The Jason-2 radar altimeter also works
on a dual-frequency at 13.575 GHz (Ku band) and 5.3 GHz (C
band) (Monaldo, 1988). All the along-track SWH data used in this
paper are downloaded from AVISO/CNES (http://www.aviso.al-
timetry.fr/en/data.html). Approximately 2 057 scenes of Jason-2
radar altimeter data are collocated with the ASAR wave mode
data with a spatial window of 100 km and a temporal window of
2 h. The location of the matched Jason-2 radar altimeter with the
ASAR wave mode data is shown in Fig. 1.

2.1.3 ERA-Interim

The ERA-Interim reanalysis SWH data are provided by
European Centre for Medium-Range Weather Forecasts (ECM-
WF) (Wan et al., 2015). The temporal resolution is 6 h, and spa-
tial resolution is 0.125°x0.125°. Approximately 59 974 matched
datasets are collected from January, April and May of 2011 and
downloaded from the ECMWF (http://apps.ecmwf.int/
datasets/). The SWH distribution histogram collocated with the
ASAR of January of 2011 and April and May of 2011 are shown in
Fig. 2. It is noted that the datasets of January of 2011 are used as
training examples, and April and May of 2011 are used as verific-
ation examples.

2.2 Methodology: GA-PLS model

The GA-PLS model combines the genetic algorithm (GA) and
the partial least squares (PLS) algorithm, which can be used to
build an empirical relationship between the dependent variable
and multi-independent variables (Kawamura et al., 2010). By be-
ing combined with the traditional PLS algorithm, the GA-PLS
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Fig. 1. Location of matched Jason-2 radar altimeter with ASAR wave mode data.
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Fig. 2. Global SWH distribution of the ERA-Interim in January, 2011.

model can retain the simplicity of the regression model by
adding the feature selection method for optimal feature subset
selection. The GA-PLS algorithm can also greatly improve the
modeling precision of the partial least squares algorithm with the
optimal feature subset. In the GA-PLS modeling process, the in-
dependent variables that are closely related to the dependent
variable are first removed by the genetic algorithms, and then the
concrete mathematical model of a multiple regression can be es-
tablished by the partial least squares algorithm (Li et al., 2016). It
is noted that X represents the multi-independent variables mat-
rix and Yrepresents the dependent variable matrix. Before PLS,
first the principal component analysis (PCA) is applied to X
and Y.

X =TP +E, 1)

Y=UQ +F, )

where Tand Uare the principal component matrices, Pand Q
are the loading matrices, and E and Fare the residual matrices.

The regression equation between the principal component T
and U can be built as follows:

U =BT, (3)

where Bis the regression coefficient matrix. The cross-validation
method that leaves out one sample at a time was used in this re-
search to select the optimal number of components for the PLS
model.

Finally, the multi-regression model is given as follows:

Y =Xb+c, 4)

where b is the final regression coefficient vector and cis the re-
sidual vector. The root mean square error of cross validation
(RMSECV) is also used to evaluate the precision of the GA-PLS
model.

®)
RMSECV=

3 Results

In this section, the ASAR wave mode imagery matched with
the ERA-interim reanalysis SWH data are used for training ex-
amples, and another 42 774 scenes are used for validation.
Moreover, we also present a comparison of the GA-PLS retrieval
results with the Jason-2 radar altimeter and the well-known
CWAVE algorithm.

3.1 An Emperical model for SWH retrieval

After the time and spatial matching of 17 200 datasets, 22
types of imagery parameters (Table 2) are extracted and applied
to build the empirical model as the input training parameters, in-
cluding the backscattering coefficient o, the imagery variance
CVAR and 10 types of frequency domain parameters S. The flow
chart of SWH retrieval using the GA-PLS model is shown in Fig. 3.

Following the flow chart (Fig. 3), the GA-PLS model was ap-
plied to the data set of matched training samples with the aim to
reduce the number of field variables and increase the prediction
power of the model. Figure 4 shows the smoothed frequency of
the selection for each parameter. It is noticed that the smoothed
frequency of selection is defined as a weighted average between
the frequency of selection of the variables in the starting run and
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Table 2. Imagery parameters used for model training

Parameter Defination
g9 = 101g (DN,‘]‘)

CVAR = (std (A;/f;”))z

Backscattering coefficient

Imagery variance

Frequency domain parameter Si= / P (ky, ky) hi (ky, ky)
A
dk,dky,1 <i<20

Note: DNj; represents the mean value of calibrated imagery in-
tensity, A the imagery energy, () the average operation, P the nor-
malized SAR imagery energy spectrum, h; the orthogonal function,
and k, and k, the wave-number of the range and the azimuth direc-
tion, respectively.
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Fig. 3. The flow chart of SWH retrieval using the GA-PLS model.
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Fig. 4. Smoothed frequency of selections for the 22 types of SAR
imagery parameters used in the emprical relationship.

previous runs. In Fig. 4, the red solid line represents the criterion
of the optimal number of components, the red dashed line rep-
resents the criterion of the suggested model according to the
cross validation, and the green solid line represents the non-sig-
nificant components according to an F test. Through the GA-PLS
modeling, the final retrieval model can be simplified as a linear
regression equation of 2 types of components, which is de-
scribed as follows:

Yy =aix; + axxz + ..., 6)

where x; is the polarimetric parameters selected from the GA-PLS
model and g, is the corresponding regression coefficient (i=1, 2,
...). According to the statistics in Fig. 4, x; represents the backscat-
tering coefficients ¢ and S, , and corresponding a; is the normal-
ized regression coefficients of -4.722 0 and -1.430 0.

It is noted that the orthogonal function #; is composed of Ge-
genbauer polynomials and harmonic functions as follows:

hij (ak, o) = 1 (kes ky) 8 () f () , 1 << 4,1 <7 <5, (7)

ni+3/2 3/2 2
= 1| —————— = C32,/1 -},
7\ Gt ) () e VI ®

fn;l (o) = \/gsjn((av -1 aw) ) 9

(10)

where g; (o) and f; (o) are the Gegenbauer polynomials and
the harmonic functions, respectively. i (ky, k) is the weight func-
tion about the wavenumber in the respective range and azimuth
in domain A, which is an elliptical integration area. g; («y) is the
general expression of Gegenberg polynomials, and in this paper
n=1,2,3,4.fn, 1 and f,, correspond to the odd and even terms
of the harmonic function, respectively.

After the building of our simplified relationship based on the
GA-PLS model, we used another 42 774 scenes of SAR wave
mode imagery to verify our empirical model for SWH retrieval.
Figure 5 shows that a preferable retrieval results is acquired from
the available matched datasets. Compared with the matched
analysis SWH data, the assessment index of the correlation coef-
ficient, the bias, the RMSECV and the scattering index (SI) are
0.78, 0.07 m, 0.76 m and 0.5, respectively. However, the model’s
precision deviates more with the increase of the SWH, especially
for high sea states (SWH>5 m).

3.2 Comparison with Jason-2 radar alimeter

In addition to the precision validation by the ECMWF reana-
lysis of the SWH, we also make a comparison of the retrieved
SWH using the Jason-2 radar altimeter data. Because of the lim-
ited spatial resolution, only 2 057 scene matched datasets are col-
located with a spatial window of 100 km and a temporal window
of 2 h. Figure 6a shows the correlation relationship between our
empirical model and the Jason-2 measured SWH. There is a sim-
ilar condition with Fig. 5a in which major bias appears in high sea
states (SWH>5 m). It is shown in Fig. 5 that the assessment index
of the correlation coefficient, the bias, the RMSECV and the SI are
0.76,0.90 m, 0.04 m and 0.07, respectively.

3.3 Comparison with CWAVE-ENV algorithm

Moreover, we also make a comparison of the retreival SWH
between our model and the well-known CWAVE_ENV model
(Fig. 7). The result of Fig. 7a also shows a similar curve with the
above validation, especially for Fig. 5a and Fig. 6a. Considering
the simplified model, reliable results are acquired in low-moder-
ate sea states, and major bias appears in high sea states (SWH>5 m).
In addition, the coefficients of the CWAVE_ENV model and our
simpified model are shown in the Appendix A and Appendix B.
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Fig. 5. Scatter plots of verification samples between the retrieved SWH of our simplified selected features and the SWH of the ECMWF
reanalysis data. The colorbar represents the density of scattering points (a) and the histogram of the SWH (b).

12 r
a
60
10 }
50
£
=
EI 40
-
2 o
a 30
E|
4
A 20
Pt
5
2 10
0 . . .
0 2 4 6 8 10 12

JASON2_SWH/m

500

o

400

300

200

Frequency number

100

0
01 2 3 4 5 6 7 8 9 10 11 12

SWH/m
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Fig. 7. Scatter plots of the verification samples between the retrieved SWH of our simplified selected features and the SWH of the
CWAVE_ENV model. The colorbar represents the density of the scattering points (a) and the histogram of SWH (b).

Considering the validation performance of above three data-
sets, it is applicable to retrieve the SWH with our simplified mod-
el in low-moderate sea states. However, major bias appears in
high sea states (especially for SWH>5 m). The major bias is prob-

ably due to the limited training samples of high sea states, which
affect the model’s building. Therefore, more datasets of high sea
states will be collected in the next step for the model’s robust-
ness.
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4 Discussion

To explain the large bias in high sea states (>5 m), the scatter
plot for the comparison of the CWAVE_ENV model and the
ECMEEF data and the two histograms of the SWH for the training
and verification datasets are presented in Figs 8 and 9, respect-
ively. The assessment index of the correlation coefficient, the bi-
as, the RMSECV and the SI are 0.92, 0.10 m, 0.43 m and 0.11, re-
spectively. Although the retrieval result of the CWAVE_ENV per-
forms well overall, large bias also appears in high sea states, es-

—_— =
S = N
T T 1

ECMWF_SWH/m

S = N W Bk N 0 O
T

125

pecially for SWH>5 m. It is noticed that the color bar of Fig. 8 rep-
resents the density of scattering points, which means few
samples are used for comparison. Figures 9a and b also reveal
that both the training and verification samples lack high sea state
samples. Generally, the high sea state always exists together with
typhoon and other extreme weather. Therefore, we would like to
collect more high sea state data to improve our SWH retrieval
model for typhoon monitoring in a future study.
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Fig. 8. Scatter plots of verification samples between the SWH of the CWAVE_ENV model and the SWH of the ECMWEF. The color bar

represents the density of scattering points.
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5 Conclusions

This paper presents a simplified relationship between the
SAR imagery parameters and the SWH. A total of 17 200 scenes of
Envisat ASAR wave mode imagery and collocated ERA-Interim
reanalysis data are used to build our model based on the GA-PLS
model. This paper also further compares the SWH retrieval preci-
sion between our simplified model and the ERA-interim, the
Jason-2 radar altimeter and the well-known CWAVE-ENV al-
gorithm. The main conclusions of this paper are as follows.

After feature selection from the GA-PLS model, the results
show that o and S, make major contributions to SWH retrieval.
The correlation coefficient, the bias, the RMSECV and the SI, re-
spectively, are 0.78, 0.07 m, 0.76 m and 0.5 between our simpli-
fied model and the ERA-Interim reanalysis SWH. The assess-
ment of the above indexes reveals the promise of our simplified
model for ocean SWH retrieval. The comparison of our simpli-

fied model with the Jason-2 radar altimeter and the well-known
CWAVE-ENV algorithm also shows satisfying retrieval results in
low-mediate sea states. However, large bias appears in high sea
states (especially for SWH>5 m).
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Appendix A: Coefficient used in CWAVE_ENV model

Considering the interaction effect of each imagery parameter, the second order linear model is selected for model building.

N N i
W=ao+ > asi+ Y aj sisj, (A1)
i=1

i=1 j=1

where Nis the number of samples, Wis the known SWH results, s, is the imagery parameter, and a; is the multi-variant coefficient of
vector A. To confirm the regression coefficients of the CWAVE_ENV model, 22 types of imagery parameters are performed into cost
function J(A), which can be written as follows:

2

N k
Jeost (A) = > | WO =Y asi| . (A2)
i=1

j=1 i—

Using a stepwise regression, the coefficient vector A can be proposed. It is noted that the multi-variant coefficients a; of vector A
are derived in Table Al.

Table Al. Multi-variant coefficients of vector A in the CWAVE_ENV model

Coefficient index Value Coefficient index Value Coefficient index Value Coefficient index Value
1 0.8742 13 -0.0053 25 0.0152 37 -0.0187
2 -0.099 9 14 -0.017 8 26 0.062 2 38 -0.0144
3 0.071 22 15 -0.003 4 27 -0.0347 39 -0.0219
4 0.0319 16 0.0276 28 0.0355 40 0.054 3
5 -0.1138 17 0.0138 29 0.023 0 41 -0.014 2
6 0.007 0 18 -0.329 4 30 -0.008 5 42 0.0172
7 -0.3609 19 0.0358 31 -0.0153 43 -0.0101
8 -0.024 2 20 0.034 2 32 -0.1799 44 -0.004 9
9 0.038 6 21 0.080 4 33 0.0438 45 0.0171

10 0.004 4 22 -0.009 7 34 0.0249 46 0.0173
11 -0.006 4 23 0.0158 35 0.026 3
12 0.108 7 24 -0.004 7 36 0.0356

Appendix B: Coefficient used in the simplified model

In the GA-PLS model, the chromosome and fitness in the species correspond to a set of variables and the internal prediction of
the derived PLS model, respectively. To avoid overfitting, the program implemented the following features:

(1) the parameters were set with the highest elitism,

(2) the model was set to be determined after 100 independent, short GA runs, and

(3) the frequency of the selection of the variables in each run was set to be a weighted average between the frequency for the
selection of the variables in the starting run and the previous run.

The fitness function in which the individuals were subject to evaluation was the percentage of the predicted variance of a
constituent abundance, which was defined as follows:

100 — { [12"1: ()’iyi,)z/n:| / [12”1: yi—yi) /k} } x 100, (B1)

where y;and y;’ are the measured and predicted values, n is the number of samples to be considered, and k=n-1 in the case of cross-
validation.

In this study, the GA-PLS program was written in m-file and was compiled using a Matlab 6.1 compiler running an operating
system on a Pentium IV with 256 M RAM.



