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Abstract—The two-scale electromagnetic model is a well-
established theory for simulating microwave polarimetric pas-
sive observations of a sea surface. A critical aspect is the long
computational time that is required to run the forward model,
which hampers the creation of large training databases or iterative
simulations within retrieval algorithms. To tackle this problem,
a neural network (NN) technique is proposed in this paper. In
particular, we have adopted NNs to emulate a simulator named
SEAWIND, which implements the two-scale model and was val-
idated in previous works. Two training algorithms, including a
regularized approach, have been considered and compared. The
assessment of the proposed approach has been carried out by
statistically comparing neural-network-derived simulations with
SEAWIND-derived ones for two validation data sets compris-
ing different climatic conditions, as well as by computing the
azimuthal Fourier harmonic coefficients versus wind speed and
atmospheric transmittance. Regressive model functions have also
been used as benchmarks. This paper demonstrates the feasi-
bility of an NN approach to efficient and effective modeling of
sea-surface thermal emission and scattering.

Index Terms—Microwave radiometry, neural network (NN),
polarimetry, satellite passive remote sensing, scattering model,
sea surface.

I. INTRODUCTION

G LOBAL monitoring of both wind speed and direction
(hereinafter also called wind vector) has been mainly per-

formed by means of satellite active microwave scatterometers
until recently. In the last decade, several aircraft experiments
have demonstrated that polarimetric microwave radiometric
observations are sensitive to the wind vector as well (e.g., [1]
and [2]). The WindSat fully polarimetric radiometer [3], which
was launched in 2003 aboard the Coriolis satellite, currently
continuously supplies polarimetric passive measurements. The
WindSat radiometer represents a complementary sensor to scat-
terometers, with the additional capability of retrieving further
sea and atmospheric variables that are typically derived from
spaceborne microwave radiometric measurements.
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Modeling the polarimetric microwave signature of the sea-
surface emission is essential for wind vector retrieval. Several
electromagnetic theories are available in the literature, which
are generally derived from scattering models through the appli-
cation of the polarimetric Kirchoff’s law. Among them, the two-
scale model (TSM) [4]–[6] is fairly popular and widely adopted
to generate synthetic satellite passive polarimetric observations,
i.e., to simulate the modified Stokes’ vector TB , whose com-
ponents are the brightness temperatures at vertical (TBv) and
horizontal (TBh) polarizations, and correlation parameters U
and V , which are emitted and scattered by a marine surface.

In previous works, we have developed and validated a soft-
ware package named SEAWIND [7]–[9] within a joint project
that was funded by the European Space Agency. SEAWIND im-
plements the TSM based on the work of Yueh [4] and includes a
radiative transfer scheme to account for the atmospheric effects,
thus simulating TB at the top of the atmosphere. The short-
coming of SEAWIND, as well as of any other simulator that
is based on the two-scale approach, is its long computational
time. The calculation of a single Stokes’ emissivity vector
(related to TB , as it will be clear in Section II) for a given
state of the sea–atmosphere system, i.e., for specified values
of the environmental variables (sea-surface temperature, wind
speed and direction, atmospheric transmittance, etc.), involves
the evaluation of two double integrals.

The low computational efficiency of the TSM makes its use
difficult in generating large data sets of simulations that are
required to train retrieval algorithms, as well as exploiting itera-
tive techniques to solve the inverse problem. The improvement
of the efficiency of the two-scale approach represents therefore
a crucial aspect. This problem has been tackled by Lyzenga
and Vesecky [10] by expanding the azimuthal dependence of
the local emissivity in a Fourier series (up to second order)
and analytically evaluating one of the two double integrals after
an expansion of the integrand in a Taylor series. Johnson [11]
noted that, in [10], the atmospheric effects have not been taken
into account (they have been considered by Lyzenga in [12]).
In [11], an efficient implementation of the TSM based on a
tabling of repeated calculations and on the use of Taylor series
expansions has been carried out, and the atmosphere has been
accounted for.

An alternative way to deal with the problem of improving
the TSM computational efficiency is to resort to a multilayer
feed-forward neural network (NN). The latter one, having at
least one hidden layer, can approximate any nonlinear function
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relating inputs to outputs [13] and can be adopted to emulate
a forward electromagnetic model giving advantages in terms
of computational speed and maintaining a fairly good degree
of accuracy. The adoption of an NN technique to improve the
efficiency of oceanic models has already been proposed by
Krasnopolsky et al. [14]. In their study, they have successfully
applied such a technique for approximating the UNESCO equa-
tion of state to compute sea water density or salinity.

In this paper, our aim is to develop an NN that is able
to reproduce the behavior of the SEAWIND simulator, thus
modeling microwave fully polarimetric observations of a sea
surface. To do this, a training set consisting of matched pairs of
vectors of geophysical parameters and satellite synthetic data,
which are formed by pairs of SEAWIND inputs and outputs
(TB’s), has been built. Individual NNs have been designed for
each of the three WindSat polarimetric frequencies. The valida-
tion of the NN approach has been accomplished by comparing
the SEAWIND outputs with the NN ones. A standard approach,
which is based on regressive model functions (RMFs), has also
been considered as a benchmark. It is worth noticing that NNs
do not require any analytical assumption about the model that
they need to approximate since they learn from the examples
that are included in the training set [15]. Conversely, the use of
RMFs implies prior selection of their functional form.

This paper is organized as follows. In Section II, a summary
of the two-scale model that is implemented in the SEAWIND
simulator is provided. Section III introduces the algorithms that
are adopted to train the networks and describes the design of
the NN architecture. In Section IV, the NN-derived simulations
of the modified Stokes’ vector are assessed against SEAWIND
outputs and RMF-derived ones. Furthermore, an evaluation of
the impact on wind speed retrieval of the discrepancies between
SEAWIND and its NN emulator is furnished.

II. TWO-SCALE POLARIMETRIC MODEL

OF SEA EMISSION

The SEAWIND software package implements the TSM for-
mulation that was proposed by Yueh [4] to compute the surface
polarimetric emission and accounts for the atmospheric con-
tribution (i.e., both upward atmospheric unpolarized emission
and downward emission scattered by the surface) according to
Pierdicca et al. [8]. SEAWIND computes the modified Stokes’
vector TB , which is observed at the satellite altitude. The U and
V components of TB are originated by the anisotropic shape
of the wind-induced sea waves, acting as emission source and
scattering the impinging atmospheric radiation.

The two-scale model assumes that the sea surface is com-
posed of a small wavelength roughness that is superimposed
on large-scale waves. The wavenumber that separates the two
roughness scales is a function of the electromagnetic wave-
length. From one side, it is such that the large waves can be
considered as plane patches with dimensions of several electro-
magnetic wavelengths. On the other side, the electromagnetic
scattering due to the residual spectrum of small-scale roughness
should be interpreted by the small perturbation method (SPM)
[16], [17]. Therefore, the brightness temperature vector at the
sea surface (i.e., at the bottom of the atmosphere, BOA) TBOA

in a direction θ, ϕ is due to the incoherent summation of the
brightness temperature of each tilted rough patch TSEA and
is obtained by averaging over the probability density function
(pdf) P (Sx, Sy) of the slope of the patches (assumed Gaussian)
in the upwind Sx and crosswind Sy directions, i.e.,

TBOA(θ, ϕ)=

+∞∫
−∞

dSy

+cot θ∫
−∞

TSEA(1−Sx tan θ)P (Sx, Sy)dSx.

(1)

In (1) and in the rest of this section, the dependence on
frequency is assumed to be implicit.

SEAWIND adopts the sea water permittivity model that
was developed by Ellison et al. [18] and foam emissivity εf

that was proposed by Pandey and Kakar [19], while for foam
fraction F , the formula that was given by Wilheit [20] has been
selected. Brightness temperature vector TSEA partially (i.e.,
fraction 1− F ) originates from the thermal emission of the
anisotropic roughness that is induced by the wind stress plus
its scattering of incident unpolarized brightness temperature
TIN (i.e., that emitted downward by the atmosphere plus a
small contribution of the cosmic background attenuated by the
atmosphere). Fraction F of TSEA is determined by εf plus the
foam scattering, which is assumed specular with an equivalent
reflectivity equal to (1− εf ). Consequently, TSEA is given by

TSEA(θ, ϕ) = (1− F )TR(θ, ϕ) + FεfTsI+ F (1− εf )TINI
(2)

where TR originates from the wind-roughened surface without
foam, and Ts is the surface physical temperature. I is a 4×1
vector whose first two components are equal to 1, while the
others are equal to 0. Note that (2) implies that foam emission
has third and fourth Stokes’ parameters equal to zero. This
simplification is due to the fact that commonly adopted foam
models (e.g., [19]) provide only the emissivity at horizontal
and vertical polarizations. TR is found by using the generalized
Kirchhoff’s law to express the Stokes’ emissivity vector ε and
adding incoherently brightness temperature vector TSC that is
scattered by the rough surface, i.e.,

TR(θ, ϕ) =Tsε(θ, ϕ) +TSC(θ, ϕ)

=Ts


I − 1

4π

π/2∫
0

sin θidθi

2π∫
0

dϕig




+
1
4π

π/2∫
0

sin θidθi

2π∫
0

dϕiTINg (3)

where the double integrals are extended to all possible incident
directions θi, ϕi, and g is a 4 × 1 vector, whose components de-
pend on the bistatic scattering coefficients that are given by the
second-order SPM. They are related to the anisotropic power
spectrum of the sea waves in the gravity-capillary wavenumber
range, where SPM is applicable.
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The last step for computing the modified Stokes’ vector TB

that is observed by a satellite radiometer consists of making
explicit the effects of the atmosphere. Assuming that the at-
mosphere is plane parallel and the scattering source function
can be neglected (i.e., rain effects are not considered), if γ
denotes the atmospheric transmittance for a slant path (γ =
e−τ/ cos θ, where τ indicates the optical thickness) and TUP

represents the upwelling atmospheric brightness temperature,
we can express TB as

TB(θ, ϕ) =TBOA(θ, ϕ)γ + TUPI

=TBOA(θ, ϕ)γ + Tmrup(1− γ)I (4)

where Tmrup is the upwelling mean radiative temperature. In
this case, TIN is given by

TIN = Tcosγ + TDN = Tcosγ + Tmrdn(1− γ) (5)

where TDN is the downwelling atmospheric brightness temper-
ature, Tcos is the cosmic background (assumed equal to 2.7 K),
and Tmrdn is the downwelling mean radiative temperature.

The azimuthal dependence and the amplitude of the U and
V components are the fundamental quantities that allow one
to derive both wind intensity and wind direction from polari-
metric radiometry. Consequently, the modeling of the surface
azimuthal anisotropy is an essential aspect of the simulations. In
the SEAWIND package, there are two main geophysical factors
determining such anisotropy: 1) the anisotropy of the sea wave
spectrum (spreading function), which determines the asymme-
try between downwind and crosswind observations of the ra-
diometer, and 2) the hydrodynamic modulation, which accounts
for the upwind to downwind asymmetry. To describe such
anisotropic behavior, the sea wave spectrum that was developed
by Durden and Vesecky [21] and the hydrodynamic modulation
that was proposed by Yueh [4] have been implemented in the
SEAWIND software package. With respect to [21], the value of
the absolute magnitude of the amplitude spectrum is equal to
0.007, instead of 0.004. This modification has permitted us to
well reproduce the radiometric measurements for a midlatitude
environment, such as the Mediterranean basin [9].

III. NEURAL-NETWORK APPROACH TO

FORWARD MODELING

An artificial NN is a nonlinear parameterized mapping from
an input vector x to an output vector y = NN(x;w,M),
where w is the weight vector (including the biases as well) and
M is the architectural model of the network. The multilayer
perceptron (MLP) architecture considered here is a mapping
model that is composed of several layers of parallel processors
(i.e., neurons). It has been theoretically proven that one-hidden-
layer MLP network may represent any continuous function
[22], while a two-hidden-layer MLP may approximate any
function to any degree of nonlinearity, taking also into account
discontinuities [23]. NNs have a large variety of applications in
passive and active remote sensing, which are mainly devoted to
retrieval purposes (e.g., [14] and [24]).

A. NN Training Algorithms

The NN architecture is such that all nodes are fully intercon-
nected to each other, and this interconnection is characterized
by weights and biases. We can distinguish the hidden weights
wkm, i.e., the weight of the kth hidden node that is associated
with the mth input value, from the output weights wjk, i.e.,
the weight of the jth output node that is associated with the
kth hidden value. Biases, which are initialized to 1, are input
to both the hidden and output layers. The hidden and output
nodes are characterized by an activation function fact, which
is generally assumed to be a differentiable nonlinear func-
tion. Here, we have chosen the sigmoidal (logistic) function
tan-sigmoid, which is characterized by the node gain and the
node bias.

The network is trained by supervised learning using training
data set D = {x(i), t(i)}, which consists of available inputs
x(i) and desired targets t(i), where i = 1 : Nr and Nr is
the number of training-coupled patterns (e.g., records). During
training, the weights and biases are iteratively adjusted in order
to minimize the network performance or objective function (er-
ror correction learning), which normally is the sum of squared
errors ED, i.e.,

ED(w) =
Nr∑
i=1

[t(i)− y(i)]T [t(i)− y(i)] (6)

where y(i) is the NN response to the ith input pattern, and su-
perscript “T” indicates matrix transpose. The minimization with
respect to w is based on repeated evaluation of the gradient of
the performance function using the backpropagation algorithm,
which involves performing computations backward through
the network [25]. The backpropagation learning rule can be
implemented by using a steepest gradient descent algorithm.
However, in this paper, the optimization problem has been
solved by using the Levenberg–Marquardt (LM) algorithm,
which has proven to be highly efficient and able to provide the
error Hessian matrix useful for further analyses, as will be clear
subsequently [26]. The NN that is trained by the LM algorithm
has been named as LMNN.

The ideal NN is characterized by small errors on the training
set and the capability to respond properly to new or erroneous
inputs. The latter NN property is called generalization. The
procedure to improve generalization, which is called regular-
ization, usually adds an additional term to the error objective
function, which becomes ER, i.e.,

ER(w) = αDED(w) + αWEW (w) (7)

where EW is the sum of the squares of the network weights
w (i.e., ΣiwTw), while αD and αW are the regularization
parameters. If αD � αW , the training algorithm will minimize
the NN error term ED, while if αD � αW , the algorithm
will emphasize weight size reduction, at the expense of larger
network errors, producing a smoother but more robust network
response. In other words, the regularized NN tends less likely
to overfit the training data points. It has been experimentally
proven that, for noisy data, a one-hidden-layer MLP network
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may improve the network generalization through the reduction
of the number of neurons [27].

A critical issue when dealing with (7) is to set the optimal
values for regularization parameters αD and αW . Heuristic
approaches may be followed, but an automatic and rigorous
procedure should be preferred. A way to approach this problem
is to resort to the Bayesian theory, where weights w are
considered as random variables [28]. The estimation procedure
is formally quite complex, and here, we briefly summarize it,
referring to [28] and [26] for further details.

The posterior pdf p(w|D,M,αD, αW ) of w can be cal-
culated by assuming a Gaussian pdf for the training data set
errors and for the prior pdf of w. Under these hypotheses,
maximizing p(w|D,M,αD, αW ) with respect to w becomes
equivalent to minimizing the regularized error function ER(w).
The regularization parameters αD and αW , which are supposed
to be uniformly distributed, are then estimated by maximizing
their posterior probability p(αD, αW |D,M), which, in turn,
can be explicitly related to p(w|D,M,αD, αW ) by means of
Bayes’ rule [28] and to a proper normalization function of αD

and αW . The latter one can be approximated by expanding the
regularized error function ER(w) by means of a Taylor series
up to the second order around the minimum point w0 (where
the gradient of ER is zero). Finally, the optimal values of αD

and αW can be explicitly calculated as stationary points of
p(αD, αW |D,M), and the result is [28]

α̂D =
nw − ne

2ED(w0)
α̂W =

ne

2EW (w0)
(8)

where nw and ne are the total and effective numbers
of NN weights, respectively. The latter one is ne = nw −
2αW tr[H(w0)], where tr is the matrix trace and H is the
Hessian matrix of ER(w0) (i.e., �2ER) that is evaluated
through the Gauss–Newton approximation, using the Jacobian
matrix J of ED, and is directly available within the LM
algorithm [26].

The initialization values of αD and αW are usually 1 and
0, respectively. After having initialized w by means of ran-
dom generation and having normalized the training data set
to [−1,1], the Bayesian-regularized NN (BRNN) training algo-
rithm: 1) minimizes ER by finding w0 using the LM technique;
2) computes ne by approximating H(w0); 3) estimates αD and
αW through (8); and 4) iterates until the change of ER between
two successive iterations is below a given threshold, so that the
convergence is ensured. Note that, at each iteration (epoch),
both the error objective function ER and minimum point w0

of ER are changed.

B. Design of Forward Model NN

The training databases for developing the NN span the
three WindSat polarimetric frequency channels fi(i = 1 : 3;
f1 = 10.7, f2 = 18.7, f3 = 37.0 GHz) at the corresponding
incidence angles (49.9◦, 55.3◦, and 53.0◦, respectively). They
have been formed by 3×Nr runs of the SEAWIND simulator,
where Nr is the number of runs for each band. As input
variables, we have considered the following: the azimuth angle

between wind and radiometer pointing directions ϕ, wind
friction velocity u∗, sea-surface temperature Ts, atmosphere
optical thickness τ , and mean radiative temperatures Tmrdn and
Tmrup. Other parameters, such as sea water salinity (S), have
been considered as constants (S = 35 ppm has been assumed).
In practice, the training set is formed by Nr records. Each
record includes 24 variables, i.e., 12 inputs: ϕ, u∗, Ts, τ(fi),
Tmrdn(fi), and Tmrup(fi), and 12 SEAWIND outputs: TBv(fi),
TBh(fi), U(fi), and V (fi).

The values of the input variables (predictors) belonging
to the training set have been randomly generated. The az-
imuth angle has been supposed to be uniformly distributed
between 0◦ and 360◦. The wind friction velocity has been
derived from the wind speed at 19.5 m above sea level (u19)
by fitting the relationship that is given in [4]. For the lat-
ter one, we have assumed a truncated (to discard negative
values) Gaussian distribution that is characterized by a mean
value equal to 5 m/s and by a standard deviation equal to
2.5 m/s. As for Ts, it has been considered to be uniformly
distributed between 10 ◦C and 27 ◦C. The mean radiative
temperatures have also been supposed to be uniform. Tmrdn

has been assumed to be in the range of 262–279 K at 10 GHz,
269–287 K at 18 GHz, and 265–285 K at 37 GHz. A linear
relationship between Tmrup and Tmrdn has been considered
since they derive from the integration of slightly different func-
tions depending on the same profile of atmospheric parameters,
and their correlation coefficient is very high. A Gaussian dis-
tribution has been adopted for the optical thickness, with the
following mean values (hereinafter denoted by mτ ) and stan-
dard deviations (hereinafter indicated by στ ): mτ (f1) = 0.015,
στ (f1) = 0.003, mτ (f2) = 0.060, στ (f2) = 0.015, mτ (f3) =
0.090, and στ (f3) = 0.025. It is worth noting that we have
selected the statistics of the predictors by referring to typical
conditions of a midlatitude region (for which SEAWIND has
been assessed in [9]) without precipitation. Although the choice
of both the distributions and the dynamic range of the input
variables may be questioned, it does not represent a very
critical point due to the generalization ability of the NNs and,
particularly, of the BRNN.

After having generated the training database, the actual net-
work design has been carried out. We have built identical NN
architectures for the three radiometric frequencies and for both
the training algorithms that we have used. Each architecture
consists of five input neurons (corresponding to ϕ, u∗, Ts,
τ , and Tmrdn), one hidden layer of Nh neurons, and four
output neurons (corresponding to the four components of the
modified Stokes’ vector). Notice that Tmrup has been excluded
from the set of NN inputs since, in the training database,
we have assumed a linear relationship with Tmrdn. Only one
layer of hidden neurons has been used, taking advantage of
the capability of this kind of network to approximate any
continuous function, as already mentioned. By monitoring the
objective function, we have found that a number of learning
cycles (epochs) that is equal to 200 ensures its minimization for
both learning methods.

To select the numbers of hidden neurons Nh and required
records of the training set Nr, the sensitivity of the NN accuracy
to these parameters has been evaluated. To do this, we have
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TABLE I
rmseTOT COMPUTED FOR DIFFERENT VALUES OF Nr AND Nh

Fig. 1. NN architecture including the inputs, one hidden layer of 20 neurons,
and the outputs.

considered one of the validation data sets that we have built
(DB1, see Section IV), we have compared the SEAWIND
outputs with the NN ones, and we have expressed the results
in terms of total root mean square error (rmseTOT), which is
defined, for a given frequency, as

rmseTOT =

√√√√ 4∑
q=1

rmse2
q (9)

where rmseq is the root mean square error for the qth compo-
nent (q = 1 : 4) of TB , which is denoted by TBq with TB1 =
TBv, TB2 = TBh, TB3 = U , and TB4 = V . For a given value
of Nr (250, 500, 1000, 2000), we have computed rmseTOT for
different Nh’s (from 10 to 25 with step 5).

Table I reports the results of the sensitivity analysis. For the
sake of conciseness, only the 37-GHz channels and BRNN (the
network that yields the best performance, as will be shown in
Section IV) are considered. From Table I, it can be observed
that rmseTOT rapidly decreases with increase of Nh from 10
to 20, for each value of Nr, while it tends to become more
stable for Nh ≥ 20. Moreover, for every Nh, the augmentation
of Nr from 1000 to 2000 implies a slight improvement of the
performances of BRNN and a considerable increase of the time
that is required to train the network. We have therefore chosen
20 neurons for the hidden layer and Nr = 1000 records, having
considered that this is good compromise between accuracy of
the results and complexity of the architecture.

Fig. 1 illustrates the architecture of the adopted NNs.
Since the activation function fact of the hidden neurons is a
tan-sigmoid and that of the output neurons is linear, such
architecture implies that the NN outputs can be expressed by
the following relationship:

TBq=
20∑

j=1

ωqj

[
tan sig

(
5∑

i=1

wjixi+bj

)]
+ βq, q = 1:4

(10)

where wji and bj represent the weights and biases of the jth
neuron of the hidden layer (j = 1 : 20); ωqj and βq denote
the weights and biases of the qth neuron of the output layer,
respectively; and the generic input variable is indicated by
xi(i = 1 : 5).

Obviously, the weights and biases depend on the adopted
backpropagation training algorithm. In [29], an example, re-
porting the values of wji, bj , ωqj , and βq for the network that is
trained with the Bayesian regularization method for the 37-GHz
channels, is explicitly given.

IV. NN APPROACH ASSESSMENT

The last step of our study has consisted of the assessment
of the proposed approach. It has been basically performed
by comparing the TB’s that are produced by the different
simulators that we have considered (SEAWIND, NNs, and
RMFs). Furthermore, an estimate of the impact of the errors on
wind-speed retrievals due to the application of the NN forward
model, as opposed to the explicit electromagnetic model, has
been attempted. It should be stressed that, in this paper, we
rely on the simulation performance of the TSM and on its
implementation in SEAWIND, whose validation is beyond the
scope of this paper. Although many papers have proven the
reliability of TSM (e.g., [4]), the first WindSat observations of
the V signal at 37 GHz are actually much weaker with respect
to those predicted by TSM [30]. Yueh et al. [30] suppose that
this may be due to deficiencies in the two-scale ocean model.
From our point of view, in the event an updating of the elec-
tromagnetic model will become necessary, the procedure that
is described before (generation of training set, NN architecture,
and its optimization) can be rerun in a straightforward way. In
fact, future changes of TSM are not expected to produce very
different radiometric signatures but only to better reproduce
sensitivity of V to geophysical parameters, so that the change
in terms of NN structure is not expected to be very significant.

A. Validation Databases

Although the approximation accuracy of the NNs is mon-
itored during the training phase (through the evaluation of
the objective function), a major issue is the capability of the
training set to really represent the space of possible input
parameters or, in other words, the capability of the NNs to
correctly respond to inputs that are not well represented in
the training set. We have considered validation sets that are
completely different from the training one in order to evaluate
the generalization ability of the network.

The first validation database (hereinafter named as DB1)
has been derived from a set of meteorological analyses that
have been supplied by the European Centre for Medium-Range
Weather Forecasts (ECMWF) and have been collected through-
out the first ten days of each month of year 2000 over the
Mediterranean Sea. From such analyses, we have extracted the
vertical profiles of temperature, pressure, and relative humidity,
as well as the surface value of sea temperature and wind
velocity. We have then applied a radiative transfer algorithm in
a nonscattering atmosphere to compute τ , Tmrdn, and Tmrup
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Fig. 2. Statistics of (a) and (d) Ts, (b) and (e) τ , and (c) and (f) u19 for DB1 (Mediterranean Sea, upper panels) and DB2 (Open Ocean, bottom panels).

[9]. Parameter ϕ originates from the combination of wind
direction and sensor look direction, and since in this paper the
radiometric data are simulated, we have decided to still generate
ϕ randomly but independently from the training set.

A second validation database (hereinafter named as DB2)
has been derived from a set of ECMWF meteorological profiles
concerning the open ocean, specifically, the North Atlantic and
the South Atlantic. This set has been acquired in the framework
of the passive calibration activity of the radar altimeter onboard
Envisat [31]. The use of DB1 and DB2 aims to have two
validation databases that are related to different climatic and
surface conditions for the purpose of verifying the ability of
the network to reproduce the behavior of the SEAWIND in the
presence of different sets of inputs.

Fig. 2 compares the statistics of DB1 and DB2 for three
variables: 1) Ts; 2) τ at 37 GHz; and 3) wind speed u19,
which is closely related to u∗. By examining this figure, the
considerable differences for τ and Ts clearly emerge. These
differences could be due to the fact that the humidity of an
oceanic environment is higher than that of a closed basin, such
as the Mediterranean Sea.

B. RMFs

Another approach to overcome the difficulties of using de-
tailed electromagnetic models consists of introducing RMFs
(e.g., [30] and [32]). They are usually based on statistical
regression analyses of training sets that are derived from ac-
tual measurements or an electromagnetic model. Since we are

interested in comparing the performances of the forward NN
with the RMF approach, a set of RMFs has been derived
from the same training set that is produced by SEAWIND to
train the NN, but making reference to functional forms that
are already proposed in the literature. The components of TB

can be approximately written as (11a) and (11b), shown at the
bottom of the page [33], [34].

As mentioned, q = 1, 2 refers to TBv and TBh, respectively,
while q = 3, 4 refers to U and V , respectively. The surface
emissivity for the qth component is denoted by εq, while the
term Ω represents a correction factor that accounts for nonspec-
ular reflection. For q = 1, 2, we have chosen the expression of
Ω that is given in [32], while for q = 3, 4, we have carried out
a linear fit of the values of Ω that are provided by [34] for
wind speeds equal to 8 and 16 m/s. From each TB simulation
belonging to the training set, we have derived the corresponding
emissivity vector ε by means of (11). Then, we have expanded
the components of ε in harmonics [34] as in

εq =
{

a0q + a1q cosϕ+ a2q cos 2ϕ, q = 1, 2 (12a)

d0q + d1q sinϕ+ d2q sin 2ϕ, q = 3, 4 (12b)

where aiq and diq are the coefficients (i = 0 : 2). It is worth
noting that d0q is generally thought to be zero (for q = 3, 4)
and is included in (12b) only to account for possible offsets
[34]. The coefficients a0q have been expressed as in [9], while
for a1q,2q, the form that is proposed in [32] has been used.

TBq =
{

TUP + γ [εqTs + (1− εq)(ΩTDN + γTcos)] , q = 1, 2 (11a)

γεq [Ts − (ΩTDN + γTcos)] , q = 3, 4 (11b)
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Fig. 3. me ± σe (sigmae) for (a) TBv , (b) TBh, (c) U , and (d) V . me is indicated by squares (RMFs), crosses (LMNN), and circles (BRNN). σe is represented
by solid lines. DB1 (Mediterranean Sea) is considered. For the sake of clarity, a small horizontal shift between the data points for the same frequency has been
introduced.

Consequently, the first two parameters of the emissivity vector
(q = 1, 2) are expressed by

εq =α0q + α1qu19 + α2qu
2
19 + α3qTs

+ α4qT
2
s + α5qu19 cosϕ+ α6qu

2
19 cosϕ

+ α7qu19 cos 2ϕ+ α8qu
2
19 cos 2ϕ. (13)

As for ε3,4, we have adopted the same functional form as that
given by Yueh et al. [30]. This leads to the following formula
for the third and fourth parameters of the emissivity vector
(q = 3, 4):

εq = d0q + δ1q {1− exp [−(u10/r1)ρ1 ]} sinϕ

+ δ2q {1− exp [−(u10/r2)ρ2 ]} sinϕ

+ δ3q {1− exp [−(u10/r3)ρ3 ]} sin 2ϕ
+ δ4q {1− exp [−(u10/r4)ρ4 ]} sin 2ϕ (14)

where u10 denotes the wind speed at 10 m above sea level.
It has been calculated from u∗ by using the expression that is
given in [4], in which a neutral stability assumption is done,
so that the wind speed increases logarithmically with height.
For ri and ρi(i = 1 : 4), we have retained the values that are
given in [30]. The coefficients αiq(i = 0 : 8) and δiq(i = 0 :
4), which are univocally identifying the RMFs, have been
derived from a regression analysis of the training set. The RMF-
derived simulations, which represent our benchmark, have been
produced by applying (11), (13), and (14) to the inputs from the
validation data sets.

C. Analysis of the Numerical Results

To statistically analyze the results of the comparisons be-
tween NN- and RMF-derived TB’s with those produced by
SEAWIND, we have considered normalized bias error me and

TABLE II
me ± σe FOR THE FOUR COMPONENTS OF THE 37-GHz MODIFIED

STOKES’ VECTOR. DB1 (MEDITERRANEAN SEA) IS CONSIDERED

normalized standard deviation error σe. They are obtained by
dividing the mean and standard deviation of the error in each
element TBq(q = 1 : 4) of the Stokes’ vector by the prior
standard deviation of the element itself, as deduced from the
validation database. This normalization is made to obtain error
parameters of approximately the same order of magnitude,
despite of the dynamic range of TBq .

For the validation data set of the Mediterranean Sea (DB1),
the results for TBv, TBh, U , and V are shown in Fig. 3 in
terms of me ± σe for the three WindSat frequencies. The solid
lines identify the interval [−σe,+σe] around me, while the
values of me are represented by squares (RMFs), crosses (NN
with LM training algorithm), and circles (NN with Bayesian
regularized training). It can be noticed that NNs yield normal-
ized biases that are almost equal to 0, whereas RMFs tend to
underestimate the first two components of the modified Stokes’
vector, particularly, at 18.7 and 37 GHz [see Fig. 3(a) and (b)].
Moreover, the normalized standard deviation errors for U and
V that are exhibited by RMFs are much higher than those
that are associated with NNs, due to the robustness properties
of the latter one. Among the considered training algorithms,
Bayesian regularization yields the smallest σe, thus reproducing
the SEAWIND simulations most accurately.

The values of me ± σe are reported in Table II. For the sake
of conciseness, only the 37-GHz channels are included since
they generally present the largest differences with respect to
SEAWIND, being more affected by the atmosphere and more
sensitive to wind speed. Note that the correlation coefficient
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TABLE III
me ± σe FOR THE FOUR COMPONENTS OF THE 37-GHz MODIFIED

STOKES’ VECTOR. DB2 (OPEN OCEAN) IS CONSIDERED

between SEAWIND and both RMFs and NNs is not reported
since it is always close to 1.

DB1 consists of 1000 records. Since a practical rule to ensure
a good estimate of an N -dimensional statistics (up to second
moments) is to use at least 10×N2 samples [35], we are an
order of magnitude above, being in this case, N = 1. It is worth
mentioning that, to generate 1000 simulations by means of
SEAWIND, it takes about two days (with a personal computer
with a Pentium 4 processor), while, once a network is properly
trained, the generation of 1000 simulations takes only about
0.03 s by running the NN as a forward model.

To verify the validity of our method also for different climatic
conditions, we also have applied NNs and RMFs to DB2 (open
ocean). The results are shown in Table III for the 37-GHz
channels. In this case too, BRNN yields the best results. This is
more evident for σe than for me, thus confirming that Bayesian
regularization training allows the network to generalize better
and, consequently, to be more robust.

DB1 and DB2 have been built to validate our approach
from a statistical point of view. To show detailed comparisons
between SEAWIND and NN outputs, another exercise has been
accomplished using BRNN for the 37-GHz channel. We have
produced TSM and NN outputs for ϕ varying from 0◦ to
360◦ with a step that is equal to 30◦, u∗ varying from 0.05 to
0.85 m/s with a step of 0.1 m/s (u19 from 1.2 to 18.9 m/s),
and for three values of τ (0.06, 0.09, and 0.12). Then, for
each τ , the azimuthal Fourier harmonic coefficients of the four
components of TB have been derived as functions of u19 for
both SEAWIND and BRNN. Fig. 4 shows the comparison for
the three harmonics of TBv (denoted by TBv0, TBv1, and TBv2)
and TBh (TBh0, TBh1, and TBh2). Fig. 5 provides the analogous
comparison (only first and second harmonics, obviously) for U
(U1 and U2) and V (V1 and V2). For the sake of clarity, the
plots of the first and second harmonic retain only curves with
τ = 0.06 and τ = 0.12, respectively. SEAWIND simulations
are denoted by asterisks (τ = 0.06), plus signs (τ = 0.09),
and crosses (τ = 0.12). BRNN simulations are represented by
solid lines (0.06), dotted lines (0.09), and dashed lines (0.12).
These figures demonstrate the capability of the network to
reproduce the sensitivity of the physically based polarimetric
model that is implemented in SEAWIND to both wind speed
and atmospheric transmittance. There is only a slight underesti-
mation (less than 0.5 K) of TBv1 and TBh1 for high wind speeds
(u19 > 15 m/s).

D. Impact on Wind Speed Retrieval

Any forward model is used within the retrieval task either to
generate training sets or to run iterative estimation algorithms
(e.g., [36]). The final step of our study regards the impact of
the discrepancies between SEAWIND and NNs on wind speed

Fig. 4. Azimuthal Fourier harmonic coefficients versus wind speed of
37-GHz SEAWIND and BRNN simulations for (a) TBv0, (b) TBh0,
(c) TBv1, (d) TBh1, (e) TBv2, and (f) TBh2. Three optical thicknesses are
considered: (SEAWIND: asterisks, BRNN: solid lines) 0.06, (SEAWIND: plus
signs, BRNN: dotted lines) 0.09, and (SEAWIND: crosses, BRNN: dashed
lines) 0.12.

Fig. 5. Azimuthal Fourier harmonic coefficients versus wind speed of 37-GHz
SEAWIND and BRNN simulations for (a) U1, (b) V1, (c) U2, and (d) V2. Two
optical thicknesses are considered: (SEAWIND: asterisks, BRNN: solid lines)
0.06 and (SEAWIND: crosses, BRNN: dashed lines) 0.12.

estimations. Having this objective in mind, we have evaluated
the effect of building a data set to train a wind-speed estimator
using: 1) the SEAWIND physically based forward model and
2) the BRNN approximated forward model.

Since a full implementation of an accurate algorithm for
wind vector retrieval is beyond the scope of this paper, to give
an estimate of such impact we have adopted a linear regression
technique, very often used as a benchmark for estimating
wind speed [9], [37]. We have used TBv’s and TBh’s as u19

predictors, by assuming a first-degree polynomial relationship

u19 = p0 +
2∑

q=1

3∑
i=1

pqiTBq(fi) (15)

where pqi and p0 are the coefficients, and fi(i = 0, . . . , 3)
are the three frequencies that are considered in this paper.
We emphasize that this is only a theoretical exercise, and it
is understood that an algorithm of practical use should also
include 23.8 GHz, to account for the atmospheric water vapor
(e.g., [30]).

To develop the two wind-speed estimators based on (15), we
have accomplished a systematic sampling [9] to divide DB1
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in two subsets (each one including 500 records), which are
denoted by DB1′ for training and DB1′′ for testing. Then, we
have performed a regression analysis to compute two sets of
coefficients pqi and p0, using: 1) the SEAWIND simulations
belonging to DB1′ and the corresponding u19 and 2) the
brightness temperatures that are produced by applying BRNN
to DB1′ (and the same u19, obviously).

To evaluate the behavior of these two estimators, they have
been applied to the same set of brightness temperatures, i.e., to
those belonging to DB1′′ that have been simulated by means
of SEAWIND, which is considered the “truth” in this exercise.
The statistics of the difference between u19 that is estimated by
the two regressions, based on SEAWIND- and BRNN-derived
training sets, have been finally calculated. The mean value
and the standard deviation of this difference have been found
to be equal to 0.04 and 0.08 m/s, respectively. If a Gaussian
noise with 0-K mean and 1-K standard deviation is added to
the TB’s belonging to both the training (DB1′) and testing
(DB1′′) sets, as it is commonly done to increase the estimator
robustness, both the mean value and the standard deviation of
the u19 difference become negligible. In other words, the noise
tends to mask the differences between BRNN- and SEAWIND-
derived brightness temperatures, and the two estimators become
substantially identical.

It is worth mentioning that the root-mean-square difference
between u19 estimates is much smaller than the error that is
expected for wind speed retrievals. For instance, in [9], using
the SSM/I radiometer in the Mediterranean Sea (to which DB1
is related), the root-mean-square error has been found on the
order of 1.4 m/s. We can therefore foresee a fairly low impact
of the errors in the NN TSM emulation on u19 estimates.

V. CONCLUSION

An NN has been proposed for simulating satellite microwave
polarimetric observations of the sea surface. This technique has
been applied to approximate the behavior of a software package
implementing the TSM. The three WindSat fully polarimetric
channels have been considered in this study. The use of an
NN has considerably improved the computational efficiency of
the forward model (two days versus 0.03 s to produce 1000
simulations, for a given frequency).

It has been demonstrated that an NN reproduces the behavior
of the TSM fairly well, generally improving the accuracy that is
achievable with a standard model function approach. Two NN
training algorithms have been taken into consideration, and the
Bayesian regularization has yielded the best results due to its
generalization characteristic. A preliminary analysis seems to
indicate that a retrieval algorithm that is trained by simulations
that are produced by an NN provides wind speed estimates that
are very similar to those that are supplied by an algorithm that
is trained directly by the TSM.

Besides its use within an inversion scheme, an NN approach
may be important for validation/calibration of the physically
based forward model as well. Although a direct test of the
physical model is preferable, the low computational efficiency
hampers the generation of large validation sets spanning many
different meteorological conditions, as required to ensure a

reliable verification. This may suggest the use of the faster
NN counterpart, which can rapidly give an indication of the
suitability of any upgrade of the physical model.

Finally, further advantage of this approach stems from the
opportunity to train the network on a database merging both
model outputs and real measurements, thus providing an em-
pirical constraint to the theoretical model.
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