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Abstract Many air‐sea interaction processes are quantiﬁed in terms of whitecap fraction W because
whitecaps are the most visible and direct way of observing breaking waves with air entrainment in the open
ocean. Photographs or video images of the sea state collected from towers, ships, and aircrafts have been used
over the years to obtain W. Satellite remote sensing of W is a recent development that allows long‐term,
consistent observations of whitecapping on a global scale. The method for estimating W uses the variations of
ocean surface emissivity at microwave frequencies (6 to 37 GHz) due to presence of sea foam on a rough sea
surface. Satellite‐borne microwave radiometers detect these variations at the ocean surface as changes of the
brightness temperature TB at the top of the atmosphere. We present the physical and parameterized models, as
well as the input data, necessary to calculate W from WindSat TB observations with our W (TB) algorithm. We
describe the implementation versions through which the W (TB) algorithm has developed. We show that
satellite‐based W data vary with the frequency and polarization of the TB observations. The wind speed
dependence of the W retrievals at horizontal and vertical polarizations shows different behavior and compares
differently with in situ W data and existing wind speed parameterizations W(U10). We discuss the applicability
of our methodology to other radiometric data. We indicate possible modiﬁcations and tuning of the models
in the W (TB) algorithm that can help to further improve the accuracy of the satellite W retrievals.
Plain Language Summary When out in the open sea, we all fancy the bright, ﬂeeting sea foam
capping the waves. In addition to their beauty, these whitecaps also play a critical role in the interaction
between the ocean and the atmosphere. Oceanic whitecaps form when waves break and entrain air in the
water. The entrained air breaks up into bubbles, which then rise to the surface clustering into patches of
sea foam. Whitecaps on the surface and bubbles in the water enhance the exchange of gases and particles
across the air‐sea interface. Accurate modeling of these exchange processes is necessary for weather
prediction and climate studies. Whitecaps are traditionally measured from photographs of the ocean surface.
However, these measurements are difﬁcult and only on a local scale. We developed a method to measure
whitecaps from satellites. This method allows observations of oceanic whitecaps, and the processes
associated with them, on a global scale. In this paper, we describe the models and the data, which we use to
measure whitecaps from satellites. We show how these satellite measurements compare to the traditional
photographic measurements of whitecaps. We discuss how this methodology can be improved and
applied to sensors on different satellites.
1. Introduction
Surface ﬂuxes of energy and mass across the air‐sea interface bring about the ocean‐atmosphere coupling.
The accuracy of the surface ﬂuxes affects models used for weather forecast (Berry & Kent, 2009), storm intensiﬁcation prediction (Andreas & Emanuel, 2001; Wang et al., 2001), and climate change studies (Huber &
Zanna, 2017). Bubble plumes and whitecaps, formed in open ocean by breaking waves (Blanchard, 1963),
enhance the surface ﬂuxes of momentum (Thorpe, 1992), heat (Andreas et al., 2015), gases (Wanninkhof
et al., 2009), and particles (Veron, 2015). Oceanic whitecaps are the most visible and direct manifestation
of wave breaking with air entrainment. Whitecap fraction W—deﬁned as fraction of the ocean surface covered by whitecaps (sea foam)—quantiﬁes the spatial extent of whitecaps. Therefore, W is a suitable forcing
parameter for developing parameterizations of surface ﬂuxes needed to represent air‐sea interaction (ASI)
processes in models. (Table S1 in the Supporting Information [SI] lists all acronyms and abbreviations used
in the text.)
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Typically, parameterizations of surface ﬂuxes use expressions of W as a function of wind speed at 10‐m reference height U10, which are derived from in situ W data sets (de Leeuw et al., 2011; Fairall et al., 1994;
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Table 1
In Situ Data Sets of Whitecap Fraction W, Which Obtain One W Data Point by Averaging More Than 100 Images of the Sea State
No

Data set reference
data plot/access

Location

Season

# data points

Images per
data point

Averaging
period (min)

Image
−1
rate (s )

1

Sugihara et al. (2007)
Figure 9/Table 1

Tanabe Bay Wakayama,
Japan

Nov–Dec 2003
Feb–Mar 2004

91

600

10

1

2

Callaghan, Deane et al. (2008)
Figure 4b/Digitized

Martha's Vineyard
Massachusetts, USA

Nov 2002

73

400–1,200

20

1

3

Callaghan, de Leeuw, et al. (2008)
Figure 1/Data exchange

Northeast Atlantic

Jun–Jul 2006

107

100–782

30

0.5

4

Mironov and Dulov (2008)
Figure 7/Tables A.1 and A.2

Black Sea

Fall 2003
Fall 2005

35
36

O(10 –10 )

3

20–30

15
25

5

Kleiss and Melville (2010)
Figure 8a/Table 1

Eastern tropical
Paciﬁc ocean

Feb 2004

31

4,000

2*

15–30

6

Scanlon and Ward (2016)
Figure 3/Data exchange

North Atlantic
Southern Ocean

Jun–Jul 2011
Feb–Mar 2012

206

300

10

0.5

7

Schwendeman and Thomson
(2015) Figure 6a/ftp access
Brumer et al. (2017)
Figure 9a/ftp access

North Paciﬁc

Sep–Oct 2012
Dec–Jan 2015
Feb–Apr 2008
Oct–Nov 2013

77

O(10 )

30

15

97
176

O(10 –10 )

20

5
20

8

Southern Ocean
North Atlantic

4

4

3

4

Note. The W data are for active (A) + decaying (B) whitecap stages. All data collected in situ from towers or ships (i.e., coastal zone to open ocean) using digital
video. Suites of meteorological and oceanographic data accompany all new W data sets, including wind speed, SST, atmospheric stability, salinity, waveﬁeld characteristics (e.g., signiﬁcant wave height, wave period, and wave phase speed).
2
*Each color circle in Figure 8a is from an image sequence covering 3 km ; corresponding time and number of images from Kleiss and Melville (2011).

Wanninkhof et al., 2009). Wide spread of the W data within and between in situ data sets (Lewis & Schwartz,
2004) has led to W(U10) parameterizations that predict W with more than 2 orders of magnitude variations at a
given wind speed (Anguelova & Webster, 2006, hereafter AW06). This, in turn, has prevented development of
reliable parameterizations of ASI processes and thus accurate predictions with weather and climate models.
The wide spread of the in situ W data (and the parameterizations based on them) is partially due to difﬁculties in the conventional measuring of whitecap fraction from still photographs and video images of the sea
state (Lewis & Schwartz, 2004). Difﬁculties arise for two reasons: ﬁrst, use of different approaches to the
separation of sea foam from the surrounding water (de Leeuw et al., 2011) and second, use of (in effect)
instantaneous W data points, obtained from 5 to 20 photographs (Monahan, 1971; Stramska & Petelski,
2003), instead of averaged W data points, obtained from hundreds of images (Callaghan & White, 2009, their
Figure 5). The work of de Leeuw et al. (2011, their Figure 2) showed that the spread of W data has narrowed
recently because digital photography increased the number of images used to obtain one W data point and
image‐processing algorithms improved. New W data sets (Table 1) continue this trend and thereby support
an increasing consistency among new W(U10) parameterizations. This establishes a new state‐of‐the‐art status—represented with Figure 1 of Brumer et al. (2017)—that supersedes the status documented with
Figure 1 of AW06.
New W data sets (Table 1) show 1 to 2 orders of magnitude spread at a given wind speed; the hourly and 30‐
min‐averaged data points of Brumer et al. (2017, their Figures 9–12) are an example. As improved image processing algorithms keep reducing the errors of determining W, natural variability of the whitecaps can
explain at least part of the remaining spread among W data. Various factors affect W in addition to U10
(Callaghan, Deane, et al., 2008; Monahan & O'Muircheartaigh, 1986; Stramska & Petelski, 2003).
Additional factors include waveﬁeld (e.g., signiﬁcant wave height and wave age), atmospheric stability,
and seawater properties such as sea surface temperature (SST), sea surface salinity (SSS), and surface‐active
materials (surfactants). This suggests that U10 alone cannot fully predict W variations because W(U10)
expressions represent only the trend of W with U10, but not the spread of W at a given U10. To quantify
the natural variability of whitecap formation and extent, ﬁeld campaigns conducted over the past decade
or so (Table 1) have been collecting whitecap fraction data concurrently with suites of meteorological and
oceanographic variables. Still, the amount of in situ data proves insufﬁcient to fully investigate and adequately quantify additional inﬂuences on W.
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As an alternative approach, AW06 promoted the possibility to obtain whitecap fraction from satellite‐based
(spaceborne) observations in order to build a database of W (and other variables) suitable to quantify the
whitecap variability. This method for estimating W from satellite observations relies on the increase of the
ocean thermal emission at microwave frequencies f (300 MHz to 300 GHz, with corresponding wavelengths
λ of 1 m to 1 mm and angular wave numbers k = 2π/λ rad m−1) in presence of sea foam on a rough sea surface. Satellite‐borne microwave radiometers observe the sea state variations at the ocean surface as changes
of the brightness temperature TB at the top of the atmosphere (TOA).
Passive (radiometric) microwave measurements of whitecaps build on the strong correlation between W and
TB established by data collected with ground‐based or airborne radiometers (Bobak et al., 2011). Pandey and
Kakar (1982) and Wentz (1983) ﬁrst reported estimates of W from satellite‐based TB data. Using TB observations from the Special Sensor Microwave Imager (SSM/I), AW06 demonstrated the feasibility of satellite
remote sensing of W with implications for ASI studies. AW06 suggested two major improvements for the
algorithm they developed, namely, (i) use of physics‐based (instead of empirical) models for foam‐covered
and rough sea surfaces and (ii) use of independent data as input to those models.
We carried out the suggested improvements within the framework of the WindSat mission (Gaiser et al.,
2004) at the U.S. Naval Research Laboratory (NRL). The concept and major points of the algorithm obtaining whitecap fraction W from WindSat measurements of ocean brightness temperature TB, hereafter referred
to as W (TB) algorithm, have been highlighted before (Albert et al., 2016; Anguelova et al., 2006; Paget et al.,
2015; Salisbury et al., 2013). Anguelova et al. (2017) brieﬂy summarized new developments of the W (TB)
algorithm. This paper describes the W (TB) algorithm in detail and supersedes Anguelova et al. (2017).

2. Concept
Although a simple empirical relationship W (TB) can be used (Wang et al., 1995), a physical approach for
obtaining W from TB is preferable because it allows to better account for processes associated with breaking
waves and whitecaps. A physical algorithm W (TB) that couples air‐sea processes with atmospheric propagation effects is based on a radiative transfer model (RTM).
2.1. Radiative Transfer Model
Passive microwave remote sensing of any geophysical variable uses an RTM to simulate the TB emitted and
reﬂected by the surface and propagating through the atmosphere (Wentz, 1997). The RTM used here updates
the simpliﬁed one used by AW06, who assumed specular reﬂection of TB from a ﬂat sea surface. Following
Bettenhausen and Anguelova (2017) and rearranging, the RTM posits that TB at the TOA comprises contributions from four terms:
2
T TOA
Bp ¼ τep T þ T BU þ τΩDp r p T BD þ τ ΩCp r p T C

(1)

where p refers to polarization (e.g., horizontal h or vertical v); we omit subscript p for simplicity. The ﬁrst
term in (1) is the brightness temperature of a sea surface with emissivity e and physical (thermodynamic)
SST T. The remaining three terms represent contributions from the atmosphere, namely, upwelling and
downwelling atmospheric radiation, TBU and TBD, and cosmic background radiation TC (≅ 2.7 K).
Reﬂectivity r = 1 − e represents the reﬂection of TBD and TC from the ocean surface back to space. The relationship between e and r follows from the combination of two physical laws: (i) the conservation of energy
law for opaque ocean stating that absorptivity + reﬂectivity = 1 when transmissivity = 0 and (ii) the
Kirchhoff's radiation law stating that absorptivity = emissivity (Peake, 1959). Atmospheric transmissivity τ
(and factor τ2) accounts for radiation attenuation on the way up or/and down through the atmosphere.
Factors ΩD = 1 + Ω and ΩC = ΩD−Ω/τ involve the Ω factor, which accounts for nonspecular reﬂection of
TBD and TC from a rough sea surface (Johnson, 2006; Meissner & Wentz, 2012; Wentz, 1997). The information for whitecap fraction W in (1) is in e and r.
2.2. Sea Surface Emissivity
Representations of the sea surface emissivity e in (1) differ in different geophysical models (GMs; also known
as forward models or geophysical model functions [GMFs]). To retrieve wind speed from TB, Wentz (1997)
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represented the sea surface emissivity e ≡ E as the sum of specular emissivity E0 and wind‐induced emissivity
EW (here subscript W stands for wind), that is, E = E0 + EW. To retrieve wind vector (speed and direction)
from TB, Bettenhausen et al. (2006, hereafter Bett06) and Meissner and Wentz (2012) represent e ≡ E with
three components, that is, E = E0 + ΔEW + ΔEϕ for specular emissivity, wind‐induced emissivity, and wind
direction signal, respectively. These representations include the signal from whitecaps implicitly in the
wind‐induced terms. These are well‐justiﬁed representations of e because they do not pursue determination
of the whitecap fraction W.
Because we aim to determine whitecap fraction, we need explicit representation of W in our GM. Stogryn
(1972) ﬁrst represented the signal from a sea surface partially covered with whitecaps using whitecap fraction W explicitly. Following Stogryn (1972), our formulation of the sea surface emissivity e comprises contributions from rough sea surface er and whitecaps eW (note that in our notations hereafter the subscript W
refers to whitecap fraction). Terms er and eW are, respectively, area‐weighted emissivity Er of rough foam‐
free sea surface and Ef of 100% foam‐covered sea surface, with weighing factors determined by W. We
thus write
e ¼ er þ eW ¼ ð1−W ÞEr þ W E f ¼ ð1−W ÞðE0 þ ΔE r Þ þ W E f

(2)

The extended form of Er in (2) includes the specular emissivity E0 and a wind‐dependent increase of emissivity due to roughness ΔEr. We can obtain W from (2) using measured and modeled data for the terms
and variables involved.
2.3. Azimuthal Variations of Foam
Equation (2) represents phenomenological partitioning of the sea surface emissivity e to contributions from
ﬂat, rough, and foamy areas. The relative importance of these contributions depends on the wind forcing.
Thus, to account for the directionality of a wind‐driven sea surface, another notable partitioning of e is into
isotropic and anisotropic components, e = e0 + eϕ. The former accounts for the variations of e forced by the
wind speed magnitude (strength). The latter accounts for wind direction effects. With this causal partitioning of e, TBp (for p = h, v) in (1) can be expressed with Fourier cosine series expanded to the second harmonic
of the relative wind direction ϕR (Bettenhausen & Anguelova, 2017; Wentz, 1992; Yueh, 1997):
T Bp ¼ T Bp0 þ ΔT Bp ¼ T Bp0 þ T Bp1 cosϕR þ T Bp2 cos2ϕR

(3)

Here ϕR = ϕw−ϕ is deﬁned as the difference between the wind direction and the radiometer look direction
(line‐of‐sight) determined by azimuth angles ϕw and ϕ, respectively. The coefﬁcients TBpi (i = 0, 1, 2) in the
series are called harmonics. The zero harmonics TBp0 in (3) are the isotropic components of TBp, free of azimuthal effects. The ﬁrst azimuthal harmonics of ϕR, TBp1, account for the upwind and downwind asymmetry
of the waveﬁeld, while the second azimuthal harmonics TBp2 quantify the upwind and crosswind asymmetry
(Cox & Munk, 1954).
The W (TB) algorithm uses only the zero harmonic TBp0 in (3); (1) represent this simpliﬁed form TBp ≅ TBp0.
Models (Kunkee & Gasiewski, 1997) and measurements (Padmanabhan et al., 2006; Rose et al., 2002) have
shown that there are azimuthal variations in foam emissivity. One can thus expect that sea foam contributes
to term ΔTBp in (3) as well. However, we do not consider the azimuthal variations of sea foam because these
are most likely negligibly small over the WindSat footprint. Future analysis and quantitative characterization of the uncertainties of the W (TB) algorithm may justify explicit accounting for the azimuthal variations
of foam emissivity.
2.4. Geophysical Model for Whitecap Fraction
Our approach to obtaining W differs from that of AW06 in their feasibility study. AW06 obtained whitecap
fraction by solving (2) for variable W = (e − Er)/(Ef − Er). Satellite data and simple models provided the emissivities in this expression. The composite (roughness + foam) surface emissivity e came from SSM/I observations of TB corrected for the atmospheric signal. AW06 used an empirical expression to calculate Er. AW06
obtained Ef from foam reﬂectivity Rf, which was computed with the Fresnel formula using foam permittivity
εf calculated from the Maxwell Garnett formula (Anguelova, 2008) with a constant void fraction.
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In the NRL W (TB) algorithm, we solve (2) for the whitecap term:
eW ¼ e−er ¼ e−ð1−W ÞE r ¼ W E f

(4)

W ¼ eW =Ef ¼ ðe−er Þ=E f

(5)

From (4), we obtain W as

We evaluate the composite and roughness‐only emissivity terms e and er in (5) by solving (1) for the respective sea surface emissivity:

e ¼ T TOA
−B =A
B

er ¼ T TOA
Br −B =A

(6b)

A ¼ τ ðT−ΩD T BD −τΩC T C Þ ¼ τ ðT−T BΩ Þ

(7a)

B ¼ T BU þ τΩD T BD þ τ 2 ΩC T C ¼ T BU þ τT BΩ

(7b)

T BΩ ¼ ΩD T BD þ τΩC T C ¼ ð1 þ ΩÞ½T BD þ ðτ−1ÞT C  þ T C

(7c)

(6a)

where

Note that TBΩ in (7) differs from TBΩ deﬁned by Meissner and Wentz (2012, their equations (1) and (21)).
Using (6), the whitecap term in (5) is

eW ¼ e−er ¼ T TOA
−T TOA
=A
B
Br

(8)

The subtraction of the two terms and the division by factor A correct for the atmospheric signal and provide
the whitecap term eW at the surface with (8), thus W with (5).
and T TOA
in (8) with (1) and (2) requires models for the atmosphere, the sea surface
The modeling of T TOA
B
Br
emissivity, and the Ω factor. The atmospheric model is necessary to obtain the atmospheric variables τ, TBU,
and TBD. Modeling of the sea surface emissivity requires the following: (i) a model for the seawater permittivity (dielectric constant) to obtain specular emissivity E0 of the ocean surface, (ii) models for surface roughness and wave spectrum to obtain er or Er, and (iii) a model for the foam emissivity to obtain Ef.
We need both instrumental (sensor) and geophysical variables to run all these models. The sensor variables
include the radiometer frequency f, polarization p, and Earth incidence angle (EIA) θ. The geophysical variables necessary for the atmospheric model are the precipitable water vapor (PWV) V, the cloud liquid water
(CLW) L, and SST T. The models for the specular emissivity and foam emissivity both need data for T and
SSS S. The roughness model, through the wave spectrum, needs data for θ, U10, ϕR, and T. The input variables forcing the models can be geophysical retrievals from different satellites and/or data from
numerical models.
The W (TB) algorithm, as presented with (5) and (8), uses a combination of (a) WindSat TB and external geophysical data, (b) parts of the parameterized WindSat GMF, and (c) dedicated parameterizations and approximations for the W (TB) algorithm. Both the WindSat GMF and the W (TB) algorithm build on well‐known
physical models. However, the use of parameterizations avoids computationally expensive calculations with
the W (TB) algorithm for long‐term calculations of W. Table 2 summarizes the models and variables necessary
for the W (TB) algorithm. Details on these data (section 3) and models (section 4) follow.

3. Data
We use the data described in this section as input values to physical or parameterized models used to develop
or run the WindSat GMF and/or the W (TB) algorithm (Table 2). To this end, we collocate the WindSat TB
data (section 3.1) with external data (section 3.2). Criteria for the temporal and spatial collocation (matching) differ depending of the types of the external data sources (section 3.3).
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Table 2
Input Variables to Models, Regressions, and Parameterizations (Fits) Used in the W (TB) Algorithm
Input variables*

Output variables

Info in section

V, L, T column
T, θ, S
U10, ϕR, T, θ
U10, ϕR, T, θ, V, L, T
T, S, θ, fa, p(t)
V, L, T proﬁles
†
U10, T, θ, S
U10, τ, T
U10, T, θ, S

τ, TBU, and TBD
r, e
e2scl
TBΩ, Ω
εf, Ef
Tu, Td, AO, AV, AL
e2scl with cj0n
Ω with coeffs.
eemp with c′j0n

4.1, Text S1
Text S2
4.2, Texts S3 and S4
4.4, Text S5
4.6, Text S6
4.1, Text S1
4.2
4.4
4.5

Models/parameterizations
Atmospheric parameters
Specular emissivity
2‐scale roughness emissivity
Nonspecular factor Ω
Foam emissivity
Atmospheric parameterizations
Roughness‐only emissivity ﬁt
Ω‐factor ﬁt
Composite emissivity ﬁt

*All input and output variables are deﬁned in the referred sections.
referred sections.

†

Early versions of the surface emissivity ﬁts did not include salinity term; see details in the

3.1. WindSat Data
Gaiser et al. (2004) give a complete description of the WindSat sensor and data processing. The brief summary here introduces terms necessary for the description of the whitecap algorithm. WindSat is a conical‐
scanning radiometer, which measures the natural thermal emission of the surface‐atmosphere system.
WindSat scans the scene in both forward and aft viewing directions. The width of the forward swath is about
950 km, and the width of the aft swath is about 350 km. Operating over ﬁve microwave frequency bands,
WindSat has 22 channels, which provide dual polarization (h and v) at 6.8 and 23.8 GHz, and full polarimetric capability (six polarizations) at 10.7, 18.7, and 37 GHz. The EIA is different for each frequency band
and varies up to about 0.6° over the WindSat forward scan. Table 3 lists the nominal center frequency f for
each WindSat frequency band along with polarization channels, nominal EIAs θ for the forward portion of
the scan, and instantaneous ﬁeld of view (IFOV); λ and k, corresponding to each f, are listed for convenience.
The WindSat data processing applies a number of calibration procedures to the raw WindSat data and produces antenna temperatures in all 22 channels (Gaiser et al., 2004, their Figure 8). Subsequent resampling
and beam averaging collocates the WindSat sensor data records (SDRs) over elliptical composite ﬁelds of
view (CFOV). The NRL WindSat SDRs are thus produced at three common spatial resolutions: high resolution with CFOV of approximately 25 km × 35 km, medium (CFOV ≈ 35 km × 53 km), and low
(CFOV ≈ 50 km × 71 km). Hereafter, we refer to these as WindSat SDRs at swath resolutions. The low‐
resolution data include observations at all ﬁve frequencies; the high‐resolution data do not include observations at 6.8 GHz. The WindSat data in the 22 channels are then combined to form the four modiﬁed Stokes
parameters (Gaiser et al., 2004; Le Vine & Utku, 2009). This last processing step provides the WindSat SDRs
in 16 channels of TB values, namely, h and v polarizations at 6.8 and 23.8 GHz and four Stokes parameters at
10.7, 18.7, and 37 GHz; hereafter, we use TBs and SDRs interchangeably.
The modiﬁed Stokes parameters completely characterize the electromagnetic (EM) signature of the ocean
surface. This enables WindSat to provide, for the ﬁrst time, ocean surface wind vector (U10 and ϕR) using passive (radiometric) remote sensing data. WindSat SDRs also provide retrievals of T, V, and L. The retrieved

Table 3
WindSat Instrument Parameters: Frequency f in GHz, Polarization p, Earth Incidence Angle (EIA) θ in Degree, and Instantaneous Field of View (IFOV) in km
Frequency f (GHz)
6.8
10.7
18.7
23.8
37.0

Polarization channels p

EIA θ (°)

IFOV (km)

Wavelength λ (cm)

Wave number k (rad/cm)

v, h
v, h, +45°, −45°, LCP, RCP
v, h, +45°, −45°, LCP, RCP
v, h
v, h, +45°, −45°, LCP, RCP

54.0
50.3
55.9
53.5
53.5

39 × 71
25 × 38
16 × 27
20 × 30
8 × 13

4.41
2.80
1.60
1.26
0.81

1.425
2.244
3.927
4.987
7.757

Note. The 22 polarization channels are denoted as v and h for linear vertical and horizontal polarizations, respectively; ±45° for linear polarizations at +45° and
−45°; LCP/RCP for left‐ right‐handed circular polarizations, respectively (spie.org/publications/fg05_p07‐09_polarization_ellipse?SSO=1). Wavelengths λ (in
−1
cm) and wave numbers k = 2π/λ (in rad/m ) corresponding to each f are also given.
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quantities (U10, ϕR, T, V, and L) constitute the WindSat environmental
data records (EDRs). WindSat SDRs and EDRs at low, medium, and high
resolutions are saved in binary ﬁles for each WindSat orbit.
The W (TB) algorithm uses WindSat data only from the forward swath.
Each data point within the WindSat swath comes with a unique SDR
number, time, latitude, longitude, particular EIA θ for each frequency,
and TBs for 16 channels (among other things). Figure 1 shows maps of
daily TB and U10 values from the forward swaths in high resolution for
descending passes.
3.2. External Data

Figure 1. Maps of WindSat observations and retrievals in swath resolution
on 27 December 2006 (14 orbits, descending passes): (a) brightness temperature TB (K) at 18 GHz, h polarization, and (b) wind speed U10 (m/s).

We use geophysical data from satellites and numerical models. Satellite‐
based retrievals of ocean wind vector (OWV) are available from the
SeaWinds microwave scatterometer on board the QuikSCAT satellite.
We used the Level 2B data set obtained with Version 2 of QuikSCAT
GMF on a nonuniform grid within the swath at 25‐km pixel resolution.
The Physical Oceanography Distributed Active Archive Center (PO.
DAAC) at the NASA Jet Propulsion Laboratory (winds.jpl.nasa.gov/missions/quikscat) distributes the data. SeaWinds provided data until
November 2009. SSM/I retrievals of V and L gridded into 1/4° × 1/4°
longitude‐latitude cells are available from Remote Sensing Systems
(RSS; Wentz et al., 2012). We have used the SSM/I data from platform
F13 processed with versions 6 (v6) and 7 (v7) of the RSS algorithm
(Wentz, 2013) until November 2009. Subsequently, the Special Sensor
Microwave Imager Sounder (SSMIS) data on platform F17, processed with
RSS algorithm v7, are in use. RSS also provides retrievals of V and L from
TRMM Microwave Imager (TMI) from the Tropical Rainfall Measuring
Mission (TRMM) up to the end of 2014 (Wentz et al., 2015).

Numerical weather prediction models provide atmospheric proﬁles (PWV
and CLW), along with surface data (OWV and SST) when satellite‐based
retrievals are not available. For the whitecap algorithm, we have used data from three models. Global
Data Assimilation System (GDAS) of National Centers for Environmental Prediction (NCEP) gives OWV
and SST from 6‐hr analyses (times 0000, 0600, 1200, and 1800). The European Center for Medium range
Weather Forecasting (ECMWF) 6‐hr reanalyses (hereafter referred to as ERA) provide gridded data at nominal horizontal resolution of 0.703125° (using longitude‐latitude array N128) via the ERA‐Interim Project
(Research Data Archive at NCAR, CISL). The Navy Global Environmental Model (NAVGEM) 6‐hr
reanalysis (hereafter referred to as NRA) data include OWV and SST at both 1° × 1° and 1/3° × 1/3°
longitude‐latitude grid cells.
We also used SST from the NOAA Optimum Interpolation 1/4 Degree Daily Sea Surface Temperature
(OISST) analysis (Reynolds & Banzon, 2008). The NOAA National Centers for Environmental Information
provides monthly salinity climatology (the World Ocean Atlas) at 1° × 1° longitude‐latitude grid cells.
3.3. Matched‐Up Data

We screen the WindSat SDRs for quality before matching them up with external data. WindSat data are
excluded if the TBs are outside of physical bounds for ocean scenes or the particular EIAs are more than
0.5° from their nominal values. Data are also excluded for rain, ice, inland lakes, land contamination, satellite attitude anomalies, and if less than 60% of the measurements nominally used for beam averaging are
available. We ﬂag data affected by radio frequency interference in the 6.8‐, 10.7‐, and 18.7‐GHz bands.
We collocate WindSat SDRs to satellite retrievals of geophysical variables (section 3.2) when available. We
use OWV from QuikSCAT retrievals within 25 km and 60 min of the WindSat measurement. The RSS data
for V and L from SSM/I, TMI, or SSMIS are collocated to within 25 km and 40 min of the WindSat observations. Both time and distance differences are recorded for each matchup pair.
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Figure 2. Wind speed U10 from different data sources (section 3.2) collocated to WindSat SDRs (section 3.1) and used
with different versions of the WindSat forward model (section 4): (a) U10 from QuikSCAT complemented with data
from GDAS for v1 matched with WindSat TB data for orbit 20574 on 27 December 2006. (b) U10 either from ERA or from
NRA for v2 matched with WindSat TB data for orbit 57994 on 19 March 2014.

When a matchup to satellite retrievals of geophysical variables is not available, we use surface data U10, ϕR,
and T from numerical models (section 3.2). We take GDAS surface data closest in time within 1 hr of the
WindSat observation time. The time difference for each matchup pair is recorded. Surface data from either
NRA or ERA have been collocated with WindSat observations within 3 hr. The relaxed temporal criterion
(compared to that for GDAS) aims to cover conditions over wider geographical area. We make a time interpolation when matching WindSat SDRs with ERA or NRA data. Bilinear spatial interpolation matches all
numerical data to the location of the WindSat SDR.
Figure 2a shows probability distributions of wind speed U10 from QuikSCAT (black bars) and GDAS (red
bars) matched with WindSat SDRs for orbit 20574 on 27 December 2006. Figure 2b shows U10 probability
distributions for NRA (black) and ERA (red) matched with WindSat TB data for orbit 57994 on 19
March 2014.

4. Models
The W (TB) algorithm calculates the terms and variables necessary to obtain W with (5) and (8) with a suite of
physical models and parameterizations (section 2.4 and Table 2). Following established practices for algorithm development (Meissner & Wentz, 2012; Wentz, 1997; Wentz & Meissner, 2000), our parameterizations
are polynomial ﬁts to modeled physical data in terms of EIA, SST, SSS, OWV, PWV, and CLW. The SI gives
the theoretical concepts and the main expressions for the physical models we employed. These include models for the atmospheric variables (Text S1), the sea surface emissivity (Texts S2–S4), the nonspecular reﬂection factor Ω (Text S5), and the foam emissivity (Text S6). The W (TB) algorithm has used WindSat GMF
versions 1.9.6 and 2.4.6, hereafter referred to as v1 and v2, respectively. Bett06 describe earlier version of
the WindSat GMF. Full account of the latest updates of the WindSat GMF will be given elsewhere.
Information on the development and parameterization of WindSat GMF components speciﬁc to the
W(TB) algorithm follows.
4.1. Atmospheric Variables
We assume a one‐layer isotropic atmosphere. This approximation is suitable because the WindSat frequencies (Table 3) do not provide the information necessary to estimate atmospheric proﬁles. The atmospheric
variables τ, TBU, and TBD in (1) and (7) are calculated using effective atmospheric temperatures Tu and Td
and the atmospheric opacity α due to absorption of oxygen AO, PWV AV, and CLW AL (Text S1).
Variables Tu, Td, AO, AV, and AL are polynomial regressions in terms of PWV, CLW, and SST. Separate
regressions are derived for each WindSat frequency. Equations (S2) and (S3) represent the parameterized
atmospheric variables for, respectively, versions v1 and v2 of the WindSat GMF. Besides comprising different
polynomial terms, the two versions used different atmospheric RTMs to generate the physical values for Tu,
Td, AO, AV, and AL.
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For v1, we used the one‐dimensional (1‐D) atmospheric RTM of Rosenkranz (1998) for dry air (primarily
oxygen) and water vapor absorption. The model excluded precipitating clouds. The absorption of nonprecipitating clouds was calculated using the Rayleigh approximation. We used the double Debye model of
Stogryn (1997) for the dielectric constant of water (Text S2). Atmospheric proﬁles from NCEP GDAS on a
1° × 1° longitude‐latitude grid were used as input to the atmospheric RTM. We used ocean proﬁles free of
sea ice and rain (L < 0.3 mm) at least 75 km from land for the 1st and 15th day of each month between
July 2001 and June 2002.
For v2, we used the updated 1‐D atmospheric RTM of Rosenkranz (1998, 1999, 2002). We made signiﬁcant
changes to oxygen and nitrogen absorption, as well as corrections to the water vapor line intensities. We
modiﬁed the 22‐GHz line width to match the value in HITRAN (high‐resolution transmission molecular
absorption database) 2008 (Rothman et al., 2009). We used the Rayleigh approximation for cloud absorption
again and the Ellison (2006) permittivity model for both seawater and cloud water. We also included a
curved Earth correction for line‐of‐sight path. Input to the atmospheric RTM were atmospheric proﬁles from
NCEP Global Forecast System tropospheric analysis database. Proﬁles at all four analysis times (section 3.2)
from the 15th of each month of 2008 were taken.
4.2. Roughness‐Only Emissivity
We use the two‐scale (or 2‐scale) model to obtain the roughness‐only term in (2), that is, er = e2scl (foam
effects excluded). The 2‐scale model (Valenzuela, 1978; Wentz, 1975) provides the thermal emission TB of
EM radiation at wavelength λ from a rough sea surface characterized by a spectrum of ocean waves with
wavelengths Λ (wave numbers K). Depending on Λ, two mechanisms contribute to the surface‐emitted
TB. Small‐scale ocean waves (Λ ≤ λ or K ≥ k)—via their periodic structure—modify the specular emission
of the microwave radiation by scattering (Bragg diffraction) of the EM waves. Large‐scale ocean waves
(Λ > λ or K < k)—via their different slopes—cause emission (and scattering) of the microwave radiation
in different directions by changing the local incidence angle and mixing of the polarizations of the EM
waves. Both mechanisms take place in the ocean where short gravity and capillary waves ride on long waves
(swell) with a distribution of slopes in the upwind and crosswind directions (Cox & Munk, 1954). See Texts
S3 and S4 for the analytical description of the 2‐scale model.
We used the efﬁcient code of Johnson (2006) to calculate the roughness‐only reﬂectivity r2scl, from which we
obtain e2scl = 1 − r2scl (recall section 2.1). The 2‐scale model was run for the nominal θ at each frequency
(Table 3) over the full range of T (266, 268, …, 312 K) and U10 (0, 1, …, 35 m/s) at a constant salinity
S = 34 psu (practical salinity units). We used the permittivity model of Stogryn (1997) for the specular emissivity E0 (Text S2). We used the Durden‐Vesecky wave spectrum (Text S7) for the large‐ and small‐scale variables in the 2‐scale model (Text S4).
We parameterize these physical values of roughness‐only emissivity e2scl with a regression ﬁt in T and θ and
separate spline ﬁts for the U10 dependence in wind speed bins with 1‐m/s width. Both v1 and v2 have
seven polynomial terms xnyn (n = 0, …, 6 with x, y = 1, θ, T, S, U10, etc.) for the zeroth azimuthal harmonics
(recall section 2.3) for each of the 16 WindSat channels (j = 1, …, 16). A different set of roughness‐only
emissivity coefﬁcients cj0n is derived for each wind speed bin and saved for later use. The parametrization
e2scl(T, θ) for v1 did not include salinity dependence. We added a salinity term in the v2 parametrization
e2scl(T, θ, S). We save the regression coefﬁcients for the salinity term for all 16 channels separately.
Figure 3 (solid lines) shows the roughness‐only emissivity e2scl as a function of wind speed at ﬁxed EIA
θ = 55°, SST T = 22 °C, and SSS S = 34 psu for 10 GHz (panel a) and 37 GHz (panel b), h polarization.
The e2scl values obtained with v2 (black) are compared to earlier values obtained with v1 (gray). The ﬁgure
shows a smooth increase of the e2scl(U10) curves over the modeled wind speed range. Graphs for the other
WindSat frequencies and v polarization show similar trends (Figure 3c). The roughness‐only emissivity
changes little with SST at 10 GHz, and more at 37 GHz. The e2scl values vary with SST variations by no more
than 0.03 (not shown), while e2scl variations over the wind speed range are larger by about a factor of 3.
4.3. Wave Spectrum Tuning for Roughness‐Only Emissivity
We use the Durden‐Vesecky wave spectrum in the 2‐scale model (section 4.2). This spectrum is known to have
some shortcomings compared to other spectra (Text S4). However, it was chosen for the WindSat forward
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model because, when tuned and combined with the 2‐scale model, it performs well in regard to two metrics (Yueh, 1997; Zhang & Johnson,
2001). First, 2‐scale model predictions with Durden‐Vesecky wave spectrum compare reasonably well to available normalized radar cross‐section
data. Second, this spectrum produces total variance σ2 of the surface slopes
(S10) comparable to that measured by Cox and Munk (1954).
We consider six empirical parameters (a0, β, a, b, s, and R) in the Durden‐
Vesecky wave spectrum to ensure that the e2scl values represent rough surface only. See Text S7 for deﬁnitions and values of these parameters.
Careful scrutiny of both the development of the Durden‐Vesеcky spectrum and the determination of the empirical parameters in it (Text S8)
allows evaluating possible foam contribution to the e2scl values via the
directional wave number spectrum Ψ(K,φ) (Text S4). Our survey (Text
S9) suggests that the foam inﬂuence on the six empirical parameters is
minimal. On this basis, we retain the originally determined values for ﬁve
of these parameters, namely, β, a, b, s, and R.
Our value for a0 = 4.9 × 10−3 (S19a) is lower than 8.0 × 10−3 suggested by
Yueh (1997) and St. Germain et al. (2002). This choice is close to the original value a0 = 4.05 × 10−3 of the Pierson‐Moskowitz spectrum, which
has negligible contribution from foam (Text S9). However, it is slightly
higher in order to address possible underestimation of σ2 via the formulation of R with the Cox and Munk (1954) variances (see S23c) (Apel, 1994;
Donelan & Pierson, 1987; Pierson & Stacy, 1973).
We made two additional modiﬁcations in the Durden‐Vesecky spectrum
aiming for the computation of optimal physical e2scl values. These modiﬁcations are to the cutoff wave number Kd between large‐ and small‐scale
waves (Text S3) and the hydrodynamic modulation H (Text S4). We chose
Kd = k/2.2; Kd is different for each WindSat frequency with corresponding
k (Table 3). Our choice of parameter m = 1 in (S8) varies H from 0 to 2.
This strengthens the upwind to downwind asymmetry of ripples on the
wave proﬁles. We based these two modiﬁcations on analysis of WindSat
TBs and comparisons to predictions from the 2‐scale model (Bett06).
4.4. Sea Surface Nonspecular Reﬂection

Figure 3. Sea surface emissivity e as a function of wind speed U10 from the
parameterized WindSat forward model at ﬁxed EIA, SST, and SSS for different frequencies, polarizations, and model versions: (a) at 10.7 GHz, h
polarization, v1 (gray) and v2 (black); (b) at 37 GHz, h polarization, v1 (gray)
and v2 (black); and (c) at 18.7 GHz, h (black) and v (gray) polarizations,
v2. Solid lines are for roughness‐only emissivity (section 4.2). Dashed lines
are for composite (roughness + foam) emissivity (section 4.5).

The parameterization of factor Ω follows the procedure described for the
roughness‐only emissivity (section 4.2). We calculate physical Ω values
using (S16), implemented with Johnson (2006) code. In this case, the
2‐scale model is combined with an atmospheric model to obtain surface‐
scattered microwave radiation TBscat (see Text S5). The downwelling atmospheric radiation TBD (also τ and TBU) are calculated with the atmospheric
parameterization of Wentz and Meissner (2000). The code was run for
frequency‐speciﬁc EIAs θ (Table 3) and opacity range α (Text S1) at several
T (275, 280, …, 310 K) and U10 (0, 1, …, 25 m/s) at constant S = 34 psu. This
yielded more than 2 × 104 model evaluations covering wide range of surface
and atmospheric conditions. We parameterized these modeled Ω values in
terms of wind speed, atmospheric transmissivity, and SST. The resulting
omega coefﬁcients of this Ω(U10, τ, T) parametrization were stored for later
use in the WindSat GMF with given input values of U10, τ, and T. Johnson
(2006) investigated the behavior of the Ω factor.

4.5. Composite Sea Surface Emissivity
The WindSat GMF includes a parameterization of the composite sea surface emissivity e that accounts for
the effects of both rough sea surface er and sea foam eW as shown with (2). Speciﬁcally, we use the 2‐scale
ANGUELOVA AND BETTENHAUSEN

1836

Journal of Geophysical Research: Oceans

10.1029/2018JC014630

model to obtain an initial approximation of the rough sea surface emissivity e2scl and then use empirically
derived corrections Δeemp to account for modeling errors and sea surface foam (Bett06), i.e.:
e ¼ er þ еW ≅ e2scl þ Δeemp ≡ eemp

(9)

We compiled a training data set to develop the empirical corrections Δeemp. The training data set comprises
WindSat TB data collocated with geophysical data (U10, ϕR, T, V, and L) from different sources (section 3.2)
using the matchup criteria listed in section 3.3. The training data set for v1 used 6 months (September 2003 to
February 2004) of WindSat SDRs (excluding every third day for retrieval analysis). These were matched to
data from NCEP analyses, QuikSCAT, SSM/I, and TMI. Training data for v2 included data from Reynolds
OISST, SSM/I, and QuikSCAT for 2008.
We use the values for U10, ϕR, T, V, and L from the training data set and the 2‐scale model to obtain values for
roughness‐only emissivity e2scl (section 4.2), the atmospheric variables τ, TBU, and TBD (section 4.1), and factor Ω (section 4.4). We use the values for τ, TBU, TBD, and Ω along with the TBs from the corresponding
WindSat SDRs in (1) to solve for measured emissivity emeas at the surface. We then calculate the empirical
corrections as Δeemp = emeas−e2scl. Next, we parameterize these Δeemp values in a manner similar to the
parametrization of e2scl. Equation (17) of Bett06 is an example for an early version of parameterized
Δeemp. The regression coefﬁcients of Δeemp for TB in the v and h channels were used to correct the initial
emissivity coefﬁcients from the 2‐scale model, that is, c′j0n ¼ cj0n;2scl þ cj0n;corr. The corrected emissivity coefﬁcients are saved for later use in the WindSat GMF with given input values of U10, τ, and T.
We compare the composite sea surface emissivity eemp (dashed lines) to the roughness‐only emissivity (solid
lines) in Figure 3. The ﬁgure shows a smooth increase of the eemp(U10) curves over the modeled wind speed
range for v2 at 10 and 37 GHz; the trends are the same for the other three frequencies. The smooth trends of
eemp(U10) curves from v2 parameterization (black dashed lines) improve upon the change in the curve slopes
from v1 at frequencies above 18 GHz for higher winds (above 20 m/s); the gray dashed line in Figure 3b
exempliﬁes this slope change at 37 GHz. This slight leveling off of the eemp values at higher winds may
explain the leveling off of the W estimates from v1 observed by Salisbury et al. (2013, their Figure 4a).
4.6. Foam Emissivity
We have argued that a realistic physical model for the foam emissivity Ef should account for changes of void
fraction within the foam layer depth yielding depth proﬁles for all foam properties (Anguelova, 2008;
Anguelova & Gaiser, 2012). In addition, an Ef model should account for the distribution of thicknesses,
which whitecaps attain as they evolve from active to decaying stage (Anguelova & Gaiser, 2011; Monahan
& Lu, 1990; Reul & Chapron, 2003). Anguelova and Gaiser (2013) addressed these issues by developing an
RTM for the microwave emissivity of sea foam layers with vertically inhomogeneous (stratiﬁed)
dielectric properties.
New models for the emissivity of vertically stratiﬁed foam layers have been published since our survey of
foam emissivity modeling (Anguelova & Gaiser, 2013). The models of Wei (2013) and Plant and Irisov
(2017) are notable for their different approach to accounting for the foam vertical variations. Thus, these
models are good for independent comparison with our model (further discussed in section 7.3). Despite
new developments since the work of Anguelova and Gaiser (2013), we use our foam RTM in the W (TB) algorithm for consistency with the use of an RTM in the WindSat forward model. More importantly, our model
affords us to track and control the separate contributions to the foam emissivity, including upwelling and
downwelling emission within the foam layer and emission of seawater beneath foam.
We ﬁrst compute physical values Ef for foam layers with void fraction proﬁles with the NRL foam emissivity
model (Text S6). We set the exponential void fraction proﬁle fa (z) in the Ef model with upper (air‐foam) and
lower (foam‐water) limits of 99% and 1%, respectively. With this choice, our model is representative for the
full range of possible void fraction values (Anguelova, 2008). We calculate the foam permittivity εf with the
refractive mixing rule (S17). The seawater permittivity in (S17) is calculated with the Stogryn (1997) model
(Text S2). The foam layer thicknesses range from 0.04 to 25 cm. The thickness distribution p(t) is a lognormal
distribution with a mean of 1.9 cm and a standard deviation (SD) of 0.806 cm. These distribution parameters
yield a peak in the thickness probability at t = 3.53 cm. Figure 4a shows the angular dependence of the foam
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Figure 4. Foam emissivity Ef as a function of incidence angle θ: (a) from the full foam RTM for three WindSat frequencies
and two polarizations at ﬁxed T = 20 °C and S = 34 psu and (b) full RTM (solid lines) compared to approximation model
(dashed lines) for 18.7 GHz, h and v polarizations (black and gray, respectively).

emissivity Ef(θ) obtained with these model parameters for three WindSat frequencies and two polarizations
at ﬁxed T = 20 °C and S = 34 psu.
Foam emissivity is a function of SST and SSS through the seawater permittivity ε (T, S) in (S17). Analysis of
the model sensitivity to the input parameters—fa, p(t), T, and S—showed that the choice of the void fraction
value at the air‐foam (upper) interface affects the foam emissivity the most (Anguelova & Gaiser, 2013).
Differences due to SST variations from 2 to 30 °C are below 0.2% for θ∈ [40°–60°] (the EIAs relevant to
WindSat observations). For the same θ range, differences due to SSS variations in the open ocean (34 to
40 psu) are below 0.2% at 6 GHz and much less than 0.1% for all other frequencies.
For fast and effective W calculations, we use an approximation formula for Ef. The calculations with the full
foam RTM (Figure 4a) and the sensitivity analysis guided the development of this approximation. We found
that the following representation works well:
Ef

apx

¼ F corr E f

99

¼ F corr 1−Rf


99

(10)

Here Rf 99 (thus Ef 99) is calculated with the Fresnel formula (Text S2) using εf at the air‐foam boundary with
void fraction of 99%, and Fcorr = 0.9455 is a correction factor. The value of Fcorr is the mean of all corrections
valid for all WindSat frequencies and both h and v polarizations. The relative difference (deﬁned as the difference between two values divided by their average) of Ef apx, as compared to Ef from the full RTM model, is
below 0.5% for the range of WindSat EIAs (Table 3). This is shown in Figure 4b with the comparison between
the approximated Ef apx and full‐model Ef values for 18.7 GHz, v and h polarization. We discuss possible
improvements of the foam RTM and its approximation in section 7.3.

5. Implementations and Results
In developing and implementing the W (TB) algorithm with (5) and (8), we pursued two main goals, namely,
use of physical models and use of independent data sets. To fulﬁll the former, we use the 2‐scale model for
roughness emissivity er (section 4.2) and the foam RTM for the foam emissivity Ef (section 4.6). To fulﬁll the
latter, we combine the WindSat observations (section 3.1) for the composite term T TOA
≡ T TOA
B
BWS (roughness + foam, recall section 2.4) with independent geophysical variables (section 3.2) to force the models proTOA
ducing roughness‐only term T TOA
Br ≡T Br mod (without foam contribution). This implementation differs from
the feasibility study of AW06 in which most data—namely, TB and some of the model‐forcing variables
(e.g., U10, V, and L)—were from SSM/I. The use of decoupled data for the computations is preferable to minimize intrinsic correlations and error propagation.
Aiming to realize the two goals above while providing viable W values, our research yielded several versions
of the W (TB) algorithm. Different algorithm versions emerged from different combinations of four components. These are the following: (1) the speciﬁc implementation of the whitecap term eW in (8), (2) the
approach of using the WindSat observations (directly or indirectly), (3) the version of the WindSat
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Figure 5. Schematic visualizations of W (TB) algorithm versions: (a) interim version, empirical approach using (14) with
WindSat geophysical model v1 or v2 (section 5.2), and (b) updated version, observational approach using (15) with
WindSat geophysical model v2 (section 5.3).

forward model (v1 or v2), and (4) the sources for the input variables forcing the models (external data or
WindSat retrievals). The schematics in Figure 5 visualize the different use of these four components in
two major versions of the W(TB) algorithm. Though the atmospheric corrections were implemented
differently in different versions of the W(TB) algorithm, in all cases we obtained the atmospheric variables
with the atmospheric model used for the WindSat retrievals (i.e., EDRs of U10, ϕR, T, V, and L). At any
development stage, the WindSat retrieval algorithm was well calibrated and the WindSat EDRs were well
validated. We are thus conﬁdent that our atmospheric corrections are well tested.
Below we give details on the algorithm implementations. The resulting W data illustrate the major
developmental steps.
5.1. First W(TB) Version
The ﬁrst version of the W(TB) algorithm put in place physical models for roughness and foam
emissivities. This version presented the whitecap term with the empirical corrections derived and
parameterized from data simulated with the 2‐scale model (section 4.2). The development of the empirical
corrections Δeemp (section 4.5) aimed to optimize the WindSat retrieval algorithm in order to provide
WindSat EDRs (section 3.1) with minimal error. We assumed on this basis that contributions to Δeemp from
factors other than sea foam (e.g., measurement and model errors) are minimized. Therefore, in this
implementation version, (8) reads
eW ¼ e−er ≅ Δeemp

(11a)

We used the parameterized Δeemp (section 4.5) together with Ef from the full foam RTM (section 4.6) to
obtain W as
ANGUELOVA AND BETTENHAUSEN

1839

Journal of Geophysical Research: Oceans
Table 4
External Data Used in Versions v1 and v2 of the WindSat GMF in the Interim
Version of the W (TB) Algorithm
Source
Variable
WindSat TB
U10 and ϕR
V and L
T
S

Version 1 (v1)

Version 2 (v2)

50 km × 71 km
QuikSCAT and GDAS
RSS F13 SSM/I or TMI
GDAS/NCEP
Constant value

25 km × 35 km
ERA or NRA
RSS F17 SSMIS
ERA or NRA
NOAA Ocean Atlas

Note. Different swath resolutions of the WindSat SDRs (CFOV,
section 3.1) were matched with the external data. Refer to Table S1 for
all acronyms listed here. All variables are deﬁned in the sections referred
to in Table 2.

10.1029/2018JC014630

W ¼ Δeemp =Ef

(11b)

Anguelova et al. (2006) presented the results of this ﬁrst version of the
W(TB) algorithm. No daily data of whitecap fraction W were produced
because the computations used global averages for U10 and T.
5.2. Interim W (TB) Version
A major point for the interim version of the W(TB) algorithm was to
obtain W using independent, external data matched‐up with the
WindSat observations; on this basis, hereafter interim automatically
means that W was obtained using external data. The implementation
of term eW changed from (11a) to (8) using er = e2scl and different forms
for e. The atmospheric correction in the interim version of the algorithm
used a simpliﬁed form of factor A = τ(T − TBΩ) ≈ T (assuming τ ≅ 1
and TBΩ<<T). Using (6) and the implementation notations introduced in
section 5, the whitecap term (8) used in the interim version reads



TOA
TOA
TOA
eW ¼ e−er ¼ T TOA
BWS −T Br mod =A ≅ T BWS −T Br mod =T

(12)

The interim W (TB) algorithm obtained T TOA
Br mod in (12) with both v1 and v2 of the WindSat GMF. Input data
for v1 and v2 were external data from different sources (Table 4).
5.2.1. Observational Approach
TOA
Using the WindSat observations for the composite term T TOA
BWS ≡T Bobs in (12) and approximation (10) for Ef, we
obtained W as


TOA
W obs ¼ T TOA
Bobs −T Br mod = E f apx T

(13)

This observational approach resulted in wide spread of W retrievals as collocation differences between
WindSat and external data added to the data spread due to environmental factors (SST, etc.).
Figure 6a shows a scatterplot of Wobs retrievals (in percent) for all ﬁve WindSat frequencies (h polarization)
as a function of wind speed U10 from QuikSCAT and GDAS. The ﬁgure shows data for WindSat orbit 20574
on 27 December 2006. The parameterization W (U10) of Monahan and O'Muircheartaigh (1980, MOM80
hereafter and in the ﬁgure legend), based on photographic data and run with the same U10 values, is shown
for reference (gray symbols). Figure 6b visualizes the spread of the data by showing the Wobs values from
Figure 6a binned by U10 in bins of 1‐m/s width. The uncertainty bars quantify the Wobs variation at each
wind speed within two SDs (±σW). The uncertainty comprises measurement and model errors, collocation
mismatch, and natural variability due to varying geophysical conditions. Fewer data points contribute to larger uncertainty at higher winds. The uncertainty is larger for higher frequencies; at bin U10 = 10 m/s,
σW = 0.5% for 10 GHz and 1% for 37 GHz.
5.2.2. Empirical Approach
In effort to minimize the spread of the Wobs retrievals due to collocation differences, we resorted to an alternative, empirical approach. In this case, we did not use the WindSat observations directly. Rather, we used
TOA
the WindSat GMF to simulate the composite surface emissivity as e ≡ eemp and use it in (12) as T TOA
BWS ≡T Bemp
thus obtaining W as



TOA
W emp ¼ T TOA
Bemp −T Br mod = E f apx T

(14)

TOA
Because the external data used as model inputs for T TOA
Bemp are the same as those for T Br mod , the subtraction


TOA
T TOA
Bemp −T Br mod in (14) minimizes the spread of the data caused by collocation differences. However, this

effect is at the expense of using the WindSat TB data directly with term T TOA
Bobs . Instead, the WindSat data
are used indirectly, only for the development of eemp in term T TOA
.
Bemp
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Figure 6. Whitecap fraction as a function of wind speed U10 for all ﬁve WindSat frequencies (color symbols), h polarization, obtained with the interim version of the W(TB) algorithm: (a) Wobs from the observational approach, v1 with input
data from QuikSCAT and GDAS. (b) Wobs values binned by wind speed in bins of 1 m/s width with standard deviation
plotted as error bars. (c) Wemp from the empirical approach, v1 with input data from QuikSCAT and GDAS. (d) Wemp
from the empirical approach, v2 with input data from ERA. The data are for WindSat orbit 20574 on 27 December 2006.
The gray symbols are for the W(U10) parameterization of Monahan and O'Muircheartaigh (1980, MOM80 in the legend).

The schematic in Figure 5a visualizes the implementation of this empirical approach of the interim version
of the W (TB) algorithm. The computations of eW and W (component 1 with elements color coded in red and
yellow) proceeded in two stages. The ﬁrst stage was to match WindSat SDRs (component 2 with blue elements) and external data (component 4 with green elements). Before calculating W, additional data screening removed match ups for which the WindSat EDR values for V and/or L were ﬂagged for low quality. The
second stage ran the parameterizations used in the W (TB) algorithm (component 3 with purple and magenta
elements) with the matched geophysical variables. We refer to the Wemp values obtained with the interim
empirical version of the W (TB) algorithm as estimates, in contrast to Wobs retrievals (section 5.2.1), because
the WindSat TBs are not used directly.
We obtained the ﬁrst Wemp estimates with v1 of the WindSat GMF and external data from QuikSCAT,
GDAS, and SSM/I on F13 (Table 4). We matched the external data to WindSat data at low swath resolution.
Figure 6c shows the wind speed dependence of Wemp for the same WindSat orbit 20574 as in Figure 6a. The
Wemp estimates cluster tightly together (compared to the Wobs retrievals in Figure 6a) because there is no
direct use of the WindSat TB observations. The SD range for the Wemp estimates in Figure 6c at
U10 = 10 m/s (not shown) is from σW = 0.06% for 10 GHz to 0.2% for 37 GHz, much narrower than the
σW range for the Wobs retrievals shown in Figure 6b (section 5.2.1). On this basis, we decided to use the
Wemp estimates for subsequent mapping, gridding, and analyses (Albert et al., 2016; Salisbury et al., 2013,
2014). Figure 7a shows daily map of the Wemp estimates (all 14 WindSat orbits) for 27 December 2006 at
37 GHz, h polarization. Areas with diamond‐like shapes appear because the temporally matched U10 data
are from opposite satellite passes (Table 4), that is, the WindSat ascending passes match the times of the
QuikSCAT descending passes.
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Figure 7. Daily maps (ascending passes) of foam fraction at 37 GHz, h polarization, swath resolution obtained with the
two different versions of the W (TB) algorithm: (a) Wemp for 27 December 2006 obtained with the empirical approach
of the interim version using WindSat SDRs and forward model v1 with input data from QuikSCAT and GDAS. (b) Wobs for
19 March 2014 obtained with the updated version (observational approach) using WindSat SDRs and forward model v2
with WindSat EDRs as input data.

5.2.3. Using Different Geophysical Models
The absence of QuikSCAT and F13 SSM/I data after 2009 (section 3.2) required W (TB) implementation with
different external data. We combined this major change in the development of the W (TB) algorithm with a
transition to a newer version of the WindSat GMF and higher resolution of WindSat data. We thus matched
external data from F17 SSMIS and ERA or NRA with WindSat SDRs at high swath resolution and processed
the data with v2 of WindSat GMF (Table 4). Anguelova et al. (2017) documented these changes. The use of v2
model and ERA data with both the observational and the empirical approaches produced W values with
spreads over the wind speed range similar to those obtained with v1 and QuikSCAT and GDAS. The σW
range of the Wobs retrievals at U10 = 10 m/s was from 0.5% for 10 GHz to 1.1% for 37 GHz, while that of
Wemp was 0.06% for 10 GHz and 0.18% for 37 GHz.
Figure 6d shows the Wemp estimates for the same WindSat orbit 20574 obtained with v2 and ERA.
Comparison of Figure 6d to Figure 6c shows two major changes in the Wemp estimates from v1 to v2 versions
of the algorithm. The ﬁrst change is in the trends of the data for 18 and 23 GHz (green and yellow data
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points): the high values of Wemp from v1 (especially for winds below 9 m/s) are removed for v2. The second
change is that the Wemp estimates from v2 show more consistent spectral variations compared to those from
v1. Namely, the Wemp estimates increase systematically from lower to higher frequencies, as should be.
While the W(U10) trends from the two versions differ, two expected physical features are seen in both versions. These are (i) the spectral dependence of W (different W for different frequencies; details in
section 5.4) and (ii) a threshold behavior at low wind speeds.
Overall, the interim version of the W (TB) algorithm showed that there is a trade‐off between computations
using either independent data (to avoid intrinsic correlations) or direct WindSat TB observations (to avoid
data spread from collocations). Furthermore, atmospheric modeling errors are also a signiﬁcant contribution to spread in the retrieved W. Those errors are mostly removed when we use retrievals obtained using
the same GMF.
5.3. Updated W (TB) Version
The updated (and currently the latest) version of the W (TB) algorithm represents the whitecap term with (8).
The atmospheric correction factor A is fully accounted for using the WindSat atmospheric model, which is
also used in the WindSat retrieval algorithm. Heeding the trade‐off established with the interim version of
the algorithm (section 5.2), we decided to adhere to the observational approach and minimize the spread
of the W data by using the WindSat retrievals as model inputs. That is, the updated version of the W (TB)
TOA
algorithm uses the WindSat TB observations for term T TOA
BWS ≡T Bobs and the WindSat EDRs (U10, ϕR, T, V,
TOA
and L) for computing term T Br mod and correction factor A. Term T TOA
Br mod is computed with the currently operating v2 of the WindSat forward model. With approximation (10) of the foam RTM, the updated version
obtains W as


TOA
W obs ¼ T TOA
Bobs −T Br mod = E f apx A

(15)

The schematic visualization of the updated version of the W (TB) algorithm (Figure 5b) shows simpliﬁed process of computing W. The only external data we use for obtaining W retrievals with (15) are monthly SSS
values. (We still collocate WindSat SDRs with other external data, but the matchups are necessary only
for the subsequent compilation of a whitecap database.)
Figure 8 shows Wobs retrievals as a function of wind speed U10 for four WindSat frequencies (color symbols)
obtained with this version of the W(TB) algorithm; MOM80 W(U10) parameterization, ran with WindSat U10
retrievals, is shown again for reference (gray symbols). The data are for WindSat orbit 57994 on 19
March 2014. The panels on the left (a, c, and e) show data for h polarization; those on the right (b,
d, and f) show data for v polarization. Scatterplots of Wobs are shown in both logarithmic (a, b) and linear
(c, d) scales.
Visual comparison of Figures 8a and 6a clearly demonstrate the difference of using WindSat EDRs as model
input. The spread of the Wobs values is much less in Figure 8a than in Figure 6a. Figure 8e is analogous to
Figure 6b in showing Wobs values binned by U10 in bins of 1 m/s width. Again, the SDs for each U10 bin
are used for the uncertainty bars. In contrast to the variations seen in Figure 6b, the uncertainty here does
not include collocation mismatch. We can use the 95% conﬁdence intervals (CI) of the mean Wobs values
for a given U10 bin to account for the impact of different size sets with different SDs (among other things)
and compare the Wobs values in Figures 6a and 8a. The 95% CI of determining the mean Wobs at
U10 = 10 m/s with the updated version of the algorithm narrows down by 15% for 10 GHz and by a factor
of 2.6 for 37 GHz. That is, forgoing the use of external data contributes to reduced spread of Wobs at a given
wind speed; the use of factor A instead of its simpliﬁed form A ≅ T also contributes to the narrowing of the
95% CI. On this basis, we decided to use external data only for compiling whitecap database (details in
section 7.1) and not for obtaining W retrievals. Figure 7b shows a map of W retrievals for 19 March 2014.
Comparison of Figures 7b and 7a demonstrates another merit of using both WindSat SDRs and EDRs to
obtain W; namely, there is no loss of retrieved samples due to lack of collocated data.
The Wobs values at v polarization in Figure 8 are quite different from those at h polarization. First, the W
retrievals at v are lower by a factor of 2 to 3 depending on the frequency. Second, there is less pronounced
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Figure 8. Whitecap fraction as a function of wind speed U10 for four WindSat frequencies (color symbols) obtained with
the updated version of the W(TB) algorithm (observational approach), v2 of WindSat forward model with WindSat
retrievals as input data. Left column (panels a, c, and e) shows plots for h polarization; right column (panels b, d, and f)
shows plots for v polarization. Panels (a) and (b) show Wobs retrievals on a logarithmic scale. Panels (c) and (d) show Wobs
retrievals on a linear scale. Panels (e) and (f) show Wobs retrievals binned by U10 in bins of 1‐m/s width. The error
bars in panels (e) and (f) are standard deviation for each bin. The data are for WindSat orbit 57994 on 19 March 2014. The
gray symbols are for the W(U10) parameterization of Monahan and O'Muircheartaigh (1980, MOM80 in the legend).

frequency dependence. Third, the Wobs values do not change much up to wind speed of 6 m/s; that is, the
threshold of W shifts to higher winds. We discuss the reasons for these differences next.
5.4. Frequency and Polarization Variations of Radiometric Whitecap Fraction
Frequency and polarization variations of the radiometric W values are consistent with both measurements
(Padmanabhan et al., 2006; Rose et al., 2002) and models (Chen et al., 2003; Hwang, 2012) for microwave
foam emissivity. These variations come from the variations of TB caused by the sea state conditions, including waveﬁeld, SST, SSS, and surfactants. These factors affect the seawater and foam permittivity and the sea
surface roughness. The relative contributions of these factors vary with both meteorological conditions
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(mainly via U10) and observational conﬁguration (e.g., θ). Sensitivity of the surface TBs to the atmospheric
inﬂuence, via the atmospheric correction (8), also contributes to frequency and polarization differences of
the W retrievals. We focus the discussion below on the role of the sea state factors.
In many cases, it is expected that quantifying a physical variable should not depend on the method of
measurement. However, this applies more often to in situ measuring methods than to remote sensing.
As noted by one of the reviewers, frequency dependence of the value of a physical variable is a phenomenon encountered in microwave remove sensing. Mean square slopes of remotely sensed surface waves
also depend on microwave frequency because the shortest wavelength sensed by a radiometer or a radar
depends on the sensor frequency. The wavelength dependence of aerosol optical depth (AOD) from
MODIS demonstrates the same phenomenon for remote sensing in the visible portion of the EM spectrum (Remer et al., 2008).
The physical reason for the frequency variations of W is the sensitivity of different microwave frequencies to
the thickness of the foam layers (Anguelova & Gaiser, 2011). The interplay of the foam layer thickness or the
bubble size distribution in the foam (both structural characteristics) with the foam skin depth (an EM
characteristic) yields different foam emissivity, thus varying TB due to foam. This has implications for the
remote sensing of whitecaps because satellite‐borne radiometers operate over a wide range of frequencies.
The L‐band (1.41 GHz) radiometer of the Soil Moisture Active Passive (SMAP) mission (Meissner et al.,
2017) is the lower limit of this range, while 183.31 GHz channels of SSMIS (Kunkee et al., 2008) and the
Global Precipitation Measurement (GPM) Microwave Imager (GMI) (Draper et al., 2015) are the upper limit.
Low frequencies are effective in detecting W of thick foam layers, for example, above 3 cm (Anguelova &
Gaiser, 2011). Thus, radiometers operating in L band could be useful for estimates of W under hurricane
conditions. Theoretically, foam layers as thin as 2 mm could be detected at 37 GHz. Frequencies above
37 GHz would all detect the same amount of W as the emissivity variations with foam thickness decrease
for higher frequencies.
The oceanographic community usually deﬁnes W as a physical variable quantifying the horizontal extent of
whitecaps with one speciﬁc value. However, from electromagnetic viewpoint, multiple W values are physically expected due to the frequency dependence of foam emissivity. This suggests that an extended deﬁnition
of whitecap coverage may be necessary in order to clarify how oceanographic and remote sensing communities observe and quantify whitecaps. Such an extended deﬁnition would have to account for the foam
thickness distribution. Anguelova (2008, section 2.1 there) gives an extended deﬁnition of sea foam that
encompasses terms like bubble plumes, whitecap patches (including stage A and stage B whitecaps), and
foam streaks. The oceanographic community expects different W values for these different foam entities.
These allow an interpretation of the W electromagnetic variations in oceanographic terms. Speciﬁcally for
ASI studies, the frequency dependence of the radiometric W values provides a crude way to discriminate
active (stage A) whitecaps with possible thicknesses from 1 to 12 cm against residual (decaying, stage B)
whitecaps with 0.1 to 1 cm thickness (Anguelova, 2008, section 2.1). Considering the frequency variations
of W as an approximate parameterization of the foam thickness distribution, the recommended WindSat frequencies for obtaining W from TB are 10, 18, and 37 GHz.
Sea surface roughness is the reason for polarization variations (at a given frequency) of TB (Hollinger,
1971; Hwang, 2012). Generally, h polarization is more sensitive to the sea surface conditions and varies
stronger with U10 due to both roughness and foam (Hollinger, 1970). The dynamic range of the TB variations at v polarization is much narrower and caused mainly by the surface roughness. However, at the
WindSat EIAs (Table 3), the sensitivity of TB at v polarization to surface roughness is minimal (Hollinger,
1971). We can thus expect surface roughness to affect the W values at v polarization less than those at h
polarization, thus leaving the TB signal at v polarization to be predominantly due to sea foam. Foam
emissivity measurements (Rose et al., 2002) and models (Anguelova & Gaiser, 2013; Chen et al., 2003)
show that the foam depolarizes the signal; that is, TBs due to foam at h and v polarization are similar;
Figure 4a exempliﬁes this. The fact that our W retrievals behave differently at h and v polarizations therefore suggests that our roughness‐only term er does not fully remove the roughness signal from the whitecap term eW in (5). It is thus necessary to tune the W (TB) algorithm so that W values at h and v
polarizations at a given frequency converge toward one W value. This will be the subject of a future work
(section 7.3).

ANGUELOVA AND BETTENHAUSEN

1845

Journal of Geophysical Research: Oceans

10.1029/2018JC014630

6. Validation of Whitecap Fraction From Passive Remote Sensing
Validation of satellite retrievals requires reference data representative of ground truth. One‐to‐one (1:1)
comparison of temporally and spatially matched in situ and satellite data is the most rigorous validation
approach (Loew et al., 2017). The validation of W retrievals from passive remote sensing is not a straightforward task due to lack of reliable ground truth. The available reference data that we can use for validation are
the photographically measured W data. However, these W values are not well‐constrained ground truth
representative of globally varying conditions for several reasons. First, the photographic W data still have
high uncertainty due to measuring errors and natural variability (section 1). Next, the in situ data are still
in limited number. Field campaigns are expensive, and plans for new in situ whitecap measurements are
sporadic and nonsystematic (as compared, for instance, to a global network of buoys measuring wind speed
and SST). Finally, different measuring principles for photographic and radiometric W data—reﬂectivity at
visible wavelengths versus emissivity at microwave frequencies—introduce nontrivial differences in the
measured quantities. For example, the foam thickness effect on radiometric W values at different frequencies does not have a dependable counterpart in the separation of whitecap stages A and B in photographic
data, despite some recent advances (Kleiss & Melville, 2010; Mironov & Dulov, 2008; Scanlon & Ward,
2013). Lacking full equivalency between the reference and the retrieved W values, we can provide only intercomparison rather than truly rigorous validation.
All these restrict the creation of a database of satellite‐in situ W pairs collocated in time and space. To compensate for noisy and insufﬁcient ground truth data, we evaluate the radiometric W data with a variety of
reference data and a suite of intercomparisons and consistency checks (Loew et al., 2017). The approaches
we use include comparisons to (1) time‐space matched in situ W data from photographic measurements;
(2) time‐space matched W data from wave models; (3) time‐space matched variables computed using W,
for example, sea spray production ﬂux or AOD (we refer to this approach as an indirect validation); (4) previously published (historic) in situ photographic W data; and (5) known W(U10) parameterizations.
6.1. Validation of Satellite Whitecap Fraction From the Interim Algorithm Version
The ﬁrst direct 1:1 comparison of radiometric and photographic W data (Anguelova et al., 2009) evaluated W
estimates obtained with the interim (empirical v1) versions of the W(TB) algorithm (section 5.2.2). Validation
results of older versions are relevant for the validation of later versions because they show general
differences between in situ and satellite W data. These differences give insights on how to modify the
algorithm. Importantly, the initial validation exercise helped to develop the validation methodology and
to identify problems and their resolution for future validation work.
Speciﬁcally, Anguelova et al. (2009) validated W values from the interim algorithm with ship‐based, photographic W from the long‐term ﬁeld campaign High Wind Air‐Sea Exchanges (HiWASE; Yelland et al., 2007).
The HiWASE two video cameras (among other instrumentation) were mounted on the ocean weather ship
Polarfront positioned at station M (Mike) at 66°N 2°E. The photographic data were processed with three different intensity thresholds (nominal, above nominal, and below nominal). We used W data collected from
September 2006 to August 2008. Quality control of the original in situ data points (4,048) removed 55% of
those, leaving 1787 data points available for matching to WindSat W data (Anguelova et al., 2009).
In this validation study, Anguelova et al. (2009) followed Ichoku et al. (2002) and investigated comparisons
of spatially averaged satellite values to temporally averaged in situ values at each validation point. We also
analyzed two different approaches to minimize the effect of outliers (Bailey & Werdell, 2006; Zhang & Reid,
2006). We performed extensive statistical analysis to balance the number of matched satellite in situ pairs
and the variability of the W data when averaging over longer time windows and/or wider areas; see
Anguelova et al. (2009) for details. We found reasonable statistics for the 1:1 comparisons when using the
following criteria: (1) matching in situ W data, averaged within 3 hr from the WindSat times, to satellite
W values nearest in space to Polarfront location, and (2) removing outliers by imposing a limit of ±1% on
the bias of the paired satellite in situ data. These criteria produced 61 pairs of satellite‐in situ values.
Figure 9 shows the results for this 1:1 comparison of satellite W values at 10 GHz from the interim algorithm
version to in situ data at different intensity thresholds. The panels on the top plot the result in linear scales;
the bottom panels show the same result in logarithmic scales. The ﬁgure demonstrates two of the problems
listed in section 6, namely, the limited number of matched data (only 61 data points after applying quality
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Figure 9. Direct (1:1) comparisons of satellite W estimates (10 GHz, h pol) from the empirical version of the algorithm (sec. 5.2.2) to in situ (Polarfront) video W
measurements processed at three different intensity thresholds. Nom, Nom Up, and Nom Dn stand for nominal, above nominal and below nominal intensity
thresholds for the in situ W data. Top panels show satellite in situ pairs in linear scale; bottom panels show the same data in logarithmic scales. Red lines are best ﬁt
to data. Refer to Anguelova et al. (2009) for details.

control and matching criteria), and limitation of the in situ data to serve as a reference because the
photographic data may change with the intensity threshold. The results show fair comparison for higher
W values associated with high wind speeds. The radiometric W data are higher than the in situ W data at
low winds; we discuss this further in section 6.3.
The same satellite W estimates from the interim version of the W (TB) algorithm (section 5.2.2) were also
directly compared to W values obtained from wave model WAVEWATCH III (WWATCH). Calculations
of W from the dissipation term of wave models are a recent development, which provides one more possibility for obtaining whitecap fraction on a global scale. WindSat W data at 10 and 37 GHz for March 2006 were
collocated with the WWATCH W data of Leckler et al. (2013, their Figure 8). This 1:1 comparison shows that
the satellite estimates at 10 GHz compare better with W from WWATCH than W at 37 GHz. Because satellite
data at 10 GHz are more representative of active whitecaps (section 5.4), this result constrains the modeling
of the actively breaking waves in the WWATCH dissipation term. The synergy between global W data from
wave models and satellites thus holds promise for further improvements of both methods.
6.2. Validation of Satellite Whitecap Fraction From the Update Algorithm Version
Expanded in situ W data set collected from ships during new ﬁeld campaigns is now available (Moat et al.,
2009; references in Table 1). Direct 1:1 comparison of this extended in situ W data set to temporally and spatially matched radiometric W retrievals, obtained with the updated (observational v2, section 5.3) version of
the algorithm, is a work in progress and will be presented in a forthcoming publication.
We recently used a yearlong (2014) data set of the updated (observational v2) W retrievals to estimate the sea
spray production in the Navy Aerosol Analysis and Prediction System (NAAPS; Lynch et al., 2016). Analysis
of the (thus updated) sea spray contribution to the total AOD over the oceans showed markedly improved
NAAPS performance when using radiometric W data at 10 GHz, h polarization, for moderate and higher
wind speeds. These results (to be published) also allowed evaluating the bias of the satellite W data at low
winds; namely, we need to decrease the radiometric W values by ≈0.1%.
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We also used the updated (observational v2) W retrievals to calculate the
sea spray production ﬂux using the sea spray size distribution of Witek
et al. (2016). We compared these satellite‐based sea spray ﬂuxes to sea
spray ﬂuxes directly measured with eddy correlation method (Norris
et al., 2012) from three ﬁeld campaigns, including HiWASE. For each
experiment, we collocated satellite and in situ data for the sea spray ﬂux
within 50 km from the ship positions and took the satellite values closest
within 1 hr from ship measurements. From more than 4,000 in situ data
points, we obtained 39 satellite in situ pairs for comparison. Figure 10
shows the 1:1 plot of the in situ sea spray mass ﬂuxes, integrated over
spray sizes from 0.8 to 3 μm, versus the sea spray mass ﬂuxes from W at
10 GHz, h and v polarizations. The ﬁgure shows that satellite sea spray
ﬂux at v polarization compares well with in situ sea spray ﬂux at low
values (i.e., at lower wind speed) but is too low for higher ﬂuxes.
Satellite ﬂux at h polarization is biased high compared to in situ sea spray
ﬂux. This study was recently presented (Anguelova et al., 2018), and forthcoming paper will provide details.

Figure 10. Comparison of directly measured in situ sea spray mass ﬂux to
sea spray mass ﬂux calculated using satellite W data and chosen size distribution for the spray droplets (see section 6.2).

The use of satellite W retrievals to obtain and compare to modeled AOD
from NAAPS and to measured sea spray ﬂux from ships illustrate
indirect validation. The results show that such intercomparisons are
useful to tune our W(TB) algorithm and thus constrain the satellite
W retrievals.

6.3. Compare Wind Speed Dependences of In Situ and Satellite Whitecap Fraction
As the results in sections 6.1–2 showed, the number of collocated satellite‐in situ W pairs necessary for 1:1
validation is severely limited after applying quality control and matching criteria to the data. Therefore, comparison of the satellite W data to previously published (historical) W data is another approach to evaluate the
performance of the W (TB) algorithm. Because time‐space collocations are not always possible, comparison
of the wind speed dependences exhibited by the satellite and in situ W values provides a consistency check.
Anguelova et al. (2009, their Figure 4a) compared W estimates obtained with the interim (empirical v1,
section 5.2.2) version of the algorithm to historical in situ W data. Here we evaluate the W retrievals obtained
with the updated observational v2 algorithm (section 5.3). Figure 11 compares daily (19 March 2014) radiometric W retrievals at 10 and 18 GHz (purple and green dots, respectively) at h and v polarizations (panels a
and b) to the recent in situ W data listed in Table 1 (solid circles); open diamonds show in situ W data from
Blanchard (1963) to Lafon et al. (2007; Table 2 in AW06 lists the historic data sets). Figure 11 (c and d) shows
similar comparison between the same satellite W retrievals and the combined W data set of Brumer et al.
(2017). The rationale for this speciﬁc data comparison is that the power law ﬁt to Brumer et al. data follows
most closely the data ﬁt based on radiometric W values (Salisbury et al., 2013). While this is not a 1:1 validation with the W set of Brumer et al., this comparison of data, which provide similar parametrizations, is useful to show how well satellite data at different times can be used to develop new parameterizations of W.
Figure 11 demonstrates that the radiometric W data are order of magnitude comparable to the photographic
data. The W retrievals at h polarization (Figure 11a) are higher than most in situ W data, especially at wind
speeds below 12 m/s. The W retrievals at v polarization (Figure 11b) compare much closer with the in situ W
data but remain higher for wind speeds below 7 m/s. Figure 11c shows that the W retrievals at h polarization
are comparable to in situ data at winds speeds above 7 m/s. Figure 11d shows that W retrievals at v polarization underestimate most in situ data of Brumer et al. (2017) at high winds. Therefore, neither W values at h
polarization nor those at v polarization alone can match the in situ W data. Rather, the combination of the
radiometric W retrievals at h and v polarizations (suggested in section 5.4) will most likely improve the comparison of satellite and in situ W data. A 1:1 validation with in situ data is thus well warranted after tuning
the W (TB) algorithm to minimize the W differences at h and v polarizations (see section 7.3).
Figure 12 compares the binned radiometric W retrievals at 10 and 18 GHz (purple and green curves with
solid circles) to four W(U10) parameterization, that of MOM80 (gray curve) to establish reference to analyses
of historical in situ W data, and three new parametrizations (color curves) to establish reference to analyses
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Figure 11. Comparison of daily (19 March 2014) satellite (v2) data to in situ W data as a function of wind speed: (a) radiometric W data at 10 and 18 GHz (purple and green dots, respectively), h polarization to historical (instant) and new
(average) photographic data; (b) as (a) for v polarization; (c) the same radiometric W at h polarization to the data of Brumer
et al. (2017); and (d) as c) for v polarization.

of new in situ W data. The new parameterizations are those of Callaghan, de Leeuw, et al. (2008; cyan curve,
C08 in the ﬁgure legend), Schwendeman and Thomson (2015; magenta curve, S&T15), and Brumer et al.
(2017; blue curve, B17). We ran all parameterizations with the same WindSat U10 retrievals with which
the radiometric W data were calculated. Binned radiometric W for h polarization (Figure 12a) compare
well with the photographic parameterizations for higher winds, above 10 m/s; this is especially true for W
retrievals at 10 GHz. Binned radiometric W for v polarization at both 10 and 18 GHz (Figure 12b)

Figure 12. Comparison of the wind speed dependence of the binned radiometric W data at 10 and 18 GHz (purple and
green curves with solid circles) to W(U10) parameterizations based on photographic data: (a) h polarization and (b) v
polarization. The new parameterizations are C08 (cyan curve; Callaghan, de Leeuw, et al., 2008), S&T15 (magenta curve;
Schwendeman & Thomson, 2015), and B17 (blue curve; Brumer et al., 2017). These are obtained with the same WindSat
U10 retrievals with which the radiometric W data were calculated.
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compare well with the photographic parameterizations for winds up to 12 m/s; they become lower than the
photographic parameterizations for higher wind speeds.
Overall, the wind speed dependence of radiometric W data (below or close to quadratic) differs from the
cubic W(U10) dependence shown by most photographic W data but is close to the power law derived from
the data set of Brumer et al. (2017). Even with the weaker W(U10) dependence, the expected latitudinal distribution of whitecap fraction (high W at high winds in high latitudes and low W at lower winds at low latitudes) is preserved. Anguelova and Webster (2006, their section 5.2) discuss at length how various
environmental factors may shape latitudinally more gradual distribution of W. Such W distribution seems
to constrain reasonably well the global distribution of sea‐salt aerosols as related to AOD from MODIS
(Jaeglé et al., 2011, their section 7).
There are three plausible reasons for the larger differences between radiometric and photographic W values
at low wind speeds (Anguelova et al., 2009). First, the radiometric measurements of W are more sensitive to
both active and decaying (types A and B) whitecaps by the virtue of their principle of measurement
(Anguelova & Gaiser, 2011). Thus, radiometric measurements of whitecaps are prone to register more foam
in places where optical observation may underestimate decaying foam. Second, shortcomings of the W (TB)
algorithm likely contribute more signiﬁcantly to low (thus difﬁcult to measure) whitecap fraction values.
Shortcomings in the W (TB) algorithm may come from the atmospheric correction, difﬁculties in the modeling of the rough sea surface, and inadequate choices in the foam emissivity model. Finally, difﬁculties and
errors in processing photographs and videos are expected to inﬂuence the low (less than 10−3%) values
the most.
While all these reasons may exacerbate the differences between radiometric and photographic W values at
low wind speeds, this also poses the question whether the very low W values matter. A simple estimate puts
this number (up to 10−5) into perspective. Considering winds on synoptic scale of hundred to 1,000 km
(glossary.ametsoc.org/wiki/Cyclonic_scale), a surface area of O(104–106) km2 might be affected by breaking
waves. With areal fractional coverage of 10−5, surface area of O(105–107) m2 would be covered by foam.
Applying this synoptic‐scale estimate over speciﬁc regions on the globe results in large surface areas. It is
thus plausible that on a global scale, the presence of whitecaps would enhance ASI processes such as gas
exchanges and sea spray production. It would thus be sensible to pursue credible evaluation of W values
of O(10−3%).

7. Discussion
7.1. Utility of Whitecap Fraction From Radiometric Observations
Major motivation for estimating W from satellite radiometric data is to gain information on the variability
of W caused by both history of the sea state and local variations of the forcing atmospheric conditions
(section 1). Satellite‐based observations of TB carry this information. Satellite retrievals of wind speed U10
from TB presumably contain the same information. One can thus assert that an empirical relationship
between W and satellite wind retrievals is sufﬁcient to investigate the W variability. However, such relationship misses the inﬂuence of secondary factors on W variability via effects of SST, SSS, and surfactants on the
generation and dynamic of bubbles and bubble clouds forming the whitecaps (Anguelova & Huq, 2018).
Through the foam emissivity model, our W (TB) algorithm maps the information that the relationship
W[U10(TB)] carry from wind speed space to foam space where the secondary factors matter. The resulting
whitecap fraction is the more suitable variable for assessing the enhancement of the air‐sea ﬂuxes from
breaking waves than the mere use of satellite U10 retrievals.
With 88,000 data points per orbit for a given frequency (e.g., Figure 8), satellite‐based W retrievals amass a
large data set representative of widely varying environmental conditions and sufﬁcient for conclusive
statistical analysis. Anguelova et al. (2010) used W estimates from the interim empirical v1 algorithm (data
similar to those in Figure 6c) for the entire year 2006 to compile the ﬁrst whitecap database. In addition to
the collocations with OWV and SST (used in the calculations of W), Anguelova et al. (2010) matched up the
W estimates to air temperature Ta (at 2‐m reference height above the sea surface) from GDAS and waveﬁeld
characteristics from WWATCH model. All matched‐up data were subsequently gridded to 0.5° × 0.5°
latitude‐longitude grid cells.
ANGUELOVA AND BETTENHAUSEN

1850

Journal of Geophysical Research: Oceans

10.1029/2018JC014630

We have used this yearlong whitecap database to demonstrate the utility of satellite remote sensing of whitecap fraction for ASI studies in a series of projects. Salisbury et al. (2013) showed unambiguously that variations of different environmental factors yield variability of whitecap fraction. The authors derived new
W(U10) expressions and showed that additional inﬂuences alter the wind speed dependence of W signiﬁcantly, from physically expected cubic power law (Wu, 1979) to approximately quadratic power law.
Salisbury et al. (2014) showed that the additional inﬂuences shape the global distribution and seasonal patterns of whitecap fraction. Anguelova (2016) used the W(U10) parameterization of Salisbury et al. (2013) to
quantify ﬂuxes of CO2 and sea spray production. Albert et al. (2016) worked out a methodology to parameterize W as a function of U10 and T. Their new W(U10, T) parameterization showed that by accounting for the
inﬂuence of even one additional factor, it is possible to model the spread of W values due to natural variability. Using the new W(U10) and W(U10, T) expressions, Albert et al. (2016) showed that accounting for
W variability in sea spray source function can explain some of the uncertainties in modeling sea spray production. The whitecap database provides independent W values for constraining W data obtained with different methods, including W from photographs (Paget et al., 2015) and wave models (Leckler et al., 2013).
Our ﬁeld Breaking Waves Experiment (BREWEX), conducted on board the Floating Instrument Platform
(FLIP) in 2012, provided in situ observations of whitecaps using microwave radiometers, video cameras,
infrared (IR) camera, and acoustic array of hydrophones, as well as aerosol measurements (Anguelova
et al., 2013). The collected data opened new possibilities for ASI studies using radiometric data. Savelyev
et al. (2014) showed strong correlation between sea spray production ﬂux and radiometric TB data, which
suggests that TB can be used directly as a forcing parameter for developing empirical model(s) for sea spray
production. Potter et al. (2015) analyzed the IR signature of whitecaps in conjunction with respective TB time
series. The results provided clear separation of the lifetimes of active and residual stages of individual whitecaps from the IR images and identiﬁcation of these same whitecap lifetimes in the TB time series. Hwang
et al. (2016) used the multitude of FLIP data to demonstrate differences in sea spray production under rising
and falling winds. This study thus conﬁrmed the inﬂuence of the waveﬁeld on the whitecaps and sea spray
production because rising/falling wind is a proxy for wave development. Ongoing projects at NRL aim to
transition these ﬁndings to new applications of satellite‐based TB data for ASI processes.
7.2. Applicability to Observations From Other Satellite Radiometers
The concept of our W (TB) algorithm for estimating whitecap fraction can be applied to TB observations from
any other satellite‐born microwave radiometer, including SSM/I, SSMIS, Advanced Microwave Scanning
Radiometer (AMSR‐2), and GMI. RSS lists publically available present and past (back to 1987) TBs from
satellite‐borne radiometers (http://www.remss.com/measurements/brightness‐temperature/). Our ﬁeld
experiments (Anguelova et al., 2013; Bobak et al., 2011) demonstrate that TB measurements from aircrafts
and ships can also be useful.
In contrast to the general concept, the speciﬁc implementation(s) of our W (TB) algorithm (section 5) is not
directly transferable. The reason is that the calibration and the parameterized forward model for a given sensor are interrelated. This necessitates speciﬁc parameterizations to be developed for each new sensor. For
example, we do not recommend the use of our emissivity coefﬁcients and the WindSat parameterized surface
emissivities (Figure 3) with TBs from other radiometers.
However, the models used in our W (TB) algorithm can be used to tailor the algorithm to TBs from a different
sensor. The 2‐scale model, together with the Durden‐Vesecky wave spectrum, can be run to produce modeled roughness‐only values. These can be used together with TBs from different radiometers to provide
T TOA
Br mod values following the presented methodology. Our description shows that the parameter values for
the 2‐scale model (section 4.2) and the wave spectrum (section 4.3) or the use of the W (TB) algorithm with
external or sensor‐speciﬁc EDRs (section 5) are questions of choice for those aiming to retrieve W from TB.
Finally, our full foam emissivity RTM (Anguelova & Gaiser, 2013) or the approximation given with (10) can
be used without additional changes.
7.3. Tuning of the Whitecap Algorithm W (TB)
The evaluation of the satellite‐based W retrievals (section 6) showed bias toward higher W values at low wind
speeds. While aware that such a bias could be an artifact of the W (TB) algorithm, Albert et al. (2016)
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suggested physical interpretation of this bias as an expression of additional forcing from environmental
variations. The changes in the W values from v1 to v2 (Figure 6c, d) point that at least partially, the
algorithm contributes to the bias at low wind speeds. The quantiﬁcation of this bias with NAAPS comparisons (section 6.2) can serve as a guide how and to what extent to tune the W (TB) algorithm and remove
(or at least minimize) this bias.
We see two ways to tune the W (TB) algorithm. The ﬁrst one is improvements of the foam emissivity model.
Anguelova and Gaiser (2013) investigated the sensitivity of the foam RTM to choices of the input parameters.
They found that the most effective “knob” of tuning the foam model is by varying the upper limit of the void
fraction proﬁle. Variations in the parameters of the foam thickness distribution gave notable variations of
the foam emissivity as well. Thus, we can also use the foam thickness distribution to tune the model.
Important future work regarding the foam emissivity RTM is to include wind speed dependence in both
the upper limit of the void fraction and the parameters of the thickness distribution. Plant and Irisov
(2017) incorporated wind speed dependence for the upper limit of the foam void fraction in their foam emissivity model. Comparisons of an updated foam RTM to the foam model of Plant and Irisov (2017) can guide
and/or evaluate further improvements and tuning of our W (TB) algorithm. The approximation (10) of the
foam RTM also can be improved. For instance, instead of using one correction factor Fcorr for all frequencies,
we can derive a simple linear EIA ﬁt for each WindSat frequency over the small EIA range relevant to
WindSat observations (section 4.6).
The second way to tune the W (TB) algorithm is via the roughness‐only parameters. The difﬁculty here is to
identify the wave spectrum and roughness model parameters, which improve the separation of signals due to
roughness and foam. The main problem is the lack of data for clear‐cut roughness‐only emissivity against
which to evaluate any emissivity changes resulting from varying model parameters. Tuning of the wave
spectrum parameters until W values for h and v converge (sections 5.4 and 6.3) is one possible way to make
improvements in the roughness‐only modeling. The changes in the polarization variations (e.g., minimized
or fully removed) can constrain the tuning of the roughness (and perhaps the foam emissivity) models. The
work of Plant and Irisov (2017) once again can guide this tuning of the wave spectrum. Plant and Irisov
(2017) use one wave spectrum to model both the passive and active signatures of the sea surface detected
by radiometers and radars (scatterometers), respectively. Predicting consistent sea surface signatures with
both passive and active models lends conﬁdence in the wave spectrum they use. Therefore, we can use
the wave spectrum of Plant and Irisov (2017) as a reference when we vary the parameters in our wave spectrum. Such comparisons and tuning of our wave spectrum will be the subject of a future work.

8. Conclusions
The fraction of the ocean surface covered with sea foam (foam fraction or whitecap coverage) W exhibits
variability due to a suite of environmental factors. Adequate modeling of the natural W variability would
improve climate model predictions of numerous processes at the air‐sea interface and in the lower atmosphere. Retrievals of foam fraction from satellite observations can provide a database useful for analyzing
and modeling the natural variability of whitecaps. Here we describe an algorithm for obtaining foam fraction
with passive microwave remote sensing. We use WindSat observations of ocean surface brightness temperature TB to obtain whitecap fraction with W(TB) algorithm.
The geophysical model function for the W(TB) algorithm is presented with (5) and (8). The algorithm
requires models for surface roughness and wave spectrum to obtain the emissivity of foam‐free sea surface,
a model for the emissivity of foam‐covered sea surface, and an atmospheric model for atmospheric correction. We used physical models for roughness, foam, and atmosphere (Supporting Information) to develop
parameterized expressions for efﬁcient W calculations (section 4). The physical and parametrized models
need a suite of geophysical data as input, including wind speed U10, wind direction ϕR, precipitable water
vapor V, cloud liquid water L, and sea surface temperature T. The input data come from satellite retrievals,
including those of WindSat, and numerical models.
In developing the W (TB) algorithm, initially, we pursued two main goals aiming to improve the feasibility
study of Anguelova and Webster (2006), namely, use of physical models and use of independent data sets.
We fulﬁlled the former by using the two‐scale model for roughness emissivity er (section 4.2) and by
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developing a foam RTM for the foam emissivity Ef (section 4.6). We fulﬁlled the latter by combining the
WindSat observations (section 3.1) with independent geophysical variables (section 3.2) using time‐space
match‐up criteria (section 3.3). Several versions of the W (TB) algorithm emerged from different combinations of four components. These components are (1) the implementation of the whitecap term eW in (8),
(2) the approach of using the WindSat observations (directly or indirectly), (3) the version of the WindSat
forward model (v1 or v2), and (4) the sources for the input variables forcing the models (external data or
WindSat retrievals).
Figure 5 visualizes two major implementations of the W (TB) algorithm. The interim version of the algorithm
(Figure 5a) shows W calculations with external, independent data (section 5.2). However, collocation differences between WindSat and external data in the interim W (TB) algorithm add to the spread of the W values
(Figures 6a and 6b). The spread of the W values was reduced at expense of direct use of the WindSat TB observations (Figures 6c and 6d). These results suggested correction in the implementation of the W (TB) algorithm. The updated (latest) version of the algorithm (Figure 5b) obtains W using both WindSat
observations TB and WindSat geophysical retrievals (U10, ϕR, T, V, and L) as input to the algorithm models.
By forgoing the use of external data, we restrict the contributions to the spread of the retrieved W values
(Figure 8) to modeling errors and varying environmental conditions.
Validation and assessment of the quality of satellite‐based values of whitecap fraction on a global scale is not
straightforward due to lack of well‐constrained ground truth values under widely varying conditions. To
compensate for insufﬁcient ground truth data, we use different approaches to evaluate the radiometric W
data (section 6). These include direct (1:1) validation with W data from photographs (Figure 9) or wave
models (section 6.1), time‐space matching of variables computed with satellite W such as aerosol optical
depth (section 6.2) or sea spray production ﬂux (Figure 10), intercomparion of wind speed dependence of
satellite W data to that of previously published (historic) in situ photographic W data (Figure 11), and
comparison of W(U10) trends of radiometric W data to known W(U10) parameterizations (Figure 12).
Satellite‐based W data vary with frequency and polarization of the TB observations (section 5.4). The wind
speed dependence of the W retrievals at horizontal and vertical polarizations show different behavior
(Figure 8) and compare differently with in situ data (Figure 11) and in situ W(U10) parameterizations
(Figure 12). Tuning the models in the W (TB) algorithm (section 7.3) to minimize these polarizations differences can help to further improve the accuracy of the W retrievals.
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