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Breaking waves are highly reflective features on the sea surface that change the

spectral properties of the ocean surface in both magnitude and spectral shape. Here,

hyperspectral reflectance measurements of whitecaps from 400 to 2,500 nm were taken

in Long Island Sound, USA of natural and manufactured breaking waves to explore

new methods to estimate whitecap contributions to ocean color imagery. Whitecap

reflectance was on average ∼40% in visible wavelengths and decreased significantly

into the near infrared and shortwave infrared following published trends. The spectral

shape was well-characterized by a third order polynomial function of liquid water

absorption that can be incorporated into coupled ocean-atmospheric models and

spectral optimization routines. Localized troughs in whitecap reflectance correspond

to peaks in liquid water absorption and depths of the troughs are correlated to the

amount and intensity of the breaking waves. Specifically, baseline-corrected band depths

at 980 and 1,200 nm explained 77 and 90% of the whitecap-enhanced reflectance

on a logarithmic scale, respectively. Including these wavebands into future ocean

color sensors could potentially provide new tools to estimate whitecap contributions

to reflectance more accurately than with wind speed. An effective whitecap factor

was defined as the optical enhancements within a pixel due to whitecaps and foam

independent of spatial scale. A simple mixed-pixel model of whitecap and background

reflectance explained as much of the variability in measured reflectance as more complex

models incorporating semi-transparent layers of foam. Using an example atmosphere,

enhanced radiance from whitecaps was detectable at the top of the atmosphere and a

multiple regression of at-sensor radiance at 880, 1,038, 1,250, and 1,615 nm explained

99% of the variability in whitecap factor. A proposed model of whitecap-free reflectance

includes contributions from water-leaving radiance, glint, and diffuse reflected skylight.

The epsilon ratio at 753 and 869 nm commonly used for aerosol model selection is nearly

invariant with whitecap factor compared to the ratio at shortwave infrared bands. While

more validation data is needed, this research suggests several promising avenues to

retrieve estimates of the whitecap reflectance and to use ocean color to further elucidate

the physics of wave breaking and gas exchange.
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FIGURE 3 | Relationship between absorption by seawater on a logarithmic scale (Rottgers et al., 2011) and the average whitecap reflectance measured here fit with a

(A) second order and (B) third order polynomial.

FIGURE 4 | (A) Average whitecap reflectance measured for intense breaking waves with ± 1 standard deviation reveals local reflectance troughs corresponding to (B)

Local maxima in liquid water absorption (Rottgers et al., 2011).

constant (h) through the following relationship valid for a semi-
infinite foam layer (Kokhanovsky, 2004):

R = Ro exp
(

−
√

awh
)

(8)

h = Q2B
2
d
√
l (9)

The values for b and Ro can be fit to experimental data
or solved based on the physics using the liquid fraction
(l), the average diameter of the bubbles (d), the constant
B related to the real part of the index of refraction of
liquid water, and Q related to the illumination conditions and
observation geometry.
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FIGURE 5 | Radiative transfer theory of whitecaps (Kokhanovsky, 2004) was

modified from the high published values (blue line) to fit the average whitecap

reflectance (black line) by tuning the parameters in Equation 8. The best fit

(dotted red line) had an Ro=0.36 with a spectrally neutral constant b of

10.3mm that translates to an equivalent water thickness of ∼0.01mm and a

mean bubble size range from 0.16 to 1mm.

However, more research is needed to fully interpret these
parameters in the scope of breaking waves and foam on the sea
surface. Kokhanovsky (2004) was able to match the Whitlock
et al. (1982) spectrum at wavelengths >800 nm only by adding
a component to water absorption equivalent to 0.000270 µm−1,
three orders of magnitude higher than values found in the ocean
(e.g., ∼0.270 m−1). If typical values of water absorption are used
in Equation (8), then the modeled spectrum is much higher in
magnitude and the water absorption features are much more
dramatic than that of a typical whitecap (Figure 5, blue line). To
achieve the appropriate magnitude of whitecap reflectance, the
Ro parameter can also be tuned to <1.0, which may account for
some loss of energy as light passes through the air-water interface
(Kokhanovsky pers. comm.). If we fit our whitecap spectrum
(Figure 5 black line) with Equation (8) using non-linear least
squares, we arrive at Ro= 0.36 and b = 10.3mm (Figure 5 red
dotted line, R2= 0.97, RMSE= 0.0311).

This h can be deconstructed to estimate the amount of
liquid water and size of bubbles using (Equation 9) above. The
parameter B was assumed to∼2.3 for media similar to whitecaps
following from Kokhanovsky (2004). The parameter Q can be
calculated as follows (Zege et al., 1991):

Q = q (θ) q (θo) /Ro (10)

q (θ) = 3 (1+ 2cos (θ)) /7 (11)

Given an incidence angle of 20◦ equivalent to the solar zenith
angle and a nadir observation angle and presuming Ro is
0.36 (modeled), Q is 4.40 for our measurement. With these
assumptions, we can solve for the equivalent water thickness
(

d
√
l
)

of 0.099mm for our average whitecap reflectance.

FIGURE 6 | High resolution cross-section of a breaking wave in a laboratory

setting and the corresponding void fraction measured using an optical fiber

detection probe (Blenkinsopp and Chaplin, 2007). As it is difficult to define the

free surface in a turbulent aerated flow, the 50% void fraction contour is used

to approximate the position of the free surface. Published with permission from

C. Blenkinsopp.

The question arises whether this parameter can be further
decomposed into realistic liquid water content and bubble size
distributions of a breaking wave.

Bubble clouds near the surface may be crudely separated into
short-lived high void-fraction plumes of large bubbles close to
the surface embedded in a more slowly varying low-void fraction
background field of smaller bubbles extending to greater depths
(Melville, 1996). Technology has allowed for better visualizations
of breaking wave processes at small scales within the surface
ocean (Blenkinsopp and Chaplin, 2007, 2011). As highlighted in
Figure 6, modified from Blenkinsopp and Chaplin (2007, 2011),
the fraction of air or “void fraction” is much larger in the above
water whitecap compared to the underlying submerged bubble
plumes. If we infer that the reflectance of the whitecap is largely
from the above-water portion of bubbles, the void fractions
range from 60 to 99%. The liquid water fraction is the non-
air fraction and would then range from ∼1 to 40% (Melville,
1996; Blenkinsopp and Chaplin, 2007). Using this range for l in
Equation (9), the average bubble diameter, d, contributing to the
measured whitecap reflectance would range from 0.16 to 1mm.

Bubble size distributions are generally measured on the
submerged plume within the water column. They generally
follow a power law distribution (Blenkinsopp and Chaplin, 2010;
Randolph et al., 2014; Deane et al., 2016). However, determining
an average bubble diameter is dependent on the size range of
bubbles under consideration and the technology used to assess
their sizes. For example, acoustics tend to measure a larger
size range than afforded by optical methods (Randolph et al.,
2014). Most of these approaches are designed to measure bubbles
plumes within the water and not surface expressions of foam.
However, the larger range of diameter (1mm) found here is
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consistent with measurements of bubbles sizes in plumes of
breaking waves (e.g., Deane et al., 2016). More experimental
research is needed to further constrain the radiative transfer
model and underlying assumptions. The ultimate objective
would be to use optical measurements of whitecaps from satellites
to further elucidate the physics of wave breaking and gas
exchange under different environmental conditions across the
world ocean.

Estimation of Whitecap Coverage With
Known Background Reflectance
Various components of breaking waves can contribute to the
reflectance (Frouin et al., 1996). The simplest formulation and the
one currently employed by ocean color correction algorithms is
to treat the ocean as amixed pixel where the whitecap component
has a constant reflectance, Rf , and covers a fraction of the sea
surface, A, and the remaining fraction of sea surface is comprised
of a constant backgroundwater-leaving reflectance,Rw, such that:

Rt = ARf + (1− A)Rw (12)

Even though area-weighted averages should be used for
the whitecap and white-cap free areas in atmospheric
correction routines (Gordon, 1997), the (1-A) term is not
explicitly incorporated in retrievals of water-leaving reflectance.
Presumably this introduces little error under most wind regimes
where whitecap fraction, A, is very low and when considering
standard 1-km ocean color pixels that average over a large
ocean footprint. However, as satellite spatial resolution becomes
smaller, the fraction of whitecap within a pixel can become
higher and this error would need to be rectified. The fractional
whitecap coverage in pan-sharpened Landsat or Sentinel 2
images (e.g., Figure 1A) can vary from 0 to nearly 1 within
a given scene. For this modeling, A is derived as a “whitecap
factor” rather than a whitecap fraction since it can be applied to
an individual pixel and has no spatial dependence.

A whitecap can also be treated as semi-transparent where
there is a contribution from the water layer below. Such a two-
layer system can be modeled by the following equation which
considers reflectance from the foam layer and an approximation
of the water layer which has been attenuated by the overlying
foam layer. The optical properties of diffusingmaterials (Duntley,
1942) can be used to consider a layered whitecap system water
the water-leaving reflectance is attenuated by the overlying foam
layer (Frouin et al., 1996), such that:

Rt = A
(

Rf + R
W

(

1− Rf
)2

/
(

1− RWRf
)

)

+ (1− A)Rw (13)

However, it should be noted that the contribution of the water-
leaving radiance is negligible when overlain by a thick surface
foam, as measured here. The utility of this formulation would
only be significant when there is a thin foam and the presumed
Rf is low.

Hence, another way to consider the problem is to
specify separate contributions from thick foam, as well as
a semitransparent thin foam/bubble layer overlying the
background water, which can also contain submerged bubbles,

and potentially submerged bubbles without surface foam (Zege
et al., 2006; Randolph et al., 2014). This would imply a fraction
covered by the opaque whitecaps (A1) and another fraction that
may be covered by semitransparent layer (A2). If we presume
that the thinner foam has the same spectral shape but reduced
magnitude when compared to thick foam (e.g., Figure 2A), then
the thin foam could be written as a fraction, F, of Rf and the
formulation would look like:

Rt = A1Rf + A2

(

FRf + R
W

(

1− FRf
)2

/
(

1− RWFRf
)

)

+ (1− A1 − A2)RW (14)

These 3 different models (Equations 10–12) were tested using
a time series of reflectance measurements made over natural
mixed pixels of background, bubbles, and whitecaps (e.g.,
rolling breakers) (blue lines in Figure 2C). Model parameters
were fit to 88 different spectra using non-linear least squares
to the total reflectance measured between 400 and 1,800 nm
presuming a known background reflectance of water, Rw, and
the average whitecap reflectance from Equation (7) (Figure 4A).
The simplest model was able to capture the spectral shape
from mixed pixels with lots of foam to those just above the
background, as illustrated by a range of selected spectra shown
in Figure 7A. The modeled retrieval of total reflectance showed
good correspondence across all wavelengths (Figure 7B) with
and R2 of 0.96 and a slope of 0.98. The MAPE estimate for each
wavelength (Figure 7C) shows that themodel achieves an average
of 18.5% across the spectrum and 9.0% in visible wavelengths
(400–700 nm). Application of the second model (Equation 13)
which includes a term for semi-transparent whitecap provided
little improvement in fit with an average MAPE of 18.69% and
8.27% in visible wavelengths. As mentioned earlier, this is likely
because the whitecap reflectance is high and the contribution
of the water-leaving radiance is negligible when overlain by a
thick surface foam. The third model (Equation 14) allows for a
thinner foam layer, but has more free parameters to fit (F, A1, and
A2) and unique solutions were difficult to constrain. The model
seemed to overfit either A1 or A2 with either fractions of 0 or 1.0.
Additionally, the complexity of this model did not significantly
improve the fit to the measured spectra and the MAPE was 18.20
and 8.85% in visible wavelengths. Hence, the simplest model
(Equation 13) captured the large range in reflectance frommixed
pixels, particularly at higher whitecap factors. This provides
further evidence that the mixed pixel behaves in a linear manner
and the retrieved effective whitecap factor is able to account for
different thicknesses of foam on the sea surface.

Estimating Whitecap Coverage With
Unknown Background Reflectance
The above exercise illustrates that a simple model is capable of
reproducing the total reflectance from a mixed pixel of foam and
background reflectance using the average whitecap reflectance
spectrum (Equation 7). The retrieved whitecap factor is an
“effective” whitecap coverage that incorporates different levels
of foam and bubbles within the pixel varying from 0.01 to
1. With this parameter, the contribution of whitecaps can be
removed from the mixed pixel in order to retrieve an estimate
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FIGURE 7 | (A) Reflectance measurements of selected mixed pixels (blue

lines) of whitecaps and background reflectance (black line) measured in Long

Island Sound, USA and a modeled fit using the average whitecap reflectance

(Continued)

FIGURE 7 | (Equation 7) and a simple mixed pixel model (Equation 12). The

gray regions highlight spectral bands proposed for the PACE mission. (B)

spectral fit of the mixed pixel model (Equation 12) showing measured and

observed reflectance colored by wavelength for 88 spectra. (C) mean

percentage error and ± 1 standard deviation by wavelength varied from 8% in

visible wavelengths to 20% in shortwave infrared wavelengths.

of the background water-leaving reflectance that is needed for
implementation of ocean color products. In this section, we
consider different algorithms that could be used to retrieve
to the effective whitecap factor assuming that the background
reflectance is not known.

Following from the previous section, an iterative procedure
could be implemented to retrieve both the fractional
whitecap coverage and the background reflectance with
a constant whitecap reflectance by adjusting the shape of
background reflectance and fractional whitecap coverage with
an optimization routine. Constraints could be applied such that
background reflectance is retrieved within the scope of known
water-leaving reflectance shapes. Such an optimization, however,
may be sensitive to other components of atmospheric correction,
such as the choice of aerosol models and removal of diffuse and
direct sea surface reflected solar radiance. Hence, the average
whitecap reflectance (Equation 7) could be straightforwardly
incorporated into existing models that solve both the water and
atmospheric components simultaneously (Stamnes, 2003; Fan
et al., 2017) or atmospheric correction schemes that rely on
spectral matching and optimization (Steinmetz et al., 2011).

Other atmospheric correction algorithms from ocean
color satellites are stepwise and incorporate an independent
determination of the contribution of whitecaps to the total
radiance at the top of the atmosphere (Gordon, 1997; Bailey
et al., 2010; Ibrahim et al., 2018). To assess the parts of the
spectrum most useful for discrimination of whitecap factor, a
correlation matrix was constructed to assess how combinations
of different wavelengths could be used to predict whitecap
factor, A. A Normalized Difference Index (NDI) was used which
is the difference between two wavelengths normalized by the
sum of the wavelengths (Figure 8; Dierssen et al., 2015). The
normalization constrains the index to values between −1 and
1 with 0 indicating no difference and can be used to isolate
narrowband features within a hyperspectral signal. Using this
index, regions of highest correlation are localized in discrete
wavebands and primarily include water absorption bands at
750 nm, 900–980 nm, and 1,100–1,300 nm. Specifically, a higher
effective whitecap factor resulting either from more whitecaps
in a pixel or more intense breaking waves are expressed as
greater reflectance troughs in the liquid water absorption bands
highlighted in Figure 4 (600, 756, 980, 1,198, 1,448 nm).

The initial correlation was done on a linear scale, but a
logarithmic scale is more appropriate given the distribution
of whitecap factor and the radiance values (Figure 9). Areal-
averaged whitecap factors can range over three orders of
magnitude roughly from 0.001 to 0.1 (Brumer et al., 2017).
Using a logarithmic distribution in the correlation analysis
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FIGURE 8 | Correlation matrix of normalized difference index calculated using

pairs of wavelengths from near infrared through the shortwave infrared in

relationship to the derived effective whitecap factor (A) from Equation 12. The

colors represent the correlation coefficients derived on a (A) linear scale with

NDI vs. A; (B) logarithmic scale with log(NDI) vs. log(A). Selected wavelengths

proposed for the PACE mission are highlighted in white.

(Figure 8B), the correlation coefficients are higher and the SWIR
features are more prominent compared to the linear fit. The
amount of reflectance in SWIR bands (1500–1800 nm) is found
to be highly correlated to the whitecap factor with R2 > 0.90
for some combinations of wavebands (Figure 8B). While these
SWIR bands are not specific liquid water absorption features,
the enhanced reflectance in SWIR wavelengths can be important
predictors of whitecap contribution and can potentially interfere
with aerosol and glint atmospheric correction methods (see
Section Whitecap Modeling for the PACE sensor below).

Whitecap Modeling for the PACE Sensor
This analysis focuses on the proposed bands for incorporation
in the PACE OLI sensor which include hyperspectral bands

FIGURE 9 | Histogram of the derived effective whitecap factor (A) from mixed

pixels of natural breaking waves using Equation 12 reveals the logarithmic

distribution of A ranging from −2 to 0 in logarithmic space or 0.01 to 1.

from 350 to 890 nm in 5 nm increments with additional largely
heritageNIR/SWIR bands at 940, 1,038, 1,250, 1,378, 1,615, 2,130,
2,260 nm. The 1,378 nm channel is not included further in this
analysis, because the atmosphere highly attenuates radiance in
this band and reflectance at the sea surface is not measurable
under most conditions. The PACE OLI sensors misses many
of the NIR/SWIR bands related to liquid water absorption
such as features around 980 and 1,200 nm. However, PACE
is poised to be hyperspectral into the NIR and this analysis
shows narrowband information in the 730–800 nm region that
are related to the liquid water absorption features at 756 nm. In
addition, the 1,038 nm band also may provide information on
whitecap, although this region is likely also used for aerosols and
sun glint extrapolations.

If we presume that the sea surface is a mixture of pure
whitecap with whitecap-free background reflectance, then a
simple linear mixing model could be developed to quantify
the depth of the reflectance trough for different liquid water
absorption bands. For the data collected here, the depth of the
trough related to liquid water absorption is related to the derived
whitecap factor for the 980 and 1,200 nm features. A baseline
subtraction approach (also referred to as continuum removed)
has proven to be robust for many environmental remote sensing
applications (Clark, 1999; Dierssen et al., 2015; Khan et al., 2017;
Garaba andDierssen, 2018) and is explored here (Figure 10). The
water absorption features at ∼750 nm is not a robust indicator
when the whitecap factor is low. However, the absorption
features at 980 nm and 1,200 nm are well-correlated to whitecap
factor across several orders of magnitude (0.02–1) and have
little bias and fairly low error (Figure 10). Similar results are
found for a simple band difference algorithm (Table 1). The
NDI does not perform as well in predicting whitecap factor
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FIGURE 10 | Various models to derive effective whitecap factor (A) from baseline corrected band-depths calculated using different combinations of 3 wavelengths

(see Table 1 for additional statistics). Band depths at the liquid water absorption features centered at 980 and 1,200 nm are highly correlated to the whitecap factor

on a logarithmic scale. These bands are not proposed to be part of the PACE mission.

TABLE 1 | Statistical results from various algorithms to estimate the whitecap factor, A, from spectral reflectance at the sea surface and at sensor radiance.

Algorithm a0 a1 n Bias MAE MAPE r2

Baseline subtraction log(A) = a0 + a1 log(bd), bd = (λ2 − λ1)*(R3 − R1)/(λ3 − λ1) + R1 – R2

709, 750, 810 2.59 1.48 87 0.058 0.134 0.891 0.35

880, 980, 1038 0.822 0.716 86 0.0020 0.034 0.225 0.77

1038, 1190, 1250 1.50 1.04 87 0.0046 0.027 0.179 0.90

Band difference log(A) = a0 + a1 log(bd) , bd = R1 − R2

756, 800 2.01 0.861 681 −0.0031 0.060 0.523 0.13

880, 980 1.18 0.934 87 0.0120 0.059 0.395 0.80

1038, 1190 0.884 1.04 87 0.0022 0.028 0.184 0.87

Multiple regression PACE RT A = −0.0237 + 4.003 R(880) + 1.6657 R(1038) − 3.750 R(1250) + 3.424 R(1615)

880, 1038, 1250, 1615 87 <0.0001 0.0068 0.0068 0.99

Multiple regression PACE LTOA A = − 0.443 + 0.183 L(879) + 0.111 L(1038) − 0.366L(1253) + 0.600L(1617)

879, 1038, 1253, 1617 87 <0.0001 0.0067 0.0443 0.99

1Lower number of samples due to negative band depths.

for any of these spectral regions because the normalization to
the sum of the reflectance values tends to obscure the relative
differences (Table 1).

While these liquid water absorption bands are not currently
part of the PACE mission, this analysis suggests their addition,
particularly 980 and 1,200 nm, could be valuable for predicting
whitecap factor and other sea surface applications. High
correlations can also be found with a multiple linear regression
for select bands in the far NIR/SWIR including 880, 1,038,
1,250, and 1,615 nm (Table 1). As discussed earlier, whitecaps
elevate the reflectance in the NIR/SWIR above background
and the amount of signal within these bands is a good
predictor of the fractional whitecap coverage. The 940 nm
band was excluded from the regression analysis because this
band varies with atmospheric water vapor absorption. The
generality and applicability of these algorithms broadly across
different oceanic regimes and atmospheric conditions remains to
be tested.

Many of the features unique to whitecaps may be part or
wholly obscured by the intervening atmosphere. Hence, a simple
transformation was conducted to determine whether the signal
observed at the sea surface could “potentially” be observed at
the Top of the Atmosphere (TOA). This transformation is for
a single atmospheric condition with a realistic set of aerosols
and atmospheric gases and does not consider the impact of
highly scattering waters on atmospheric processes (e.g., multiple
scattering). It provides a glimpse of what a satellite might observe
over whitecap-enhanced waters in the bands expected on PACE.
The TOA radiance is nearly an order of magnitude higher
in visible wavelengths, but the two datasets become closer in
magnitude into the NIR and SWIR wavelengths (Figure 11A).
The separate contribution of Rayleigh (Lr) and aerosols (La) are
shown in comparison to a whitecap pixel (Lw maximum) and
an unimpacted background pixel (Lw minimum) (Figure 11B).
Pixels completely covered by whitecaps (A = 1) contribute more
radiance than aerosols at the TOA from visible to 1,615 nm.
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FIGURE 11 | (A) An example of radiance (W m-2 µm−1 sr−1) at the sea surface and the top of the atmosphere in bands similar to those proposed to be on the PACE

mission estimated from 88 spectra measured over different mixtures of whitecap and background including direct and diffuse reflected skylight for a single marine

atmosphere. (B) Individual contributions to the top of the atmosphere radiance (LTOA) from Rayleigh (Lr ), aerosol (La), and the water signal (Lw ) over background (min)

and whitecap-covered (max) sea surfaces. (C) Relationship between the logarithm of LTOA (from Panel A) and the effective whitecap reflectance for the near infrared

(NIR) and shortwave infrared (SWIR) bands. (D) Same analysis as in (C) But for total reflectance measured at the sea surface.

This would not be observed on PACE, however, given the large
spatial footprint of 1 km and typical values of A < 0.1. Another
feature of note is that the changes in radiance are less sensitive
to whitecap factor at the top of the atmosphere having steeper
slopes (Figure 11C) compared to reflectance at the sea surface
(Figure 11D). This could impact the ability to retrieve low
whitecap factors common to open ocean conditions from TOA
radiance. The impact of different atmospheric conditions will
also need to be explored.

Gordon (1997) writes that “area-weighted averages” of the
whitecap-covered and whitecap-free areas of the surface should
be considered in the formulation for atmospheric correction
(Gordon, 1997). However, current correction routines do not
incorporate the (1-A) fraction for the remaining signal emanating
from the sea. This may not introduce much error in the current
implementation of the whitecap correction routine, which only
considers low fractions of whitecaps (A < 0.02). The formulation
by Gordon (1997) also presumes that reflection of the direct
and diffuse skylight would be the same over whitecap-covered
and background waters; however, seas with breaking waves and
foam do not reflect light in the same way as flat or wind-ruffled
seas. Hence, the area-weighted average of whitecap-free sea
surface should potentially include the direct beam (sun glint,

Lg) and diffuse skylight (Ld) in addition to the water-leaving
component. A modification of the traditional algorithm for
conducting atmospheric correction (Gordon, 1997) is proposed
that explicitly incorporates the fraction of whitecap-covered and
whitecap-free areas following:

Lt = Lr−d + La+ra + AtLf + (1− A)(tLw + TLg + tLd) (15)

where t is the diffuse and T is the direct transmittance of
the atmosphere. This equation separates the component of
the diffuse reflected skylight, Ld, from the computed Rayleigh
radiance and includes it as part of the water signal. This allows
for true validation of the atmospheric correction approach,
whereby values of Lg , Ld, Lw, and Lf can be individually
measured and compared to those derived from the atmospheric
correction algorithm.

The ε
obs used to estimate the aerosol model for atmospheric

correction purposes was evaluated at different combinations
of NIR and SWIR wavelengths (Figure 12). As shown in
Figure 12A, ε

obs is quite insensitive to whitecap factor using
the NIR wavebands of 753 and 869 nm. The liquid water
absorption feature at 753 nm compensates for the enhanced
reflectance due to the whitecaps. However, the SWIRwavelengths
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FIGURE 12 | Estimates of the observed epsilon ε
obs for the two specified wavelengths (Equation 5,6) used in the selection of aerosol models is shown in relationship

to the logarithm of effective whitecap factors. The ε
obs calculated using the near infrared (753 and 869 nm) is nearly invariant of whitecap factor (A) compared to the

ratios calculated with shortwave infrared wavelengths (1,253, 1,617, and 2,132 nm) (B,C).

at 1,253, 1,617, and 2,132 nm do not incorporate the liquid
water features and ε

obs is dependent on the whitecap factor
with different combinations of SWIR bands. No correlation
is found between whitecap factor and εobs(753,869), while the
correlation coefficients are 0.54 and 0.36 for εobs(1,253,1,617)
and εobs(1,617,2,132), respectively. The range in εobs is large
for Figures 12B,C and would result in different aerosol spectral
models and variable amounts removed from visible wavelengths,
even though the atmospheric properties and water-leaving
reflectance were the same.

CONCLUSIONS AND OUTLOOK

Field measurements of the spectral reflectance of whitecaps are
challenging to collect due to the many types and stages of
whitecaps, the rapid time scale on the order of seconds, the
changing contributions of foam and still water, and potential
contamination from reflectance of sun and skylight. Reflectance
of whitecaps also varies with the type of breaking wave
(e.g., rolling breakers and plunging breakers) and the layers
of foam and bubbles produced (Frouin et al., 1996; Moore
et al., 2000). This was evident in the early measurements
of Koepke (1984) who demonstrated the time dependent-
variability of the reflectance of breaking waves averaging around
22%. However, that study was limited to simple photography
and the spectral shape was presumed to be flat, with later
studies highlighting the reduction in reflectance in the NIR
(Frouin et al., 1996). Few studies have evaluated whitecap
reflectance into the SWIR and at the spectral resolution necessary
for atmospheric correction of hyperspectral sensors (e.g., the
proposed PACE).

This study builds upon past research to present new whitecap
measurements from 350 to 2,500 nm that are useful not only
for atmospheric correction, but for sensor design in terms
of waveband selection in NIR and SWIR wavelengths. Our
measurements in visible and NIR wavelengths are consistent in
magnitude with several of the past multi-spectral measurements

of whitecaps from vastly different water conditions (Frouin
et al., 1996). This consistency in measurements may be a
further indication of a phenomena called “turbulence saturation,”
whereby the time- and space-averaged fluid turbulence in actively
breaking wave crests is proposed to remain approximately
constant (Deane et al., 2016). As highlighted in the radiative
transfer section above, bridging the physics of wave breaking
and radiative transfer (Kokhanovsky, 2004; Ma et al., 2015) is
a subject requiring more intensive research and could lead to
new predictive capabilities from ocean color data that include
estimates of whitecap factor and the intensity of breaking wave
features on the sea surface.

Similar to the pioneering work of Whitlock et al. (1982),
the average whitecap spectrum is empirically related to the
liquid water absorption coefficient from visible to SWIR using
a third order polynomial (Equation 7). However, the new
hyperspectral parameterization is proposed to be more accurate
for natural breaking waves across all wavelengths compared
to the laboratory study of Whitlock et al. (1982) and is now
consistent from 400 to 2,500 nm. This whitecap parameterization
can be easily input into radiative transfer models and various
atmospheric correction schemes for ocean color imagery. In
particular, the new whitecap parameterization could be input
as a spectral shape in spectral matching and optimization
algorithms (Steinmetz et al., 2011), which could result in
improved atmospheric correction over whitecap-prone seas
like the Southern Ocean. Prominent reflectance troughs in
the whitecap spectrum correspond to liquid water absorption
features at ∼750, 980, and 1,200 nm. These absorption features
are related to the intensity of breaking wave features whereby
more intense foam production leads to enhanced multiple
scattering by the medium (Zege et al., 1991; Kokhanovsky, 2004)
and enhanced absorption in these localized bands. As shown
here, the depths of the reflectance trough at 980 and 1,200 nm
are highly related to the effective whitecap factor from 0.01 to 1
and could provide new means to estimate this parameter from
the ocean color image.
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The liquid water absorption features highlighted here are
not unique to reflectance features of whitecaps and can occur
from other types of floating or suspended constituents at the
sea surface. For example, various types of floating vegetation
including the macroalgae Sargassum sp. and floating leaf debris
of seagrass (i.e., seagrass wrack) can contain these same water
features out to nearly 2,500 nm (Dierssen et al., 2015; Hu
et al., 2015). For example, the liquid water absorption feature
at ∼980 nm has been used for terrestrial applications to map
drought within plant communities (Peñuelas et al., 1997; Roberts
et al., 2016). Dierssen et al. (2015) related the dip in reflectance
at 980 nm to the age of floating seagrass wrack advected from
coastal seagrass beds to the oligotrophic ocean. Highly turbid
sediment plumes also have similar dips in reflectance at these
same liquid water absorption bands up until 1,150 nm (Knaeps
et al., 2015). Differentiating highly scattering media at the sea
surface, such as sediments, floating vegetation and whitecaps,
is possible using spectral characteristics that are unique to each
constituent (e.g., red edge of vegetation) (Dierssen et al., 2006)
and will be considered in future research.

The “effective” whitecap factor, A, derived here is based
on optical reflectance rather than the traditional interpretation
of whitecap fraction as an aerial average of bright features
observed over a large area of the sea surface. In photographic
methods commonly used to estimate whitecap fraction, the
threshold of what is considered a “bright feature” is not easy
to standardize and large uncertainty exists in derivation of
whitecap fractions (Brumer et al., 2017). The “effective” whitecap
factor (Equation 12) is the fraction of a standard whitecap
reflectance (e.g., Equation 7) that accounts for enhancements
in spectral reflectance of the sea surface above the background
reflectance. Since A is optically derived, it is better suited
for atmospheric correction techniques because it specifically
incorporates different levels of foam and bubbles associated
with breaking waves and can incorporate small enhancements
in reflectance that may not be observable with the eye
or photographic systems (Randolph et al., 2017). Moreover,
unlike the whitecap fraction parameterized with wind speed
measurements, no spatial extent is implicit to A and “effective”
whitecap factor can apply to reflectance measurements at
any spatial scale on the sea surface. For a large pixel, A
can be related directly to the whitecap fraction on the sea
surface. For a small pixel, A can be higher than 1.0, if
reflectance is greater than the average whitecap reflectance used
in the model, and A can be lower than the limit used here
of 0.01.

The simple whitecap model (Equation 12) is consistent
with the standard model used in most atmospheric correction
routines where the sea is treated as a mixed pixel comprising
both whitecap and background reflectance (Gordon and Wang,
1994). Gordon (1997) specifically states that “area-weighted
averages” of the whitecap-covered and whitecap-free areas of
the surface should be considered, but the terms describing the
area-weighted averages, specifically A and (1-A), are missing
from the standard equation (Gordon, 1997, Equation 5).
Without explicitly including these terms, the standard model is
commonly misinterpreted as enhancements or augmentations

in reflectance above a background reflectance (Equation 1). To
clarify this misconception, these terms are explicitly added to the
atmospheric correction equation in Equation (15). Incorporating
these terms is especially important for satellites with smaller
footprints and when considering an “effective” whitecap factor
as described above (Thompson et al., 2015; Bender et al.,
2018). In addition, the new formulation considers the reflectance
from whitecap-free areas of the sea surface to include all
contributions of sea spectral reflectance, including sun glint,
and diffuse reflected skylight. Current models include a wind-
roughened estimate of the diffuse reflected skylight in the
Rayleigh component of atmospheric correction (Gordon, 1997;
Ibrahim et al., 2018), which is challenging to validate. Enhanced
surface roughness, which is directly linked to the generation of
whitecaps and air bubble entrainment and to the formation of sea
spray as significant aerosol contribution in the lower atmospheric
layer, will challenge the atmospheric correction performance and
in turn will affect the estimates of whitecap factor (Hieronymi,
2016).

Errors in treating whitecap reflectance for atmospheric
correction of satellite imagery, particularly at high winds, are
generally accounted for in the aerosol model. Specifically, any
enhancement that is not removed as a whitecap is added to
the aerosol reflectance in the NIR/SWIR and can impact the
retrieved spectral dependence of the selected aerosol model.
Even though the selected aerosol concentration and type may
be inaccurate, the amount of reflectance that is subtracted may
still be approximately correct to retrieve accurate water-leaving
reflectance across the visible. If the PACE mission aims to
improve retrievals of both aerosols and water-leaving reflectance,
however, then better treatment of whitecaps is needed to ensure
that errors are not propagated into the retrieved aerosol or
water-leaving reflectance values. Here, the ε

obs used for aerosol
model selection was calculated using NIR wavelengths of 753
and 869 nm and found to be quite invariant to changes in the
effective whitecap factor. In contrast, ε

obs calculated for SWIR
wavebands (i.e., 1,253, 1,617, and 2,132 nm) was highly variable
with whitecap factor. Amore thorough analysis of howwhitecaps
impact top of the atmosphere radiance and aerosol modeling
under a variety of environmental conditions will be important
for estimating uncertainties of parameters derived from future
satellite missions, particularly in whitecap-prone regions like the
Southern Ocean. Alternative methods for estimating whitecaps
may also be feasible such as using depolarization characteristics
of whitecaps or the use of space-based lidars (Hu et al., 2008;
Hieronymi, 2016).

Rather than considering whitecaps a contamination to ocean
color imagery, these results point the way forward to new avenues
of research and ocean color products that could have important
implications to physical oceanographers, atmospheric scientists,
and climate modelers. Wave breaking leads to enhanced air-
sea transfer of gases through additional turbulence and bubble-
mediated transfer (Asher and Wanninkhof, 1998). Bursting of
surface bubbles injects sea spray aerosols into the atmosphere and
the aerosol production flux is thought to be directly proportional
to the whitecap coverage. Sea salt aerosols play an important role
in the earth’s radiation budget through scattering of and serve
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as cloud condensation nuclei influencing the microphysical and
radiative properties of clouds. They are also direct scatterers of
solar radiation (Andreae and Rosenfeld, 2008). Including new
wavebands specific to liquid water absorption features could
open the door for new applications to sea surface processes with
potential ecological and climatological applications.
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