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Abstract

Remote sensing is a powerful tool for studying the marine environment; how-

ever, many images are contaminated by sun glint, the specular reflection of light

from the water surface. Improved radiative transfer modelling could lead to better

methods for estimating and correcting sunglint. This thesis explores the effect of

using detailed numerical models of the sea surface when investigating the transfer

of light through the atmosphere-ocean system.

New numerical realisations that model both the shape and slope of the sea surface

have been created; these contrast with existing radiative transfer models, where the

air-water interface has slope but not elevation. Surface realisations including features

on a scale from 3 mm to 200 m were created by a Fourier synthesis method, using

up to date spectra of the wind-blown sea surface. The surfaces had mean square

slopes and elevation variances in line with those of observed seas, for wind speeds up

to 15 m s−1. Ray-tracing using the new surfaces gave estimates of reflected radiance

that were similar to those made using slope statistics methods, but significantly

different in 41% of cases tested. The mean difference in the reflected radiance at

these points was 19%, median 7%. Elevation-based surfaces give increased sideways

scattering and reduced forward scattering of light incident on the sea surface.

The elevation-based models have been applied to estimate pixel-pixel variation

in ocean colour imagery and to simulate scenes viewed by three types of sensor. The

simulations correctly estimated the size and position of the glint zone. Simulations

of two ocean colour images gave a lower peak reflectance than the original values,

but higher reflectance at the edge of the glint zone. The use of the simulation to

test glint correction methods has been demonstrated, as have global Monte Carlo

techniques for investigating sensitivity and uncertainty in sun glint correction.

This work has shown that elevation-based sea surface models can be created and

tested using readily-available computer hardware. The new model can be used to

simulate glint in a variety of situations, giving a tool for testing glint correction

methods. It could also be used for glint correction directly, by predicting the level

of sun glint in a given set of conditions.
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Definitions

0.1 Abbreviations used in the text

Note: for entries marked * further details can be found in the table of instruments,

0.2.

Abbreviation Full version

AATSR Advanced Along Track Scanning Radiometer

ADEOS-II Satellite on which the GLI instrument is mounted

ATSR-2 Along Track Scanning Radiometer 2
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BRDF Bidirectional reflectance distribution function

CASI* Compact Airborne Spectrographic Imager

CEOS Committee on Earth Observation Satellites

CZCS* Coastal Zone Color Scanner

ECMWF The European Centre for Medium Range Weather Forecasting

GEO Group on Earth Observations

GLI* Global Imager

IOP Inherent optical property

MERIS* Medium Resolution Imaging Spectrometer

MOBY Marine Optical Buoy

MODIS* Moderate Resolution Imaging Spectroradiometer

mss mean square slope

NCEP National Center for Environmental Prediction

NIR Near infrared

OCTS* Ocean Color and Temperature Sensor
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ODESA The Optical Data Processor of the European Space Agency

OLCI* Ocean and Land Colour Instrument

PDF Probability distribution function

POLDER* Polarization and Directionality of the Earth’s Reflectances

QA4EO Quality Assurance Framework for Earth Observation

SeaDAS SeaWiFS Data Analysis System

SeaWiFS* Sea-viewing Wide Field-of-view Sensor

SMOS* Soil Moisture and Ocean Salinity Satellite

SST Sea surface temperature

TOA Top of atmosphere
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0.2 List of remote sensing instruments referred to

in the text

Instrument Dates in
orbit

Satellite Bands Tilt-
ing?

Resolu-
tion (m)

Airborne
Visible/Infrared
Imaging
Spectrometer
(AVIRIS)

Flights
since 1992

Airborne,
20 km

altitude

224 bands, visible
to infrared
(400–2,500 nm)

N 20

http://aviris.jpl.nasa.gov/

Coastal Zone Color
Scanner (CZCS)

1978-1986 Nimbus 7 6 Band centres:
443, 520, 550, 670,
750, 11500

Y 825

http://nssdc.gsfc.nasa.gov/nmc/experimentDisplay.do?id=1978-098A-03

Compact Airborne
Spectrographic
Imager-2
(CASI-2)*

Flights
since 1989

Airborne 18-288 bands in the
range 405–950 nm,
band number and
frequencies are
tunable

N <1 -10

http://arsf.nerc.ac.uk/instruments/casi.asp

Global Imager
(GLI)

2002-2003 ADEOS-
II

36 bands; 23 in
visible and
near-infrared

Y 1000

http://www.eorc.jaxa.jp/en/hatoyama/satellite/sendata/gli_e.html

IKONOS
multispectral
imager

1999-
present

IKONOS 4 bands, visible
and NIR, each
about 70–100 nm
wide

N 4

http://www.geoeye.com/ikonos

Medium Resolution
Imaging
Spectrometer
(MERIS)

2002-
present

Envisat 15 bands, ranging
from 412.5 to 900
nm

N 300/1200

http://envisat.esa.int/earth/www/object/index.cfm?fobjectid=1665

Moderate
Resolution Imaging
Spectroradiometer
(MODIS)

1999
(Terra)
/2002

(Aqua)
-present

Aqua &
Terra

36 bands; 8 bands
in the visible and
NIR are used for
ocean colour, other
bands extend up to
14 µm

N 1000

http://modis.gsfc.nasa.gov/about/

Ocean Color and
Temperature
Sensor (OCTS)

1996-1997 ADEOS 12 bands; 8 in
visible and
near-infrared

Y 700

http://www.eorc.jaxa.jp/en/hatoyama/satellite/sendata/octs_e.html

Ocean and Land
Colour Instrument
(OLCI)

Due for
launch in

2013

Sentinel-
3

21 bands,
400–1,020 nm

Y 300 m

http://www.esa.int/esaLP/SEMTST4KXMF_LPgmes_0.html
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Instrument Dates in
orbit

Satellite Bands Tilt-
ing?

Resolu-
tion (m)

Polarization and
Directionality of
the Earth’s
Reflectances
(POLDER)

1996-1997
2002-2003

ADEOS
ADEOS-

II

8 bands, 443–910
nm

N 7000

http://www.eorc.jaxa.jp/en/hatoyama/satellite/sendata/polder_e.html

Sea-viewing Wide
Field-of-view
Sensor (SeaWiFS)

1997-2011 OrbView-
2 (also
called

SeaStar)

8 bands in the
visible and NIR

Y 1100/4500

http://oceancolor.gsfc.nasa.gov/SeaWiFS/

* Other CASI models also exist.
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0.3 List of symbols used in the text

The final column gives the section where the symbol is introduced or defined.

Symbol Meaning Section

a(λ) spectral absorption coefficient of sea water 5.4

b(λ) spectral scattering coefficient of sea water 5.4

B(k) the curvature, or saturation, spectrum of sea surface waves 3.2.2

c phase speed of sea surface waves 3.2.1

c12, c30,
c40, c22,
c04

coefficents in the Cox and Munk sea surface PDF 2.4.1

D(k, θ) the directional spreading function of sea surface waves 3.2.2

Ed, Eu downwelling and upwelling irradiance just above the sea
surface

2.2

f, fp the frequency of sea surface waves, the frequency at which
the peak of the surface wave spectrum S occurs

3.2.4

Fo(λ) the extraterrestrial solar irradiance 2.4.2

g the acceleration due to gravity 3.2.1

k,
(kx, ky),
(k, θ)

the angular wavenumber of sea surface waves, expressed as a
vector, as components in Cartesian co-ordinates and as
components in polar co-ordinates; (k = 2π/λ)

3.2.1

km wavenumber of the secondary peak in the surface wave
spectrum

3.2.1

kp wavenumber of the primary peak in the surface wave
spectrum

3.2.4

Laerosol radiance reaching the sensor due to scattering from aerosols
in the atmosphere

2.4.2

Latm radiance reaching the sensor via single or multiple scattering
in the atmosphere (path radiance)

2.2

Lglint radiance just above the water surface for light reaching the
sensor by specular reflection at the surface and direct
transmission through the atmosphere: sun glint

2.2

LGN normalized sun glint radiance, used in the SeaWiFS scheme:
the glint radiance that would be received if there was no
atmosphere and the solar irradiance were 1

2.4.2

Lra radiance reaching the sensor due to Rayleigh-aerosol
interaction

2.4.2

LRayleigh radiance reaching the sensor due to Rayleigh scattering from
molecules in the atmosphere

2.4.2

Lsensor total radiance reaching a sensor 2.2
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Lsky radiance just above the water surface for light scattered from
the atmosphere and then reflected from the water surface to
the sensor (“sky glint”)

2.2

Lwater radiance just above the water surface for light transmitted
into the water and then scattered or reflected to the sensor

2.2

Lwhitecap radiance just above the water surface for light reflected from
whitecaps on the water surface

2.2

mss mean square slope (of the sea surface) 2.4.1

p(zx, zy) probability distribution function of the sea surface slope 2.4.1

r =
(x, y)

the position of a point on the sea surface 3.2.2

S(k) the omnidirectional spectrum of sea surface waves 3.2.2

S parameter describing the width of the angular distribution of
sea surface waves

3.2.4.1

T (λ), t(λ) direct and diffuse transmittance of the atmosphere between
the water surface and the sensor, i.e., the proportion of the
radiance leaving the surface that reaches the sensor; diffuse
transmittance includes light scattered into the path.

2.2, 2.4.2

To(λ) the atmospheric direct transmittance along the path from the
sun to the water surface

2.4.2

U10 the wind speed at 10 m above mean sea level 2.4.1

W surface wind vector, measured at 10 m 2.4.2

x, y, z a right-handed axis system with x in the downwind direction,
y in the crosswind direction and z vertically upwards from
the equilibrium position of the sea surface

2.2

X(k, t) amplitude of the surface wave component with wavenumber k
at time t

3.2.2

zx, zy facet slope ∂z/∂x, ∂z/∂y 2.2

β, γ steepest slope and azimuth of a facet of the water surface 2.2

γsurf the surface tension of water 3.2.1

γΓ JONSWAP peak enhancement factor 3.2.4

η(r) elevation of the sea surface above the equilibrium level at
point r

3.2.2

θs, φs solar zenith and azimuth angles 2.2.2

θv, φv sensor (viewing) zenith and azimuth angles 2.2.2

∆φ the difference between the sun and viewing azimuth angles 6.3

λ wavelength – can refer to light or water waves

ξ, η normalized surface slopes zx/σw and zy/σc 2.4.1

ρ(ω, λ) Fresnel reflectance at the water surface 2.2

ρg, ρglint remote-sensing reflectance due to sun glint 2.4.3

ρw, ρwater remote-sensing reflectance due to light emerging from below
the water surface

2.4.3
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% the density of sea water 3.2.1

σw, σc root mean square slopes in the downwind and crosswind
directions

2.4.1

τaerosol the aerosol optical thickness of the atmosphere 2.4.2

τRayleigh the Rayleigh optical thickness of the atmosphere 2.4.2

χ the difference between the sun and wind azimuth angles 6.3

Ψ(k) the variance density spectrum of sea surface waves, also
known as the elevation or power spectrum

3.2.2

ω, ω′ the angles of incidence and refraction of a light ray at the
water surface

2.2, 2.4.2
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Chapter 1

Introduction

This thesis explores the effect of using detailed numerical models of the sea surface

when investigating the transfer of light through the atmosphere-ocean system. These

new models include both the slope and the elevation of the sea surface, while previ-

ously existing methods only include slope. The work presented here demonstrates

that including elevation can give results that have small but significant differences

from current models, and shows how the new surface realisations can be used to cre-

ate simulations of scenes as imaged by remote sensing instruments. This new surface

modelling approach has the potential to improve marine remote sensing algorithms,

and in particular to aid progress on the problem of sun glint.

Remote sensing at visible and near infrared wavelengths is a powerful tool for

marine investigation and conservation. Satellites such as the Medium Resolution

Imaging Spectrometer (MERIS) and the Moderate Resolution Imaging Spectrora-

diometer (MODIS) routinely estimate chlorophyll concentration and monitor phyto-

plankton blooms on a global scale, facilitating understanding of ocean productivity

and global carbon budgets (Sathyendranath and Platt, 2010). Satellite or airborne

imagery can enable mapping of sea-bed habitats such as seagrass and coral reefs,

and thus contribute to ecosystem studies and conservation (Green et al., 2000).

Bathymetry based on data from airborne or high spatial resolution satellite sensors

enables measurement of sea surface depth in coastal environments (Lee et al., 1999),

offering more rapid coverage than ship-based measurements.

In all these cases the information of interest is carried by light travelling from
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the sea bed or water column, while the sensor is located above the surface. To

interpret the data, assumptions about the optical effect of the air-sea interface must

be made. Discussions of how this can best be done have occurred in a number of

contexts, such as chlorophyll estimation from ocean colour measurements (Gordon

and Wang, 1992), air-water interface corrections for benthic classification in coral

reef or other optically shallow water environments (Hochberg et al., 2003), and

radiative transfer model inversion for bathymetry and other retrieval of biophysical

parameters (Lyzenga et al., 2006). All these approaches use simplifying assumptions

and none take account of the detailed shape of the sea surface.

Another area of current research in ocean optics is the behaviour of the light

field immediately below the water surface, as demonstrated by the interdisciplinary

observational and modelling effort of the recent RaDyO programme, which has in-

volved the development of new instruments and models targeting this component

of the hydrological optics system (Dickey, 2010; Darecki et al., 2011; Lewis et al.,

2011; You et al., 2009, 2011). These light fields are determined by the focussing of

light by surface waves, so can only be modelled using realistic sea surface shapes.

Improved models of the sea surface could improve radiative transfer modelling

of these or any other situations involving the air-water interface. An issue where

the interface is particularly important is that of sun glint.

1.1 The problem of sun glint

Sun glint is the specular reflection of directly transmitted sunlight from the upper

side of the air-water interface. This reflected light affects many types of marine im-

agery, making accurate retrieval of the below-water signal inaccurate or impossible.

Fig. 1.1 shows examples of three situations where glint can occur: across a patch

of sea in ocean colour imagery, from individual waves in high-resolution satellite

imagery and across the flight track in airborne imagery.

Sun glint occurs when the water surface orientation is such that the sun is directly

reflected towards the sensor; and hence is a function of sea surface state, sun position

and viewing angle. The component of sensor-received radiance due to specular
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(a)(i) (a)(ii)

(b)(i) (b)(ii)

(c)(i) (c)(ii)

Figure 1.1: Illustration of sun glint in a variety of optical imagery. See section 0.2
for sensor information. (a)(i) Sub-set of a MERIS image of the Pacific Ocean, showing
sun glint on the right hand side. (a)(ii) Sensor radiance plotted for 4 wavebands along
the line marked in (a)(i). (b)(i) IKONOS image of Glovers Reef, Belize, showing glint
from waves in the lower right part of the image, with bright peaks corresponding
to individual waves. (b)(ii) Sensor radiance plotted for 4 wavebands along the line
marked in (b)(i). (c)(i) Cross-track glint in a CASI image of Plymouth Sound (UK);
showing glint on the left hand side. (c)(ii) Sensor radiance plotted for 4 wavebands
along the line marked in (c)(i).

reflection of light from the water surface can be much greater than the water-leaving

radiance from sub-surface features. In this situation retrieval of information such as

chlorophyll content, benthic features or bathymetry requires both high measurement

sensitivity and a robust algorithm that can separate and remove the effect of glint.

Imagery lost to sun glint represents a considerable cost both financially and

scientifically. In a case study by Goodman et al. (2008), uncorrected glint in high

resolution imagery led to errors as large as 30% in the measurement of water depth.

Hochberg et al. (2003) reported that in a set of 45 IKONOS images of coral reefs

purchased by the National Aeronautics and Space Administration, 9 were badly
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contaminated by glint, and 13 more had significant areas of glint (Fig. 1.1(b)). For

MERIS, data retrieval at glint-contaminated pixels is unreliable or impossible: this

affects almost half the observations at sub-tropical latitudes (Steinmetz et al., 2008).

In the case of airborne surveys, glint can be reduced by optimally choosing the flight

direction and time of day, but the images can still be contaminated (Fig. 1.1(c)).

With IKONOS images costing $US10-64 per square kilometre (Eurimage S.p.a and

MapMart.com, April 2009), sun glint contamination can cause substantial financial

as well as data loss.

A variety of glint correction methods have been developed for open ocean imaging

and higher resolution coastal and aerial applications. In all cases the principle is

to estimate the glint contribution to the radiance reaching the sensor, and then

subtract it from the received signal. The methods fall into two categories:

1. Methods of the first category are used for open ocean imagery with resolutions

on the scale of 100 m to 1000 m. Statistical models of the sea surface, such as

that of Cox and Munk (1954a,b), are used to calculate the probability that

the sea surface will be orientated to cause glint, depending on the wind speed

and direction. This probability is then used to predict the amount of glint for

a given wind vector, sun and sensor position. Variations on this method are

used for a number of operational ocean colour instruments (Wang and Bailey,

2001; Montagner et al., 2003; Gordon and Voss, 2004). However, they can only

correct moderate glint and large errors remain in the brightest glint areas.

2. A separate set of methods is used for coastal images with pixel sizes less than

about 10 m. These use data from the near-infrared (NIR) to give an indication

of the amount of glint in the received signal. This is based on the assumption

that the water-leaving radiance in this part of the spectrum is negligible and

so any NIR signal remaining after atmospheric correction must be due to

sun glint. The spectrum for a deep water part of the image is examined

and used to establish the relationship between the NIR and glint radiances

(Goodman et al., 2008; Hochberg et al., 2003; Lyzenga et al., 2006; Hedley

et al., 2005). These methods can improve data retrieval for bathymetry or
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habitat classification, but the assumption of no water-leaving radiance in the

NIR is not valid for very shallow or turbid water or where vegetation reaches

the surface.

Both types of method are discussed in more detail in chapter 2. They are in regular

use, but they have limitations and leave the strongest glint uncorrected. Radiative

transfer modelling has the potential to contribute to better glint correction.

1.2 Modelling the air-sea interface and the moti-

vation for the current work

Most current models of radiative transfer in the atmosphere-ocean system include

the correct statistics of sea surface slope, but they do not attempt to model the sea

surface elevation. Since slope is the primary factor determining the reflection and

transmission of light, such models capture the main features of light distribution

above and below the surface. However, processes such as multiple scattering from

different parts of the water surface and the shadowing of parts of the surface by tall

waves cannot by modelled properly without including the height of the surface. The

aim of the work described here was to explore the effect of modelling shape as well

as slope: how do radiance estimates change when the model includes not only slope

statistics, Fig. 1.2(a), but also elevation, Fig. 1.2(b)?

(a) (b)

scale invariant 3 m

Figure 1.2: (a) Effective shape of the surface when using a slope-statistics method;
the facets are orientated according to a given probability distribution but there is no
fixed spatial scale. (b) Visualisation of an elevation-based surface created using the
method described in Ch. 4.
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1.3 Summary of work presented in this thesis

The next two chapters outline the current state of knowledge of sun glint correction

and of the sea surface: chapter 2 describes the above two glint correction methods in

more detail; chapter 3 reviews what is known about the sea surface wave spectrum

and how the air-water interface has been handled in radiative transfer models. Chap-

ter 4 describes the construction of new, high resolution sea surfaces and presents the

results of ray-tracing using these and a traditional slope-statistics method. Chapter

5 illustrates application of the new model, to investigate the pixel-pixel variation

in marine imagery and to simulate scenes captured by remote sensors. Chapter 6

discusses sensitivity and uncertainty analysis for glint correction. The final chapters

summarise findings and discuss possible future developments.

1.4 Key findings

• It is now possible, using a desktop computer, to make and test models of the

sea surface that incorporate correct statistics of elevation as well as slope.

• When constructing models of the sea surface, a spatial range in the horizontal

domain of at least 3 mm to 200 m is needed to capture key features of the slope

spectrum.

• Radiative transfer modelling using the new surfaces gives estimates for above-

surface radiance that are similar to those made using slope statistics methods,

but significantly different in some cases. In particular, elevation-based surfaces

give increased sideways scattering and reduced forward scattering of light in-

cident on the sea surface.

• At least for light winds, multiple scattering at the sea surface does not seem

to contribute to the difference produced by the alternative surfaces, so it is

likely that shadowing by taller waves is the main mechanism.

• The elevation-based surfaces can be used to make simulations of remote sensing

images at a variety of scales, showing a realistic distribution of sun glint.
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• The simulations can be used to test glint correction methods using both the

surface statistics and near infrared methods.

• If implemented in a model giving higher angular resolution, elevation-based

surfaces could be used to predict the level of sun glint in a given set of condi-

tions and hence correct imagery.

• In the form implemented here the model estimates of water-laving radiance

are strongly sensitive to the values used for the absorption and scattering

coefficients, while the glint reflectance is more weakly sensitive to the wind

speed and direction.
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Chapter 2

Sun glint correction: theoretical

background and a review of

current methods

2.1 Introduction

This and the following chapter present the background theory to the work discussed

later in the thesis and review the existing literature.

This chapter reviews what is known about sun glint, starting with the geometry

that leads to glint and how the location and amount of glint can be estimated. Later

sections give a review of published techniques to correct sun glint contamination in

remote sensing imagery and a demonstration of these techniques in use. Sections

2.7 and 2.8 briefly cover glint at non-visible wavelengths and possible uses of glint-

derived information. Finally the potential for improvement of current techniques is

discussed, with a brief outline of some possible future developments.

2.2 Theoretical background

This section reviews the process by which sun glint appears in aquatic imagery, and

shows how this leads to avoidance strategies where practical.
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2.2.1 Radiative transfer processes

In discussions of remote sensing, light is conveniently characterised in terms of its

radiance, L, and irradiance, E. If radiant energy Q arrives in time δt on area δA

from solid angle δΩ the radiance of the incident light is defined as

L =
Q

δtδAδΩ
.

Irradiance is the total power per unit area incident from all angles:

E =
Q

δtδA

(Mobley, 1994, section 1.5). Hence radiance is measured in W m−2 sr−1 and irradi-

ance in Wm−2. Both quantities are often expressed in spectral form, for a bandwidth

δλ, so giving units W m−2 sr−1 nm−1 and W m−2 nm−1. The received light can also

be expressed in terms of the remote sensing reflectance, defined as the ratio of the

upwelling radiance to the downwelling irradiance, both measured just above the

reflecting surface. This is sometimes normalised by a factor π, as for MERIS: see

equation (5.3), page 116.

The radiance reaching a remote sensing detector can arrive by a number of routes.

Five key processes are shown in Figure 2.1.

If these five processes are assumed to be predominantly responsible for the signal

received at the sensor then:

Lsensor = Latm + TLsky + TLwhitecap + TLglint + TLwater (2.1)

where T is the transmittance of the atmosphere along the sensor view direction, Latm

is the radiance arriving at the sensor via atmospheric paths (A) and Lsky, Lwhitecap, Lglint

and Lwater are the radiances just above the water surface for light travelling by the

sky glint, whitecap, sun glint and water-leaving routes in Figure 2.1 (note that all

symbols are listed in Table 0.3). All these terms depend on the wavelength and

other factors - fuller details are given in the following sections.
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sea surface

E water-leaving 
radiance

D sun glint

Lsat reaches 
detector

Direction 
of detector

A paths through 
atmosphere

Direction 
of sun

B sky glint

water

air

A

B

C

C

E

whitecaps

Figure 2.1: Schematic diagram showing routes by which light can reach a remote
sensing detector.
A (red arrows) Single or multiple scattering in the atmosphere, by molecules or aerosol.
B (blue arrows) Scattering from the atmosphere to the water surface and then reflec-
tion to the detector, often termed “sky glint”.
C (black arrows) Reflection from whitecaps on the sea surface.
D (orange arrows) Specular reflection from the water surface, with direct transmis-
sion through the atmosphere from the sun to the surface and from the surface to the
detector; this is termed “sun glint”.
E (green arrows) Transmission through the atmosphere and air-water interface fol-
lowed by scattering or reflection below the water surface and transmission back
through the atmosphere to the detector.

Of the terms in equation (2.1), Lwater contains the information about water

column and benthic features, and must be separated from the other terms if this

information is to be retrieved. This section reviews methods to estimate and remove

TLglint. Techniques to correct for the other terms are also needed, but are beyond

the scope of this review. Note in particular that sky glint, where light is not incident

from the solar direction, is not removed by the methods described here and must be

treated separately.

For normal non-glint conditions the radiance received by a satellite-borne sensor

is dominated by atmospheric scattering: light from paths through the air make up

over 80% of received radiance, with water-leaving paths contributing around 15%

and reflected light just 1–2% (Table 2.1; Sturm, p.163-197). The examples in Fig.
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1.1 show how glint can increase the reflected radiance by a factor of 2 or more – since

the water-leaving radiance remains the same its percentage contribution falls, and

so a high signal-to-noise ratio is required if this component is to be distinguished

from the atmospheric signal. In the worst cases glint can saturate the sensor, so

that water-leaving radiance cannot be retrieved for those pixels.

Table 2.1: Contribution to the signal received at a satellite-borne sensor from various
routes in non-glint conditions (from Sturm, p.163-197). Light paths are as in Fig. 2.1:
path A is in air, paths B, C and D represent reflected light and path E represents
light from below the water surface.

Wave- % contribution to received signal
length Clear water Turbid water
(nm) Path A Paths B, C, D Path E Path A Paths B, C, D Path E

440 84.4 1.2 14.4 80.8 1.1 18.1
520 81.2 1.3 17.5 66.6 1.1 32.3
550 84.2 1.3 14.5 64.1 1.0 34.9
670 96.3 1.5 2.2 82.4 1.2 16.4
750 97.0 1.9 1.1 97.4 1.5 1.1

Note that the separation of radiance by source, shown in equation 1, can only

be used in practice if photons arriving by the different routes can be distinguished.

This could be done by using a model of each process to predict the received radiance,

or by using cross-band information and an understanding of the spectral differences

produced by each process. For example, water is a good absorber of near infrared

(NIR) radiation (Mobley, 1994, section 3.7), so the water-leaving radiance is often

assumed to be zero for these wavelengths (Hochberg et al., 2003; Gordon and Wang,

1994). However, this may not be true if the water is shallow or turbid (Siegel et al.,

2000; Lavender et al., 2005). It is particularly difficult to distinguish between sun

glint and light scattered by aerosols, i.e. particles suspended in the air, for two

reasons:

• both processes have only a weak dependence on wavelength, so do not leave

a distinctive spectral signature. The wavelength dependence of sun glint is

through variation in the refractive index (see equations (2.12) and (2.28))

– for pure water this varies from 1.339 at 400 nm to 1.328 at 900 nm (Hale

and Querry, 1973), while for sea water it varies from 1.35 at 400 nm to 1.34 at

33



700 nm (Quan and Fry, 1995) . The aerosol reflectance varies as λα, where α is

the Angström exponent, whose value varies from about +1 to −2 depending on

environmental conditions (Lavender et al., 2005). Typical maritime values are

0.3–1.0 (Smirnov et al., 2002); for low values, corresponding to large aerosols,

the wavelength dependence is weak.

• the atmospheric transmittance, T , depends on aerosol scattering, so the radi-

ance term TLglint inevitably involves both glint and aerosol processes. Without

knowing the concentration and size of aerosol in the path T cannot be calcu-

lated; the aerosol quantities can vary significantly over time scales of days and

space scales of a few kilometres (Lavender et al., 2005).

2.2.2 Geometric estimation and prediction of sun glint

The amount of sun glint can be predicted using the laws of reflection, knowledge

of the solar and sensor position and a statistical model of the sea surface. This

means that remote sensing missions can be planned to avoid the worst glint, and in

principle allows the glint radiance to be calculated and subtracted from the received

signal.

If the surface is perfectly flat the reflection of the sun appears as a very bright,

relatively small portion of the sea surface. If the wind is stronger and the sea surface

correspondingly less smooth, parts of the water surface further from the centre of

the sun glint pattern will be at the required orientation to reflect sun light to the

viewer, so the sun’s reflection covers a larger area of the surface and is made of

many tiny highlights, each a reflection of sunlight from a particular point on the

surface. The brightness of each pixel equals the total brightness of all highlights in

that pixel, and hence is proportional to the fraction of the sea surface at the right

slope.

Initially the sun and sensor are treated as a point source and point receiver. For

a given position of the source and receiver there is only one slope and orientation of

the water surface which will reflect incident sun light into the measuring instrument.

The geometry shown in Figure 2.2 is used to establish the link between solar, viewing
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and water surface positions.

z

y

x

R

I

n

ray towards sensor at 
zenith angle θv,  

azimuth ϕv

ray from sun at 
zenith angle θs,  

azimuth ϕs ω
ω

β
γ

facet of water
surface, slope β, γ, 
normal n

Figure 2.2: Sun glint geometry. Light from the sun, travelling along vector I,
is reflected by the water surface to the satellite in the direction R. The normal to
the water surface is n. x, y and z form a right-handed axis system, with the z -axis
vertically upwards from the mean position of the sea surface. The choice of x -direction
is arbitrary – in this paper x is taken as downwind. Zenith angles are measured from
the z -axis, azimuth angles anticlockwise from the x -axis in the x-y plane. The steepest
slope of the water surface facet is β, at azimuth γ.

In the visible and NIR the wavelength of light is much shorter than the surface

waves, so the incident light can be treated as a ray meeting a flat surface, at an angle

ω with the normal n to the surface. By the laws of reflection, it must be reflected at

the same angle and the incident and reflected rays and the normal must lie in the

same plane. Therefore, if I and R are unit vectors in the direction of the incident

and reflected light:

R− I = 2 cosω n (2.2)

By setting the components equal on each side of this equation it can be shown that

(for example Wang and Bailey (2001); Montagner et al. (2003)):

cos 2ω = sin θs sin θv cos(θs − θv) + cos θs cos θv (2.3)

cos β =
cos θs + cos θv

2 cosω
(2.4)

cos γ =− sin θs cosφs + sin θv cosφv

2 cosω sin β
(2.5)

sin γ =− sin θs sinφs + sin θv sinφv

2 cosω sin β
(2.6)
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The facet slope is given by:

∂z

∂x
= zx = tan β cos γ (2.7)

∂z

∂y
= zy = tan β sin γ (2.8)

Combining equations (2.7) and (2.8) with the results of (2.3) to (2.6) gives:

zx =− sin θs cosφs + sin θv cosφv

cos θs + cos θv

(2.9)

zy =− sin θs sinφs + sin θv sinφv

cos θs + cos θv

(2.10)

Thus for a given viewing geometry, if the sun and sensor are treated as a point

source and detector there is only one facet slope and orientation that is consistent

with specular reflection. In reality the sun has an angular diameter of 0.53◦, so there

will be a range of possible slopes that can reflect light from some part of the sun’s

disc into the sensor. Cox and Munk (1954a, 1956) define the ‘tolerance ellipse’ in

zx, zy space as the range of slopes from which light can be reflected from some part

of the sun’s disc into the sensor. They show that the area of the tolerance ellipse is:

∆t =
1

4
πε2sec3β secω (2.11)

where ε is the angular radius of the sun, provided that the solid angle subtended by

light from the highlight at the sensor is much less than that subtended by the sun

(πε2) – this is true because each highlight reflects light from only a small part of the

sun’s disc.

If the areas of the sea surface under consideration are large enough to contain

the full range of slopes and many highlights the received radiance can be treated

statistically, as the sum of highlights from different slopes and different parts of the

surface. A probability distribution function (PDF) p(zxo, zyo) for the sea surface

slope is defined such that the probability of the slope being in the interval zxo ±
1
2
δzx, zyo ± 1

2
δzy is p(zxo, zyo) δzx δzy. Then the probability of a slope lying within

the tolerance ellipse centred on zxo, zyo is p(zxo, zyo)∆t – this is proportional to
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the brightness of the highlight from zxo, zyo. By adding the contributions from all

highlights at a given slope and then from all slopes it can be shown (Cox and Munk,

1954a) that the received radiance will be:

L =
Edρ(ω, λ)p(zx, zy)

4 cos4 β cos θv

(2.12)

where L is the radiance towards the sensor, Ed the downwelling irradiance at the

surface and ρ(ω, λ) the Fresnel reflectance at the surface. Since zx, zy and β are

functions of the solar and sensor geometry the glint radiance can be predicted if the

probability distribution function of surface slopes is known – this is considered in

section 2.4.1.

2.2.3 Avoidance of sun glint

The most straightforward way to deal with the sun glint problem is to avoid it by

an appropriate choice of place and time for image acquisition. Many older satellite-

borne instruments, for example SeaWiFS, OCTS and CZCS (Table 0.2), could tilt

20◦ from nadir to minimize sun glint (Wang and Bailey, 2001; Wang et al., 2002;

Gordon and Wang, 1992). The tilt was operationally adjusted to 20◦, 0 or −20◦ to

avoid reflected sunlight. The European Space Agency’s MERIS follow-on, Ocean

and Land Colour Imager (OLCI) on Sentinel-3, will also tilt to avoid glint (Aguirre

et al., 2007). However, for satellite-borne sensors that do not have a tilting capa-

bility, e.g. MERIS and MODIS (Table 0.2), this avoidance strategy is not possible.

High-resolution sensors such as IKONOS and Quickbird are useful for coastal and

reef studies, e.g. (Hochberg et al., 2003; Lyzenga et al., 2006; Wolter et al., 2005),

but their missions are primarily targeted for land observation and so neglect identi-

fication or avoidance of aquatic glint.

For airborne instruments, the flight path can be chosen to minimize glint. Push-

broom sensors such as the Compact Airborne Spectrographic Imager (CASI) need to

avoid glint across the track, so flight paths towards or away from the sun with solar

zenith angles of 30◦ to 60◦ are recommended (Dekker et al., 2003; Mustard et al.,

2001). Numerical simulations of radiative transfer suggest that a viewing angle of
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40◦ from nadir and azimuth 135◦ from the sun is optimal for avoiding glint (Mobley,

1999). For CASI, flying towards the sun gives a reasonable approximation to this,

with viewing angles from nadir out to ±27◦ and azimuth 90◦ from the sun, but this

will not be enough to avoid all glint. Other constraints may prevent optimal sensor

orientation, for example some lidar bathymetry systems carry hyperspectral imagers

and in this case the flight path may be determined by the needs of the bathymetry

acquisition (Philpot, 2007).

Aerial cameras have a smaller field of view, but can still suffer from similar

problems. Mount (2005) gives a method to predict the latest time of day at which

aerial photography can be done at a particular location without the risk of excessive

glint. Flying early in the morning means that the sun is low and the reflection angle

(for a flat sea) is greater than the viewing zenith angle – the reflected light passes

under the field of view of the sensor. When the sea is rough light is scattered towards

the sensor for lower solar elevation, and hence earlier in the day, than for calm sea.

Mount’s method uses sun angle, sensor field of view and wind speed, from which a

glint prediction can be made based on a simplified model of the sea surface state.

Thus correction methods are needed for a range of satellite and airborne instru-

ments which are unable to avoid glint in at least part of their field of view.

2.3 Summary of current glint correction techniques

Published glint correction methods are summarised in Table 2.2, with the two types

of method discussed further in sections 2.4 and 2.5.
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2.4 Correction methods based on statistical mod-

els of the sea surface state

The first class of methods use the statistics of the sea surface, for a given wind vector,

to predict how much sunlight will be reflected to each image pixel. The predicted

glint can then be subtracted or, if the predicted contamination is too strong, the

pixel can be masked. This section first outlines the Cox and Munk model of the

sea surface state and then describes how this model has been implemented in the

processing schemes for SeaWiFS (through SeaDAS) and MERIS. Some new methods

using neural networks are also described briefly.

2.4.1 The Cox and Munk statistical model of the sea surface

state

In classic work from the 1950s, Cox and Munk (Cox and Munk, 1954a,b, 1956)

developed a wind-speed dependent probability distribution function (PDF) for the

sea surface slope by measuring aerial photographs of reflected sunlight. As discussed

in section 2.2.2, a PDF of slopes can be used to predict the amount of sun glint

(see equation (2.12)). Their measurements gave a PDF that was approximately

Gaussian, and they expressed it as a Gram-Charlier expansion to the 4th term

(Munk, 2009):

p(ξ, η) =
1

2πσwσc

exp(−1

2
(ξ2 + η2)

[
1 +

1

2
c12ξ(1− η2) +

1

6
c30ξ(1− ξ2)

+
1

24
c40(3− 6ξ2 + ξ4) +

1

4
c22(1− ξ2)(1− η2) +

1

24
c04(3− 6η2 + η4)

]
(2.13)

where ξ = zx/σw and η = zy/σc are normalised surface slopes; σw and σc are the

root mean square slopes in the downwind (x) and crosswind (y) directions. Note

that here axes with x in the downwind direction are chosen, as is common in recent

papers, e.g. Plant (2003); Munk (2009). Some authors, including Cox and Munk’s

original work, take the y-axis as upwind, so the equation appears slightly different.
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In equation (2.13) the initial “1” in the square bracket gives a Gaussian dis-

tribution of slopes, the later terms modify the Gaussian: c12 and c30 relate to the

skewness of the distribution c40, c22 and c04 to the peakedness. In Cox and Munk’s

model the values of these parameters are (Cox and Munk, 1954a):

c12 = 0.01− 0.0086U c30 = 0.04− 0.033U (2.14)

c40 = 0.23 c22 = 0.12 c04 = 0.40

and the mean square slope (mss) has a close to linear relationship with wind speed:

σw
2 =0.00316U ± 0.004 (2.15)

σc
2 =0.003 + 0.00192U ± 0.002 (2.16)

mss =σw
2 + σc

2 = 0.003 + 0.00512U ± 0.004 (2.17)

This model enables the PDF to be calculated for any sun and sensor position, as

long as the wind speed and direction are known.

The Cox and Munk model, based on 29 photographs taken over a period of 20

days in one geographical area, has proved remarkably robust. The mean square

slopes can be used to calculate the PDF to a Gaussian approximation, and have

been the focus of most attention. Wu (1990) reanalyzed the data and suggested a

slightly different expression for the mean square slope:

mss =(0.90 + 1.20 lnU10)× 10−2 for U10 < 7 m s−1 (2.18)

mss =(−8.40 + 6.00 lnU10)× 10−2 for U10 > 7 m s−1

where U10 is the wind speed at 10 m. Figure 2.3 shows a comparison of this model

with Cox and Munk’s data and model.

There have been only a few attempts to collect further data until recently (see

Fukushima et al. (2009) for some examples). In the last decade several studies

have repeated the method of Cox and Munk, but using much larger data sets from

satellite-borne radiometers and scatterometers able to gather concurrent radiance
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and wind data. Ebuchi and Kizu (2002) used about 30 million data points gathered

over 4 years’ observation of subtropical seas. They found that the distribution of

slopes was narrower than the Cox and Munk model and the dependence on wind

direction was weaker:

σw
2 =0.0053 + 0.000671U10 (2.19)

σc
2 =0.0048 + 0.00152U10 (2.20)

mss =σw
2 + σc

2 = 0.0101 + 0.00219U10 (2.21)

There is substantial disagreement between this model and that of Cox and Munk

in the along-wind direction (Figure 2.3). The authors suggest that this may be due

to the lower spatial resolution of their data, or to the limited set of conditions for

the Cox and Munk data set, which were obtained for growing to fully-developed

wind waves and did not include swell.

Figure 2.3: Mean square slopes of the sea surface plotted against wind speed for
the Cox and Munk data and for the models of Cox and Munk (1954a), Wu (1990)
(overall mss only), Ebuchi and Kizu (2002) and Bréon and Henriot (2006). (a) overall
mean square slope (b) mss along the wind direction (c) mss crosswind. All data are
for clean surfaces, not slicks. Note that the Cox and Munk wind measurements were
actually made at 12.5 m rather than 10 m, and that Cox and Munk’s data point at U
= 0.89 m s−1 is omitted because they considered it to be unreliable.

Bréon and Henriot (2006) analysed a set of nine million reflectance measure-
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ments from 24,000 glint-affected observations by the POLDER instrument, with

concurrent wind data from the NASA Scatterometer on the same satellite. The im-

ages were taken over an eight month period (September 1999–June 1997) and have

global coverage. Their analysis backs up the Gram-Charlier expansion with a linear

relationship between the wind speed and the mean square slope (Figure 2.3). The

parameters are slightly different and the estimate of uncertainty is reduced:

σw
2 =0.001 + 0.00316U10 ± 0.00005 (2.22)

σc
2 =0.003 + 0.00185U10 ± 0.00005 (2.23)

The skewness shows a different behaviour, saturating at high wind speeds, and the

peakedness is larger than the Cox and Munk model:

c12 = 0.0009U10
2 ± 0.01 c30 = 0.45(1 + e7−U10)−1 ± 0.01 (2.24)

c40 = 0.3± 0.05 c22 = 0.4± 0.1 c04 = 0.12± 0.03

The accuracy of the Cox and Munk model is also supported by the study of Fox

et al. (2007), who compared estimates of wind speed made from satellite measure-

ments of glint patterns with data from buoys. Fukushima et al. (2009) carried out

a similar study using radiance data from GLI images (Table 0.2) and concurrent

wind data from the SeaWinds scatterometer on the same satellite – this derives

wind speed by an empirical algorithm rather than using the Cox and Munk model.

They found good agreement with Cox and Munk for moderate wind speeds, but

the model of Ebuchi and Kizu was a better fit in calm conditions. This difference

in response at lower wind speed is reminiscent of Wu’s reanalysis of the Cox and

Munk data (equation (2.18)). The study of Gatebe et al. (2005), using data from

airborne instruments for coastal and deep waters in the western Atlantic Ocean,

found that the Cox and Munk model fitted their data well for most conditions, but

underestimated the maximum glint for wind speeds below 3 m s−1. Zhang and Wang

(2010) tested all the models mentioned above, and two others, against MODIS data,

using twelve scenes with areas of strong glint. They found that the Cox-Munk and
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Bréon-Henriot models gave the best fit to atmospherically-corrected MODIS mea-

surements, with Ebuchi and Kizu the worst. Inclusion of the wind direction gave

only a small improvement compared to an isotropic model.

In summary, recent studies have suggested some minor modifications but they

have left unchanged the main features of the Cox and Munk model: the near-

Gaussian distribution of slopes and the linear dependence of mean square slope on

wind speed.

This model of sea surface slope is currently used to predict and, where possible,

correct sun glint contamination in data from a number of ocean colour instruments.

The correction scheme developed for SeaWiFS is outlined in the next section, and

variations on this are discussed in section 2.4.3.

2.4.2 The SeaWiFS correction method

Wang and Bailey (2001) studied the effect of sun glint on SeaWiFS images. Prior

to 2000, SeaWiFS relied on tilting to avoid sun glint, and masking of glint areas

that remained by using the Cox and Munk model to predict which pixels would be

contaminated. Wang and Bailey proposed a correction method in which the sun

glint radiance and aerosol optical thickness are estimated together. This algorithm

is now used routinely for SeaWiFS and a number of other sensors (Wang et al.,

2002), and it is available to users as part of the SeaDAS package (NASA, 2011).

In the SeaWiFS method the top-of-atmosphere radiance measured at the sensor

is analyzed according to its source:

Lsensor(λ) =LRayleigh(λ) + Laerosol(λ) + Lra(λ) (2.25)

+ T (λ)Lglint(λ) + t(λ)Lwhitecap(λ) + t(λ)Lwater(λ)

Here LRayleigh(λ) is the radiance due to Rayleigh scattering, Laerosol(λ) to aerosol and

Lra(λ) to Rayleigh-aerosol interactions; together these 3 terms make up most of the

Latm term of equation (2.1). T (λ) and t(λ) are the direct and diffuse transmittances

through the atmosphere. Diffuse transmittance includes both direct transmission
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and light scattered into the path to the sensor, an example of a more complex path

omitted from Figure 2.2. It is assumed that sun glint, which is highly directional,

results from directly transmitted solar radiance, whereas the diffuse transmittance is

more appropriate for white cap and water-leaving radiance. The other symbols are

as listed in Table 0.3. The aim of the sun glint correction is to subtract the glint ra-

diance T (λ)Lglint(λ) from the measured value Lsensor(λ), leaving a corrected radiance

that can then be processed further to remove other terms and leave Lwater(λ).

The SeaWiFS scheme uses radiances normalised to the values they would have if

there was no atmosphere and the solar irradiance was 1. For example the normalised

sun glint radiance is defined by:

LGN(λ, θs, φs, θv, φv,W) =
Lglint(λ)

Fo(λ)To(λ)
(2.26)

where Fo(λ) is the extraterrestrial solar irradiance and To(λ) the atmospheric direct

transmittance from the top of atmosphere to the surface, so To(λ) would be 1 if

there were no atmosphere.

The normalised glint radiance can be calculated by combining equations (2.12)

and (2.26) and using Ed = Fo(λ)To(λ) cos θs for the irradiance at the surface. As

shown by equations (2.3) to (2.10) and (2.13) to (2.16), the probability depends on

the solar and viewing geometry described by θs, φs, θv, φv and on the wind vector

W.

LGN(λ, θs, φs, θv, φv,W) =
ρ(ω, λ)p(θs, φs, θv, φv,W)

4cos4β cos θv cos θs

(2.27)

ρ(ω, λ) is the Fresnel reflectance, approximated as varying with angle but not wave-

length:

ρ(ω) =
1

2

[(
sin(ω − ω′)
sin(ω + ω′)

)2

+

(
tan(ω − ω′)
tan(ω + ω′)

)2
]

(2.28)

where ω is the angle of incidence and ω′ is the angle of refraction, i.e., sinω′ =

sinω/n. The refractive index n is taken as 4/3 regardless of wavelength. In fact n

varies with wavelength from 1.34 to 1.35 for sea water, see page 34, giving values of

ρ(ω) from 0.021 to 0.023 at 20◦ incidence and 0.060 to 0.064 at 60◦ – the variation

with angle is much greater than that with wavelength, justifying the approximation.
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The probability distribution function p(θs, φs, θv, φv,W) is approximated by a

Gaussian distribution, i.e. all but the first term in equation (2.13) are ignored. The

wind direction is also neglected, with an approximation to the mean square slopes

σ2
w and σ2

c used to simplify the calculations:

σ2
w = σ2

c = 0.00246U10 (2.29)

where U10 is the wind speed, taken from data provided for the National Center for

Environmental Prediction (NCEP). LGN is calculated for each pixel using equation

(2.27) and pixels are masked where its value is above a certain threshold (0.005 sr−1

in SeaWiFS processing up to the year 2000). It can also be used to calculate the

glint correction:

T (λ)Lglint(λ) = Fo(λ)T (λ)To(λ)LGN(λ, θs, φs, θv, φv,W) (2.30)

Extraterrestrial solar irradiance Fo can be calculated for any given date, time

and location. The atmospheric transmittance from the sun to the surface and then

from the surface to the sensor is given by:

T (λ)To(λ) = exp

{
− [τaerosol(λ) + τRayleigh(λ)]

(
1

cos θs

+
1

cos θv

)}
(2.31)

where τaerosol(λ) and τRayleigh(λ) are the aerosol and Rayleigh optical thicknesses.

Although τRayleigh can be calculated, the aerosol type and concentration are not

known so a process of iterative calculation of TTo, Laerosol and τaerosol is used to

derive both the glint correction and the aerosol optical thickness, starting from an

average value of τaerosol.

Wang and Bailey (2001) compared SeaWiFS water-leaving radiance, normalised

to remove the effect of the atmosphere, to in situ data collected by the Marine

Optical Buoy (MOBY) system. The ratio of SeaWiFS to in situ radiance ranged,

depending on band, from 0.9844 to 1.0293 in areas with uncorrected glint, and

from 0.9805 to 1.0094 in the same areas after glint correction. So the overall im-

provement is small, but in uncorrected glint areas the normalised water-leaving
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radiance at 555 nm, [Lw(555)]N , was overestimated; this band is used in the bio-

optical algorithm to retrieve ocean chlorophyll concentration, so reducing the error

leads to more accurate retrieval. In a case study by the same authors the modal

value of the chlorophyll concentration in a glint-contaminated area was reduced from

0.108 mg m−3 to 0.096 mg m−3 by applying the glint correction. The modal aerosol

optical thickness τa(865) was also reduced, from 0.11 to 0.09, and the values of

[Lw(555)]N and aerosol optical thickness were a better match to nearby uncontam-

inated pixels after glint correction. The results of an analysis of eight-day global

data support the results of the case study, and show that the glint correction can

be used with normalised glint radiances as high as 0.01 without loss of accuracy.

Thus more data can be retrieved in the area around the sub-solar point where glint

is highest.

The correction method described in this section is implemented in the SeaDAS

package (NASA, 2011). SeaDAS can be used to process data from MODIS, OCTS

and CZCS as well as SeaWiFS. The correction scheme for MODIS, which is sensitive

to polarization, uses different Fresnel reflectances for light polarised parallel and

perpendicular to the boundary (Gordon and Voss, 2004). The sea surface slope PDF

used for MODIS glint prediction was changed to that of Ebuchi and Kizu (2002) in

July 2003, but NASA reverted to Cox and Munk in November 2003 (Franz, 2003).

A note on the Ocean Color Forum briefly mentions that the effect was found to be

minimal (Bailey, 2004) – in spite of the apparent difference from the Cox and Munk

model (Figure 2.3).

2.4.3 Other methods using sea surface slope statistics: MERIS

and GLI

The MERIS sun glint correction scheme (Montagner et al., 2003; Bourg et al., 2011)

also uses the Cox and Munk probability distribution to predict and, where possible,

correct glint contamination. However, the correction is carried out at a different

stage of data processing from the SeaDAS method, and independently of the aerosol

retrieval.
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In the MERIS data processing scheme level 1 involves quality checks on the

received radiances, geolocation, initial classification of pixels as land, ocean or bright

and calculation of top of atmosphere radiances for each band. An initial estimate of

glint is made and used to flag pixels at risk of contamination – this assumes specular

reflection from a flat sea surface, with no account taken of sea state, so can only be

approximate (ACRI, 2006a).

Level 2 processing involves the derivation of geophysical measurements such as

surface reflectance and chlorophyll concentration from the top-of-atmosphere radi-

ances (ACRI, 2006b, 2011). The first steps are calculation of reflectance and the

identification of pixels as cloud, land or water. Then all water pixels are tested for

glint by comparing the reflectance to the predicted glint reflectance:

ρglint =
πLglint

E cos θs

=
ρ(ω, λ)p(ξ, η)

4 cos4β cos θv cos θs

(2.32)

p(ξ, η) is the Cox and Munk PDF, as given by equations (2.13) to (2.16). ρ(ω, λ),

the Fresnel reflection coefficient, is approximated as a constant, 0.02 – this is con-

sidered accurate enough for angles of incidence up to 50◦. MERIS views out to 34◦

from nadir, so 50◦ incidence would mean solar zenith angles greater than 66◦ and

surface slopes greater than 16◦ – in the Cox and Munk PDF this slope is more than

4 standard deviations from the mean, even at a surface wind speed of 20 m s−1, so

has low probability. In fact there will be some inaccuracy at lower angles: for sea

water ρ(ω) is about 0.021–0.023 at 20◦, 0.025–0.027 at 40◦ and 0.034–0.037 at 50◦,

depending on wavelength. Wind speed and direction to calculate the PDF are taken

from ECMWF global models.

The calculated glint reflectance is converted to a top of atmosphere reflectance

using an estimate of atmospheric transmittance that includes Rayleigh scattering

and ozone but not aerosols. For medium glint reflectance the pixel is corrected by

subtracting the glint. Low glint values are not adjusted, to avoid over-correction

given the uncertainty in the wind data and in the Cox and Munk model – the

threshold is set at the lowest level where glint is found to affect the atmospheric

correction. High levels, where the glint reflectance at 865 nm is more than 80% of
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the observed reflectance, are flagged. Processing is attempted for these pixels, but

the results may be unreliable because glint will affect the aerosol retrieval (Bourg

et al., 2011). This can lead to considerable loss of chlorophyll and other level 2 data

(Fig. 2.4). Atmospheric correction, including aerosol, is done at a later stage of

level 2 processing.

In the MERIS third re-processing, introduced in the summer of 2011 (Bourg

et al., 2011), the Cox and Munk values for the mean square slopes were replaced

with those of Ebuchi and Kizu (2002), see equation (2.19) and Fig. 2.3. The effect

of this change is illustrated in section 5.4.5.

(a)

(b)

(c)

Figure 2.4: Illustration of MERIS glint correction and masking, in an image of part
of the South Pacific. (a) Level 1 image, with glint apparent on the right side. (b) Level
2 image, masked to show the areas of moderate glint (light pink) and high glint (dark
pink). (c) Level 2 image showing the calculated levels of chlorophyll 1 (second re-
processing) – retrieval is considered sufficiently accurate in the moderate glint region
where glint has been corrected, but is unreliable in the high glint zone. The MERIS
wavebands are 407.5-417.5, 437.5-447.5, 485-495, 505-515, 555-565, 615-625, 660-670,
677.5-685, 703.75-713.75, 750-757.5, 758.75-762.5, 771.25-786.25, 855-875, 880-890 and
895-905 nm. Images (a) and (b) were created using the Tristimulus option in the
BEAM VISAT software (Brockmann Consult, 2012); blue uses bands 1, 2, 3, and 4,
green uses 3, 4 , 5 and 6, red uses 2, 5, 6 and 7.
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Fukushima et al. (2007) investigated the effect of glint correction on data from

the Global Imager sensor, a multispectral sensor mounted on the ADEOS-II satellite

(see Table 0.2). The original data processing scheme for this instrument was based

on the early SeaWiFS model, including prediction and masking of glint. The second

version brought in several changes:

• a new aerosol correction method, which allows for absorption as well as scat-

tering;

• sun glint correction by calculating a glint reflectance and subtracting it from

the received value; it is not clear whether this is done before or after the

atmospheric correction;

• wind data taken from the SeaWinds microwave scatterometer mounted on the

same satellite as GLI, instead of from the Japanese Meteorological Agency.

Fukushima et al. (2007) compared their corrected data with measurements from

ship-borne radiometers. They found that the tendency to over-predict aerosol optical

thickness in glint regions was significantly reduced, even when the glint reflectance

was as high as 0.05, compared to a masking threshold of 0.005 in the original scheme.

They also found some improvement in the value of the aerosol optical thickness and

chlorophyll retrieval. However, it is not possible to assess the contribution of glint

correction to this as it was not tested independently of the new aerosol model.

2.4.4 Limitations of the SeaWiFS and MERIS schemes

Although methods based on the Cox and Munk model are used with most of the

ocean colour instruments now in operation they do have limitations. The wind data

may not have sufficient resolution to capture the effects of local winds, and the

Cox and Munk model does not include the effects of atmospheric stability, wind

age or swell (Hwang and Shemdin, 1988; Shaw and Churnside, 1997; Hwang, 2008).

However, the global coverage of the study by Bréon and Henriot (2006) gives some

confidence in the use of the model for a wide variety of sea states.

52



As noted in Section 2.2.1, aerosol values are particularly hard to separate from the

glint signal. Steinmetz et al. (2008) comment that MERIS atmospheric techniques

fail when the glint reflectance rises above 0.005. Although the SeaWiFS method

does attempt to retrieve glint and aerosol together it does not allow for multiple

scattering in the atmosphere. None of the methods allow for effects of multiple

reflection or shadowing by large waves at the water surface.

Ottaviani et al. (2008) addressed the issues of multiple scattering in the atmo-

sphere, multiple reflection and wave shadowing by using a more detailed atmospheric

radiative transfer model. They found that ignoring the possibility of atmospheric

multiple scattering gave errors of 10-90% in the estimate of both Rayleigh and

aerosol scattering. The errors were largest at the edge of the glint area, which is

where the sun glint correction is applied. There is a larger effect when the aerosol

load is higher, i.e., when there is more scattering, and the effect also depends on

size of aerosol and azimuth angle, with a weak dependence on wind speed. They

recommend developing look-up tables, based on this improved model, to get better

estimates of glint-corrected radiance. They also looked at the effect of multiple re-

flection at the water surface and wave shadowing; they found that these could be

significant at higher wind speeds for solar and sensor zenith angles over 60◦. These

results are in line with a similar modelling study done 15 years earlier by Gordon

and Wang (1992), who concluded that multiple scattering and polarization may be

significant, once larger factors like aerosol have been adequately modelled.

2.4.5 New methods based on neural networks

Other researchers are testing the ability of neural networks to carry out atmospheric

and glint correction together without making any assumptions about the sea surface

state. Two examples were presented at the 2nd European Space Agency MERIS-

(A)ATSR workshop in September 2008. Steinmetz et al. (2008) have developed an

algorithm called POLYMER, in which the reflectance is first corrected for atmo-

spheric absorption and Rayleigh scattering. Then the corrected reflectance ρcorr(λ)

is expressed in terms of a polynomial function of wavelength and the water-leaving
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reflectance ρwater(λ):

ρcorr(λ) = c0 + c1λ
−1 + c2λ

−4 + T (λ)ρwater(λ) (2.33)

Here the first term on the right hand side includes sun glint, clouds, foam and coarse

aerosols; the second represents fine aerosols and the third covers couplings between

these processes. The fourth, water-leaving reflectance, term is a function of the

chlorophyll concentration and the suspended matter backscattering coefficient using

existing bio-optical models. The unknowns are evaluated using a neural network

or iterative mean square minimization method. In a 3-day global composite image

the uncontaminated image area produced by POLYMER is about twice that of

the current MERIS method. Its accuracy in retrieving chlorophyll concentration is

comparable to the MERIS system, though slightly lower for high concentrations.

This algorithm has been further developed and tested using both synthetic and

MERIS data, with the MERIS output compared to in situ data (Steinmetz et al.,

2011). Water parameters could be retrieved throughout the glint zone, though the

results were about 15% less accurate than from low-glint areas.

Also at the 2008 workshop, Doerffer et al. presented a neural-network based

atmospheric and glint correction processor. This takes as its input 12 MERIS top-

of-atmosphere reflectances together with solar and viewing angles and is trained

using a data set obtained from radiative transfer simulations. Comparison with

MOBY buoy data shows agreement at least as good as the existing MERIS correction

scheme, and data retrieval is possible at higher glint levels. The authors suggest

there will be further improvement if short wave and thermal infrared bands are used

as well as visible and near infrared (see also Fischer et al. (2008)). In the case

of MERIS, this information can be obtained from the AATSR instrument on the

same satellite. A neural network method has been adopted in the MERIS third

reprocessing, for the retrieval of bio-optical parameters in Case 2 (coastal) waters

(ACRI, 2011; Brockmann et al., 2010).
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2.5 Methods for shallow water, high resolution

images

2.5.1 Theoretical background

The techniques discussed in Section 2.4 rely on being able to make a prediction of

glint based on a probability distribution of sea surface slopes. This is reasonable at

the 100–1,000 m scale of ocean colour sensor pixels, but may be less accurate for

images at resolutions of 1–10 m, where the pixel size cannot be assumed to be much

larger than the features of the water surface and the statistical assumptions about a

surface composed of many reflecting facets may not hold (Heege and Fischer, 2000).

This section discusses published methods for correcting glint in high spatial reso-

lution images. The methods exploit the high absorption of water at near infrared

(NIR) wavelengths and the consequence that the water-leaving radiance Lwater for

these bands can be assumed negligible. It follows that all the NIR radiance reaching

the sensor must have come from atmospheric scattering of the incident solar radia-

tion or from surface reflection. If atmospheric correction has already been applied

then the NIR signal must be entirely due to sun glint. Since the Fresnel reflectance

of water is only weakly dependent on wavelength (see section 2.4.2) the strengths

of the glint signal at visible and NIR wavelengths will vary in the same way, so the

NIR signal can be used to indicate the amount of glint at visible wavelengths.

The first published methods corrected the data pixel-by-pixel, subtracting a

wavelength-independent offset from each band to bring the NIR radiance close to

zero (Mustard et al., 2001; Carder and Steward, 1985; Lee et al., 1999). Later meth-

ods have allowed for some non-zero NIR water-leaving radiance; this is possible if

the water is not deep and clear, because the sea bed, sediment or vegetation can

scatter NIR radiance back through the water surface. Hochberg et al. (2003), fol-

lowing Mustard et al. (2001), scaled the size of spatial variation in the NIR by using

the brightest and darkest water pixels in the image – their method brings the NIR

signal at the darkest pixel to zero, but allows non-zero NIR in other pixels. Philpot

(2007) took a similar approach using AVIRIS data, but with several bright and dark
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pixel-pairs, in different parts of the image, to allow for possible atmospheric varia-

tion. The use of brightest and darkest pixels to establish the relationship between

NIR and visible wavelengths makes these methods vulnerable to errors. Automated

extraction of the brightest pixel means it could come from a cloud, land, whitecap or

a small surface object such as a boat unless all non-water areas have been thoroughly

masked beforehand. Other methods derive correction information from regions of

the scene, rather than individual pixels (Lyzenga et al., 2006; Hedley et al., 2005).

However all the methods have fundamental similarities, and in many cases mathe-

matically amount to almost the same algorithm. This is demonstrated below by a

comparison of the methods of Hedley et al. (2005), Lyzenga et al. (2006), Goodman

et al. (2008) and Kutser et al. (2009), and example applications.

Note that all the methods are described in terms of radiance, but can equally

well be applied to data expressed as reflectance or digital numbers.

2.5.2 The method of Hedley et al. (2005); Figs. 2.6(b), 2.7(b).

In this approach one or more regions of the image are used to scale the relationship

between the NIR signal and sun glint. These regions are chosen to include a range

of pixel glint levels, but an assumed consistent underlying brightness and very low

water-leaving radiance in the NIR (typically deep water areas) are used. For each

band a linear regression is made between the NIR radiance and the band radiance,

using all the pixels in the selected regions (Figure 2.5).

Each pixel is corrected by assuming its glint-free NIR radiance is the same as

the minimum value in the sample regions and reducing the visible band accordingly,

using the least squares regression slope to give the relationship between the visible

and NIR bands (Figure 2.5). The corrected radiance in the i th band is then given

by:

Li(VIS)′ = Li(VIS)− bi[L(NIR)− Lmin(NIR)] (2.34)

where bi is the regression slope. Note that the 2-pixel methods (Hochberg et al.,

2003; Philpot, 2007) use the same approach, but the regression is based on just two

points, rather than a best fit across the sample. Using a sample regression minimises
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Figure 2.5: Graphical representation of the glint correction method of Hedley et al.
(2005), based on their Figure 2. The pixel indicated by the red point is deglinted by
reducing its NIR radiance to the minimum found in the sample region, and scaling
the visible radiance using the regression slope.

the effect of outliers that may be due to surface objects or whitecaps.

This method is normally applied after atmospheric correction, though if the

atmosphere is uniform across the image it can be successfully used first – the effect of

aerosols may move the regression line up or down, but will leave the slope constant.

However, if atmospheric properties vary from place to place this will change the

regression slope, so the effects of glint and aerosol will be confounded. Many aerosol

correction methods use NIR techniques similar to the glint correction method, so

there is potential for the two methods to influence each other and the order in which

the processes are done may affect the final result.

2.5.3 The method of Lyzenga et al. (2006); Figs. 2.6(c),

2.7(c)

Instead of a regression this method uses the covariance between each visible band

and the NIR to establish the relationship between bands, using chosen region(s) of

the image in the same way as Hedley et al..

Cov(i, j) =
1

N

N∑
n=1

LinLjn −
1

N

N∑
n=1

Lin
1

N

N∑
n=1

Ljn (2.35)
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where band i is the visible band, j is the NIR band and N is the number of pixels

in the region of interest. This then gives the coefficient used to scale the NIR signal

to work out the glint:

ri,j =
Cov(i, j)

V ar(j)
(2.36)

where V ar(j) is the variance in the NIR band (= Cov(j, j)).

The corrected glint is:

Li(VIS)′ = Li(VIS)− rij[Lj(NIR)− 〈Lj(NIR)〉] (2.37)

Here 〈Lj(NIR)〉 is the mean NIR radiance in the region of interest. Note that

because Hedley et al. use a least squares method to calculate the regression slope,

rij, equation (2.37), and bi, equation (2.34), are the same. The two methods are

equivalent, except that Hedley et al. use the minimum value of the NIR radiance

in the final term, where Lyzenga et al. use the mean value. Another variation, by

Joyce (2004), uses the modal NIR value.

2.5.4 The method of Goodman et al. (2008); Figs. 2.6(d),

2.7(d)

This method, based on Lee et al. (1999), corrects each pixel independently. The

NIR radiance is subtracted from the radiance at each wavelength, but a wavelength-

independent offset, ∆, is also added:

Li(λ)′ =Li(λ)− L(750) + ∆ (2.38)

∆ =A + B[L(640)− L(750)] (2.39)

A and B are constants – the values in Goodman et al.’s paper, using AVIRIS re-

flectance (rather than radiance) data are A = 0.000019 and B = 0.1. These would

need to be adjusted for other sensors – it is not clear how A and B were chosen, but

an optimization for a case where in situ data are available would enable values to

be found.
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This method forces the corrected radiance to approach zero at 750 nm, but the

offset allows it to be a little above zero (for example in shallow water).

2.5.5 The method of Kutser et al. (2009); Fig. 2.6(e)

Kutser et al. (2009) suggest a variant on these methods, which uses information in

the oxygen absorption band at 760 nm to assess the size of the glint. They assume

that the amount of glint is proportional to the depth of the oxygen absorption

feature, D:

D =
L(739) + L(860)

2
− L(760) (2.40)

where L(λ) is the radiance at wavelength λ. (Note that Kutser et al. express the

algorithm in terms of reflectance). 739 nm and 860 nm are wavelengths outside the

oxygen absorption band, so the average of their radiances gives a measure of the

radiance if no oxygen were present. Where D is zero the pixel can be taken to have

no glint. For each pixel, D is normalised by dividing it by the maximum D found

in a deep water region – this is the maximum glint value. The spectral variation of

glint G(λ) is found by subtracting the spectrum at the darkest (i.e, lowest D) NIR

deep-water pixel from the brightest:

G(λ) = Lbright(λ)− Ldark(λ) (2.41)

Then the product of G(λ) and the normalised depth Dnorm gives the amount of glint

for each band at each pixel. The glint can then be subtracted from the reflectance

to give the corrected water-leaving radiance L′w:

Dnorm(x, y) =
D(x, y)

Dmax

(2.42)

L′w(x, y;λ) =L(x, y;λ)−G(λ)Dnorm(x, y) (2.43)

D may be negative due to noise or a below-water signal, these values are set to zero.

This method requires high spectral resolution and the ability to collect data very

close to 760 nm.
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(a)(i) (b)(i) (c)(i) (d)(i) (e)(i)

(a)(ii) (b)(ii) (c)(ii) (d)(ii) (e)(ii)

(a)(iii) (b)(iii) (c)(iii) (d)(iii) (e)(iii)

Figure 2.6: CASI images of Plymouth Sound, UK, showing the effects of different
glint correction tools. (a) image with no glint correction, showing regions used in
correction and analysis. Image corrected using the method of (b)Hedley et al. (2005)
(c) Lyzenga et al. (2006) (d) Goodman et al. (2008) (e) Kutser et al. (2009). In
each case (i) is a pseudo-true colour representation, (ii) shows four wavebands for
pixels along the line shown in (a)(i) and (iii) shows a spectral analysis for pixels at
each end of the line (i.e., in the glint and no-glint regions). The wavebands used for
the pseudo-true colour image are blue 438 nm to 447 nm, green 556 nm to 566 nm, red
666 nm to 677 nm. The full set of wavebands collected is 404.3-415.8, 437.7-447.3,
484.3-495.9, 503.1-516.6, 523.8-535.4, 555.8-567.5, 567.2-578.9, 584.2-597.8, 616.5-
628.2, 645.1-656.8, 666.1-677.8, 698.5-714.1 and 773.2-788.9 nm; the centres of these
bands are shown in Figs. (a-e)(iii).
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(a)(i) (b)(i) (c)(i) (d)(i)

(a)(ii) (b)(ii) (c)(ii) (d)(ii)

(a)(iii) (b)(iii) (c)(iii) (d)(iii)

(a)(iv) (b)(iv) (c)(iv) (d)(iv)

Figure 2.7: IKONOS images of Glovers’ Reef, Belize, showing the effects of differ-
ent glint correction tools. (a) image with no glint correction, showing regions used
in correction and analysis. Image corrected using the method of (b) Hedley et al.
(2005) (c) Lyzenga et al. (2006) (d) Goodman et al. (2008). In each case (i) is a
pseudo-true colour representation (blue 445 nm to 516 nm, green 506 nm to 595 nm,
red 632 nm to 695 nm), (ii) shows four wavebands for pixels along the line shown in
(a)(i), (iii) is another pseudo-true colour image, less contaminated by glint and with
greater magnification, (iv) shows four wavebands for the line in (a)(iii). The infrared
waveband is 757 nm to 853 nm.
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2.5.6 Comments on the methods

Figs. 2.6 and 2.7 illustrate some of the effects of these correction methods, on images

with cross-track glint and wave-induced glint respectively. It can be seen that most

of the techniques have some success, both on the visual appearance and on the

radiance values – in the CASI images (Fig. 2.6) the corrected radiances are uniform

across the image, and in the IKONOS images (Fig. 2.7) the peaks caused by glint

from the water waves on the right hand side of the images are smoothed out. The

exception is the Kutser method, where the closest wavelengths available (706, 781

and 872 nm) only approximately matched those suggested (739, 760 and 860 nm)

and the 760 nm oxygen absorption band was not resolved. The method could not

be used at all on the IKONOS data, which has only one NIR band. However, the

results presented in Kutser et al. (2009) suggest that this approach has advantages

over other methods in cases where the water-leaving signal is strong, e.g. where

vegetation is close to the water surface or the water is less than 2 m deep.

The effects of the Hedley and Lyzenga methods are similar, though corrected

radiances in the Hedley method are lower because the NIR values are taken towards

the minimum value, rather than the mean in the Lyzenga method – these values

are shown by the straight lines for the NIR in the IKONOS graphs (Figures 2.7

(b) and (c)). In the CASI graphs, Figure 2.6 , the NIR waveband plotted (781 nm)

is not the one that was used for the correction (851 nm) so the line shows some

variation. In the IKONOS graphs there are also some differences in the relative

intensity of the different wavebands for the Hedley and Lyzenga methods - this is

possible because the correction factor is different for each waveband, whereas in the

Goodman method the same correction is applied to all bands at a given pixel.

The Goodman method can only be used approximately with the IKONOS data,

as only 4 wavebands are available. The correction has been applied using the 665

and 805 nm wavebands, instead of 640 and 750 nm. This may account for the colour

distortion that is apparent in Fig.2.7(d)(i) and the relatively high residual noise in

the radiances (Fig. 2.7(d)(ii)). It was more successful for the less contaminated

image, (Figure 2.7(d)(iii) and (iv)).

62



One use of this type of imagery is to categorize sub-surface features by statisti-

cal classification techniques that group together similar looking pixels, for example

Wolter et al. (2005); Hochberg et al. (2003). Glint and noise can both change the

spectral signature of a pixel and lead to misclassification. In this case the relative

magnitude and shape of the radiance profiles is more important than absolute ra-

diometric accuracy – the best method will reduce noise to a minimum, as well as

removing the glint.

Where physics-based inversion methods are used to derive information about

water depth, water optical properties or sea bed reflectance the absolute values

of the radiance are important (Lee et al., 1999). All the methods described have

been successfully used in this type of situation; a few examples are the Lyzenga

method used for bathymetry (Lyzenga et al., 2006), the Hedley method for benthic

cover mapping and classification (Bertels et al., 2008), the Goodman method for

classification based on a semi-analytical optical model (Goodman and Ustin, 2007).

However, there have been few comparative studies. Goodman et al. (2008) compared

the effect of their method with the 2-pixel regression method of Hochberg et al.

(2003), using AVIRIS imagery which was contaminated by cross-track glint. Depths

derived from processed data were compared to lidar bathymetry. The Goodman

method performed better, with correlation coefficients of 0.795 to 0.912 depending

on the atmospheric correction methods used. The method of Hochberg et al. gave

correlations of 0.253 to 0.780 and data with no glint correction gave 0.131 to 0.894.

Goodman et al. deduce that pixel-by pixel methods work better than regression

methods for data that has significant cross-track glint contamination. In the CASI

image (Figure 2.6) the reverse seems to be true, with more glint remaining in (d)

than in (b) or (c). The regression methods bring the glint-and no-glint pixels into

better agreement across the wavelength range, while the pixel-by-pixel method has

left some glint contamination at around 500 nm. However, the values of A and B

were those used for the AVIRIS sensor, with A rescaled to allow for the difference

in measurement units – it may be possible to achieve better results by optimizing

A and B for CASI. The differences may also be connected to the different spatial
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scales of the images, with cross-track glint occurring over a longer distance than

wave-scale glint.

It is not yet clear which method will give the best results in any given situation,

and researchers are advised to try a variety of methods before deciding which will

work best with their data.

2.5.7 Limitations of these methods

All of the above methods rest on the assumption that all near-infrared radiation is

absorbed by water, and hence the water-leaving radiance will be zero. How accurate

that assumption is depends on the local conditions – for example in shallow or turbid

water infrared radiation can be reflected back into the air by the seabed or sediment

before it has been absorbed. Hooker et al. (2002) suggest that the assumption

is accurate for different wavelengths, depending on the circumstances: for the open

ocean λ = 670 nm is long enough (from Gordon (1981)), for all other phytoplankton-

dominated (Case 1) waters λ = 765 nm or 865 nm is adequate (Gordon and Wang,

1994), for waters with other particulate or dissolved matter (Case 2) λ = 1012 nm

is needed (Bukata et al., 1995). Tank experiments confirm that suspended particles

can significantly affect NIR reflectance at 865 nm and shorter (Lavender et al., 2005),

leading to a non-zero NIR signal from below the surface.

Regression based methods are not dependent on the zero-NIR assumption for

establishing the regression slope, but some method for estimating the water-leaving

NIR is required to apply the correction. How this is handled is the only difference

between the methods of Hedley et al. (2005), Lyzenga et al. (2006) and Joyce (2004).

For routine application to a large number of images an automated procedure to

select a deep water area would be helpful. A weakness of these methods is that

they assume that the relationship between visible and NIR wavelengths found for

the deep water area will hold for the rest of the image – this may not be true

if the atmospheric properties are not uniform. The Goodman method does allow

for cross-scene variation, as each pixel is corrected independently, but it makes

the same correction for each wavelength. A wavelength dependent, pixel-by-pixel
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method might perform better.

All of the methods used in this section carry out atmospheric processing sepa-

rately from the glint correction. For satellite data atmospheric correction is usually

done first, so if the aerosol correction has not been accurately made this can affect

the estimation of glint (sections 2.2.1, 2.4.4, 2.5.2). The CASI data used for Figure

2.6 had no atmospheric correction; for airborne instruments atmospheric effects are

less important, but there is still scope for uncorrected radiance from aerosol scatter-

ing to affect the glint correction. As with the open-ocean methods, improvements

could be made by physics-based methods that model radiative transfer processes in

the air, in the water and at the air-water interface.

2.6 Crossover methods

The majority of published glint correction methods fall into one of the two categories

described above, using slope statistics methods for large spatial scales and waveband

methods for higher resolution data. However, a few authors have tested the effect

of mixing these applications.

Cavalli et al. (2006) used a slope statistics method to correct glint in images of

the Straits of Messina, Italy, obtained using an airborne hyperspectral sensor with a

spatial resolution of 9 m. This removed a large proportion of the glint, but appeared

to leave some residual contamination. As the authors note, the Cox-Munk model

was derived for open sea conditions and cannot take into account sea state driven

by local coastline shape or bathymetry, or by swell. Similar residual glint was found

when the method was applied to images of the Venice lagoon (Santini et al., 2010).

Hu (2011) used information from the NIR bands to derive data about oil slicks

from glint-contaminated MODIS images. The glint correction was an empirically-

derived formula similar to that of Goodman et al. (2008) (section 2.5.4). Here the

MODIS data was used to calculate a Color Index useful for tracking oil spills; for

this application residual glint left by the correction method still gave useful data,

but it is not clear whether the method could enable accurate retrieval of chlorophyll

concentration in high glint areas.
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2.7 Wavelengths outside the visible and NIR

While this review has focused on the problems of sun glint at visible wavelengths,

glint can also be a problem for remote sensing methods using infrared and microwave

wavelengths. Zavody and Birks (2004) analysed the effect of glint on infrared mea-

surements for sea surface temperature (SST) derivation, as measured by the ATSR-2

sensor. They concluded that strong sun glint could increase the measured brightness

temperature by 0.2 K or more, leading to errors in SST of up to about 0.5 K. They

suggest a correction algorithm: the calculated brightness temperature is changed

by a factor proportional to the measured reflectivity and dependent on the water

vapour. They stress this would need to be done again for different sensors because

the analysis depends on viewing angle and polarization effect. They also note that

some (small) confounding factors may still be present—measured glint is higher

than that computed by the model. Simpson et al. (2005) note that glint can be

mistaken for cloud when analyzing infrared radiometry data. This leads to a loss of

information since SST cannot be assessed in cloud areas, but can be retrieved from

glint zones as long as only the far thermal infrared bands 11 µm to 12 µm are used:

it is the NIR bands that are likely to be contaminated by glint as they comprise a

much greater component of solar radiation. They propose a novel method, based on

a neural network, that can distinguish between open ocean, glint and cloud more

accurately than an existing cloud mask that predicts glint regions using the Cox and

Munk model.

Salinity sensors use L-band microwave radiometry to measure the emissivity of

the sea surface and hence find the dielectric constant of the water. This requires

high accuracy and so is susceptible to contamination by glint. Dinnat and Le Vine

(2008) assessed the extent of the problem for the Aquarius radiometer launched in

2011. The satellite orbit follows the day-night line and although the design keeps

the antenna in darkness and avoids specular reflection from a flat sea, the effect of

rough sea surfaces is to reflect some solar radiation into the instrument. A two scale

model of the sea surface suggests that glint effects could lead to an error in brightness

temperature up to 0.05 K, while the measurements must be accurate to 0.1 K to
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retrieve sea surface salinity measurements to within 0.2 practical salinity units. A

study for the SMOS instrument (Reul et al., 2007) suggests similar problems, with

radiation scattered from rough seas leading to measurement errors of up to 0.2 K,

corresponding to an error in salinity of 0.5 practical salinity units or more. Therefore,

glint assessment is likely to be needed on both missions, with contaminated pixels

flagged.

2.8 Useful glint

It is worth noting that sun glint information in the visible and NIR wavelengths

can also be a useful source of data in its own right. For example, it can be used to

cross-calibrate different wavebands (Zavody et al., 1998; Hagolle et al., 2004; Nicolas

et al., 2006) or to give information about the atmosphere (Aoki et al., 2002; Gao

and Kaufman, 2003). It can, as in the original study of Cox and Munk (1954a,b,

1956), give information about the state of the sea surface (Bréon and Henriot, 2006;

Ross and Dion, 2007), and can also reveal internal waves within the ocean (Jackson,

2007). Thus, if the glint radiance can be accurately found it could yield useful results

in itself as well as enabling corrections to be made and hence allowing increased

accuracy of retrieval of below-surface conditions.

2.9 Summary and prospects for further develop-

ment

Two categories of method for correcting sun glint in optical images of the sea have

been reviewed, those using predictions of reflection based on a statistical model of

the sea surface and those that use in-scene information with the assumption of no

NIR water-leaving radiance. The first category of method is used for operational

ocean colour data processing at spatial resolutions of 100 m to 1000 m, while the

second has been applied to high resolution images of coral reefs and other shallow

waters with pixel sizes of around 1 m to 10 m. Both methods have been successful

in increasing the proportion of data that can be retrieved from ocean and coastal
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sensors, but there is potential for further improvement.

NIR methods similar to those described in Section 2.5 are currently used for

atmospheric correction in the ocean colour instruments (Siegel et al., 2000). The

NIR could also give information about sun glint, if a way can be found to separate

the effects of the aerosol scattering, water-leaving radiance and glint. This is the

aim of the neural network methods currently being developed (Section 2.4.5). By

their nature, neural network approaches do not give any insight into the physical

processes at work, and another way forward will be to use physics-based methods

that model the transfer of radiation through the air, water and air-water interface.

Better models of the sea surface could lead to improvements on the Cox-Munk

slope-statistics methods and give ways to test the NIR methods. The next chapter

considers what is currently know about the sea surface and how it has been handled

in radiative transfer models.
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Chapter 3

Describing and modelling the sea

surface

3.1 Introduction

This chapter is about the air-sea interface. Section 3.2 reviews what is known about

the spectrum of sea surface waves, showing how the spectrum used in this work has

been developed and why it was selected. Section 3.3 discusses how the air-water

interface has been handled in previous radiative transfer models.

3.2 Ocean waves and the sea surface spectrum

Models of the sea surface often account for the statistics of slope but ignore surface

elevation: the glint correction techniques described in section 2.4 are examples of

this. The aim of the current work was to explore the effect of modelling both slope

and elevation, for sun glint correction and other purposes, and for this numerical

realisations of the sea surface were needed. Ch. 4 will show how these realisations

were developed from the spectrum of sea surface waves; this section summarises

research on ocean waves and the current state of understanding of the sea surface

spectrum.

The developments described have been driven by improvements in measurement

technology and by changing applications. Much of the early research was motivated
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by the need to understand the effect of waves on structures such as ships, sea walls

and oil rigs; more recently research has also been influenced by the development

of remote sensing, which has led to a need for models of the sea surface at finer

spatial scales. The shape of the sea surface is controlled by a number of interacting

processes and this leads to a great variety of form, with a range of horizontal length

scales from many kilometres to a millimetres or less. As the spatial and temporal

resolution of measurements have improved, spectra have been developed to cover

more and more of this range and to include fuller details of how the spectrum varies

with angle to the wind direction.

Sections 3.2.1–3.2.2 consider the processes that control the formation and de-

velopment of sea surface waves, and the quantities that are used to describe the

statistical properties of wave fields. Section 3.2.3 briefly describes the methods used

for field observations of waves, and section 3.2.4 shows how these have been used to

develop sea wave spectra.

Throughout this thesis “wavenumber” refers to the angular wavenumber k =

2π/λ, where λ is the wavelength of the sea surface waves.

3.2.1 Processes driving the development of sea surface waves

If a point on the sea surface is displaced from its equilibrium position, for example

by a pulse of pressure caused by the wind, two forces act to restore it to equilibrium:

gravity and surface tension. The action of these forces produces propagating waves

which can cover a wide spectrum of wavelengths and frequencies.

The different parts of the wind-generated spectrum are often described as shown

in Fig 3.1. For swell and gravity waves the dominant force is gravity; in the capillary

region surface tension dominates; between there is an overlap region for wavelengths

of a few centimetres, where both forces are significant. Note that other processes

give rise to longer period waves such as tides and seiches, but these waves have much

smaller slopes than the wind generated waves and so have a negligible effect on sun

glint. They are not considered here.

At all wavelengths the phase speed is a function of wavelength, i.e.the waves
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Figure 3.1: Wind-generated waves on the ocean surface, showing their characteristic
wavenumbers, wavelengths, frequencies and speeds. Adapted from Holthuijsen (2007,
Fig. 1.1).

are dispersive. For gravity waves the speed decreases as the wavenumber increases

(longer waves move faster), but the reverse is true in the capillary region. For

deep water, and with nonlinear effects omitted, the phase speed c is related to the

wavenumber k by

c =
√

(g + γsurfk2/%)/k (3.1)

where g is the acceleration due to gravity, % is the density of the water and γsurf is

the surface tension of water. This is satisfied to within 3% accuracy wherever the

depth is greater than 0.28 of the wavelength (Lighthill, 1978, p.216, 223, 225).

The longest gravity waves have the highest speed (equation 3.1; Fig. 3.1) and

can travel many hundreds of kilometres from the disturbance that caused them,

becoming the ocean swell shown in Fig. 3.1. Shorter gravity waves travel slower

and are dissipated more quickly so do not travel far from their source. It is these

shorter waves, with wavelengths less than about 100 m, that are discussed in this

section; they form “wind seas”, i.e. wave fields generated by the local wind. When

the wind blows steadily over a sea surface the wave field changes as the waves come

into equilibrium with the wind: this can be described in terms of how long the

wind has been blowing for (the duration) or the distance over which it is blowing

(the fetch); duration and fetch are related through the group velocity of the waves
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(Holthuijsen 2007, section 6.3.1, Hwang and Wang 2004b). So a young sea has short

duration and fetch, but a fully-developed sea, whose statistical properties are no

longer changing, has long fetch.

Equation 3.1 shows that the phase speed is a minimum when k takes the value

km:

km =
√
g%/γsurf (3.2)

The effect of surface tension is negligible if k is much smaller than km, so that

γsurfk
2/%� g. For water km is 370 rad m−1, corresponding to a wavelength of 1.7 cm

and a phase speed of 0.23 m s−1 (Fig. 3.1). Hence surface tension has a negligible

effect on wave propagation for waves longer than around 10 cm and it dominates in

the capillary range where wavelengths are below 4 mm (Lighthill, 1978, p.224).

Another characteristic length is set by the wavelength at which the phase speed

of the waves matches the wind speed U . This occurs for a wavenumber ko which is

much less than km so that equation (3.1) gives:

c =
√
g/ko = U (3.3)

Hence

ko =
g

U2
and λo = 2π

U2

g
(3.4)

ko is the wavenumber where energy is transferred most efficiently from the wind,

and so the peak of the energy spectrum tends to occur at around this length. Obser-

vations show that as a sea develops under the action of a steady wind the position

of the wavenumber peak shifts from somewhat above ko to 0.84ko for a fully devel-

oped sea; this shift can be explained by nonlinear interactions between waves. To

first order, the interactions between waves can be treated by linear superposition,

with the total displacement being the sum of that due to the separate waves and

the wavenumber of each wave remaining unchanged. Nonlinear interactions are a

second order effect, but they are important because they transfer energy from one

wavenumber to another, hence shifting the primary peak to below the wind speed.

(Hasselmann et al., 1973; Phillips, 1977; Kahma, 1981; Donelan et al., 1985; Donelan
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and Pierson, 1987)

Nonlinear interactions can also transfer energy to higher wavenumbers and this

leads to a second energy peak in the region of km. Here the input of energy by non-

linear interactions between longer waves is balanced by energy loss through viscous

dissipation, i.e. through friction within the water. Although the energy carried by

these short wavelengths is small they are significant for remote sensing as they have

higher slope than long waves so deflect light by a greater amount (see Fig. 2.2).

3.2.2 Statistical description of wave fields

The interaction of wind, gravity and surface tension leads to a complicated and

constantly changing mix of waves, and statistical models are needed to make any

useful description of the water surface. This section introduces some statistical terms

that will be used later.

At any point in space and time the surface elevation is the sum of the displace-

ment due to all the waves propagating from many disturbances and arriving at that

point. Since the wind-sea interaction causes a very large number of different in-

dependent disturbances, the amplitude and phase of the component waves can be

considered to be uncorrelated random variables, each with a mean value of zero

(Preisendorfer and Mobley 1988, section 3e, Holthuijsen 2007, section 3.5.2). Thus

at any given time the elevation of the sea surface, η(r), at point r = (x, y) can be

expressed as the sum of a large set of waves with different wavenumber k = (kx, ky),

amplitude a and phase α:

η(r) =
N∑
i=1

M∑
j=1

ai,j cos(kx,ix+ ky,jy + αi,j) (3.5)

where ai,j, kx,i, ky,j and αi,j are the amplitude, wavenumber components and phase

of the i, jth component wave and N , M are large numbers. Summation over two

indices allows kx and ky to vary independently, so that different directions of wave

propagation are included. Application of equation (3.5) gives the elevation for one

realisation of the sea surface; repeated application with ai,j and αi,j varying ran-
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domly give many different realisations. Note that equation (3.5) is written in terms

of x, y and in what follows the spatial spectrum, in terms of wavenumber, is given.

All the equations can alternatively be expressed in terms of time and frequency, and

versions with both space and time variation can also be written.

When the wind blows steadily for a period of time the wave field becomes statis-

tically steady in time and space and can be treated by stochastic methods. Specif-

ically, the covariance of the elevation with its value at a horizontal distance across

the surface is independent of position:

E {η(r)η(r + s)} = C(s) (3.6)

where η(r, t) is the elevation of the surface from equilibrium, s is the horizontal lag

and E{. . .} denotes the expectation for the ensemble of surface realisations; C(s) is

called the autocovariance function of the surface elevation.

The statistical properties of the wind-blown sea surface are conveniently sum-

marised by its variance density spectrum, also know as the power or elevation spec-

trum (Elfouhaily et al. 1997, Holthuijsen 2007, pp.36, 42). This is defined as the

Fourier transform of the autocovariance of the sea surface displacement from equi-

librium:

Ψ(k) =
1

(2π)2

∫ ∞
−∞

∫ ∞
−∞

e−ik·rC(r) dx dy (3.7)

It can be shown (e.g. Priestley 1982, pp.208-211, Preisendorfer and Mobley 1988,

p.137) that Ψ(k)dk is proportional to the average of the square of the amplitude of

wave components with wavenumber between k and k + dk, and hence to the power

of the waves. More precisely:

Ψ(k) = lim
∆kx→0

lim
∆ky→0

1

∆kx∆ky
E

{
1

2
|X(k)|2

}
(3.8)

with X(k) given by

η(k) =
∑
k

X(k)eik·r (3.9)

In line with equation (3.5), the elevation is expressed as a Fourier series, with X(k, t)
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representing the amplitude at time t of the component with wavenumber k. The

units of Ψ(k) are m4 rad−2.

Since the mean elevation is zero, the variance of the elevation is equal to the

mean square elevation η2

η2 = E {η(r)η(r)} = C(0) (3.10)

By taking the inverse Fourier transform of (3.7) it can be seen that the elevation

variance is equal to the integral of the variance density spectrum across all wavenum-

bers:

C(r) =

∫ ∞
−∞

∫ ∞
−∞

Ψ(k)eik·r dkx dky (3.11)

So

η2 = C(0) =

∫ ∞
−∞

∫ ∞
−∞

Ψ(k) dkx dky (3.12)

or in polar co-ordinates

η2 =

∫ ∞
0

∫ π

−π
Ψ(k) k dk dθ (3.13)

It is often convenient to separate the wavenumber variation of the spectrum from

the directional variation (Elfouhaily et al., 1997):

Ψ(k) =
1

k
S(k)D(k, θ) (3.14)

S(k) gives the wavenumber dependence of the spectrum, averaged over direction. It

is called the omnidirectional spectrum S(k)

S(k) =

∫ π

−π
kΨ(k, θ) dθ (3.15)

D(k, θ) is the directional spreading function, defined by:

D(k, θ) =
kΨ(k, θ)

S
(3.16)

The form of equation (3.14) normalises D(k, θ) so that it integrates over θ to give 1.
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Another commonly used variant is the curvature spectrum B(k), defined by:

B(k) = k2S(k) (3.17)

B(k) tends towards a steady value at the high end of the gravity wave part of the

spectrum, so it is often referred to as the saturation spectrum in work that is not

concerned with capillary waves. It is a useful spectrum where high wavenumbers

are important as it shows the secondary peak clearly (Fig. 3.2(c)).

The slope of the surface in the along-wind and cross-wind directions, ∂η/∂x

and ∂η/∂y, can also be expressed as a spectrum. Differentiating equation (3.9)

with respect to x shows that the amplitude components of the along-wind slope

spectrum are kxX(k); by comparison with (3.8) it can be seen that the variance

density spectrum for the along-wind slope is kx
2Ψ(k). The mean square slope in the

along-wind direction is the integral of this spectrum (Elfouhaily et al., 1997):

mssx =

∫ ∞
−∞

∫ ∞
−∞

kx
2Ψ(k) dkx dky =

∫ ∞
0

∫ π

−π
k2 cos2 θ Ψ(k, θ) k dk dθ (3.18)

Similarly, in the cross-wind direction:

mssy =

∫ ∞
−∞

∫ ∞
−∞

ky
2Ψ(k) dkx dky =

∫ ∞
0

∫ π

−π
k2 sin2 θ Ψ(k, θ) k dk dθ (3.19)

So the overall mean square slope is given by

mss = mssx + mssy =

∫ ∞
0

∫ π

−π
k3Ψ(k, θ) dk dθ =

∫ ∞
0

k2S(k) dk (3.20)

The functional form of the spectrum must be deduced from measurements of

wave fields, and techniques for making such measurements are briefly described in

the next section.

3.2.3 Observational data on sea surface waves

Field data about sea surface waves can be gathered from platform mounted instru-

ments, by aerial survey, or from satellite measurements.
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The earliest methods used buoys: simple buoys measure the vertical displacement

or acceleration of a point, while cloverleaf or heave-pitch-roll buoys can measure the

motion of the surface in more than one direction so can be used to derive a direc-

tional spectrum (e.g. Hasselmann et al. 1973; Mitsuyasu et al. 1975; Kahma 1981;

Dobson et al. 1989; Ewans 1998; Pettersson et al. 2003). The spatial and tempo-

ral resolution of buoys is limited by their size: in the studies cited the maximum

frequency was typically 0.5 Hz to 1 Hz, corresponding to a maximum wavenumber

of about 0.2 rad m−1 to 0.6 rad m−1, so these buoys only measure the longer gravity

waves (Fig. 3.1). More detailed measurements have been made using wire gauges,

which dip into the water and measure a change in resistance or capacitance as the

water level rises and falls (Duntley, 1954; Young and Verhagen, 1996; Hwang and

Wang, 2004a). A 2d array of such gauges can measure the directional spectrum

(Donelan et al., 1985; Long and Resio, 2007). The resolution available depends on

the response time of the gauges and their spatial separation: Long and Resio (2007)

were able to measure up to 2.8 Hz (30 rad m−1), Hwang and Wang (2004a) to 12 Hz

(300 rad m−1).

The reflection of light or radio waves can also give information about the surface,

in this case measured in space rather than time. Airborne radar altimeters measure

the echo time for a microwave signal to reflect back from a small area of the sea

surface. They can be used to measure the mean square slope of the surface and

produce a sea surface elevation map (Walsh et al., 1998, 2008). Scatterometers

have a larger radar footprint and measure the roughness of the sea surface rather

than the elevation (Barrick, 1968). Scatterometers can be used for airborne surveys

(Vandemark et al., 2001, 2004; Hauser et al., 2008) and satellite measurements (Liu,

2002). The link between sea surface roughness and wind means that scatterometers

are routinely used to measure wind speed and direction, though this is done using

an empirical algorithm, not the wave spectrum. The use of synthetic aperture radar

(SAR) techniques improves the resolution of high altitude images and SAR data can

be used to derive a two-dimensional sea surface spectrum with both wavenumber

and directional information. (Wright, 1968; Alpers et al., 1981; Engen and Johnsen,
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1995; Zhang et al., 2009). All these techniques rely on specular reflection to send

the signal back upwards towards the nadir-viewing instrument. This limits them

to measuring the longer parts of the surface spectrum, with wavenumbers around

1 rad m−1 to 10 rad m−1, which have low surface slopes.

For microwaves incident at larger angles the dominant mechanism affecting the

returned signal is Bragg scattering, produced by resonant interactions between the

microwaves and surface waves of similar wavelength. This signal is modulated by the

action of longer surface waves: as the water particles move under the action of the

longer waves the wavelength of the short waves is alternately extended and reduced.

Radar signals are often analysed by considering both specular and Bragg processes.

For a nadir viewing instrument, the longer surface waves produce small slopes and

hence small angles of incidence; they can be analysed by scatterometry techniques.

Shorter surface waves give steeper slopes and so can cause Bragg scattering. Thus

the Bragg signal can give information about the higher wavenumber end of the

surface spectrum, up to twice the wavenumber of the microwaves (Valenzuela, 1978).

Radar systems use waves a few centimetres long, e.g. 30 cm for radio waves in the

L band, 2 cm for the Ku band, so they can reach into the gravity-capillary range

(Fig. 3.1) but they cannot detect features at the millimetre scale of capillary waves.

At still larger angles, and for stronger winds, neither the specular nor Bragg

approximations are adequate and a more general theory of scattering from rough

surfaces must be used (Valenzuela, 1978; Voronovich and Zavorotny, 2001; Plant,

2002). However, the wavelength of the microwaves still remains a limiting factor:

only optical techniques can explore the full range of wind-generated waves.

Aerial photographs of sun glint patterns by Cox and Munk in the 1950s gave

evidence for a linear relationship between wind speed and mean square slope of

the sea surface that is still widely used (Cox and Munk, 1954b,a). Their technique

has since been applied to large collections of satellite images, giving similar results

(Ebuchi and Kizu 2002; Bréon and Henriot 2006; see also section 2.4.1). Surface

slope statistics can also be measured using a spectral photometer mounted above

the sea surface and measuring reflected sunlight (Su et al., 2002; Ross and Dion,
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2007) or using laser slope gauges, which gather information about the surface by

measuring the way it reflects or transmits a laser beam. These can be mounted above

or below the water surface and they are used for both laboratory and field studies

of wave motion (Hwang and Shemdin, 1988; Shaw and Churnside, 1997; Hara et al.,

1998; Donelan et al., 2010). For wave tank measurements, a refraction gauge using

an extended light source can also be used (Jähne and Riemer, 1990). In the field,

stereophotogrammetry (Shemdin et al., 1988; Gallego et al., 2011) or airborne lidar

altimetry (Hwang et al., 2000; Vrbancich et al., 2011) enable direct measurement

of the surface topography, from which the spectrum can be calculated. In principle

the full spectrum, and not just slope statistics, can be retrieved from sun glint data

(Cureton et al., 2007; Alvarez-Borrego and Martin-Atienza, 2010).

Passive microwave sensors can also be of use in measuring the sea surface. If

the surface meteorological conditions are known a surface spectrum can be de-

rived from the brightness temperature as measured by platform-mounted or air-

borne microwave radiometers. This technique is particularly useful for the gravity-

capillary part of the spectrum, giving information about wavenumbers of the order

1 rad m−1 to 1000 rad m−1 (Kuzmin and Pospelov, 2005; Trokhimovski, 2000).

Measurement techniques are often combined to give maximum information and

to allow results to be cross-checked. For example, an airborne study can use both

radar and laser data (Vandemark et al., 2004), as can laboratory work (Donelan and

Plant, 2009) or platform-based measurements (Hara et al., 1994); buoy data can be

combined with airborne radar measurements (Pettersson et al., 2003) or satellite

data (Delpey et al., 2010).

There is thus a substantial body of knowledge about the state of the sea surface in

different conditions. The next section describes how this evidence has been combined

with the theory of wave development to produce mathematically-defined variance

density spectra.

3.2.4 Development of sea wave spectra

Phillips (1958) showed that where waves are limited by energy dissipation due to
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breaking there should be a f−5 (equivalent to k−4) dependence in the wave spectrum.

Pierson and Moskowitz (1964) used Phillips’ f−5 dependence to suggest a spectrum

of the form:

S(f) = αg2(2π)−4f−5 exp

[
−5

4

(
f

fp

)−4
]

(3.21)

where fp is the frequency of the spectral peak and α is a constant. They demon-

strated that this spectrum gives a reasonable fit to data collected from ship-borne

instruments in fully-developed seas, with appropriate choice of the parameter α.

Their spectrum has been widely used, both in its original form and as the basis for

other spectra.

Insights into the features common to all wave spectra can be gained by working

in non-dimensional units:

dimensionless fetch X̃ = gX/U10 (X is the wave fetch)

dimensionless frequency f̃ = U10f/g

dimensionless spectrum S̃ = g3S/U5
10

Kitaigorodskii (1962) argued that when expressed in these units the wave spectrum

takes the same form for all stages of development, i.e. for all fetches; this became

known as the similarity theory. He also looked at the effect of energy transfer to

higher frequencies by nonlinear interactions; by making an analogy with Kolmogo-

roff’s theory for turbulence, Kitaigorodskii (1983) showed that this energy cascade

would lead to a spectrum of the form f−4 (k−3).

The JONSWAP experiment of 1969 provided a considerable amount of buoy

and wave gauge data about wind seas at a variety of fetches, which supported the

similarity theory and Phillips’ f−5 dependence at high frequencies. However the

spectral peak was found to be higher and narrower than that suggested by Pier-

son and Moskowitz (equation 3.21), increasingly so as the wind speed increases.

Hasselmann et al. (1973) introduced a peak enhancement factor γΓ which multi-

plies the Pierson-Moskowitz function (equation 3.21) to give the overall JONWSAP
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spectrum:

S(f) = αg2(2π)−4f−5 exp

[
−5

4

(
f

fp

)−4
]
γΓ (3.22)

where Γ = exp

[
−(f − fp)2

2σ2(fp)2

]

α (as in (3.21)) and γ are constants, which can be adjusted for fetch. The parameter

σ is chosen to fit the width of the spectral peak and may be different above and below

the peak: σ = σa for f ≤ fp and σ = σb for f > fp. The Pierson-Moskowitz and

JONSWAP spectra are plotted in Fig. 3.2 for an example wind speed of 10 m s−1.
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Figure 3.2: The Pierson-Moskowitz, JONSWAP and Elfouhaily spectra for a wind
speed of 10 m s−1, plotted against wavenumber. (a) Omnidirectional spectrum S(k),
linear plot, (b) omnidirectional spectrum S(k), log-log, (c) curvature spectrum B(k),
log-log. Note that the parameters in the Pierson-Moskowitz and JONSWAP spectra
have been adjusted to give the same spectrum integral as the Elfouhaily spectrum; in
practice their values are fetch-dependent.

Other observations have reported a f−4, rather than f−5, dependence for the

shorter gravity wave in at least part of the frequency range (e.g. Kahma 1981;

Donelan et al. 1985; Forristall 1981). Banner (1990) suggested f−4 behaviour for

frequencies 1.5 to 3.5 times the peak value and f−5 for higher gravity-wave frequen-

cies; however the question of when the spectrum should feature f−4 instead of f−5

remains a matter of debate (Holthuijsen, 2007, p.157).

None of the above spectra or studies extended to the gravity-capillary range.
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The advent of scatterometers both provided data about these higher wavenumbers

and stimulated the need for a wide-band spectrum for use in the analysis of radar

data. Two-scale models are often used for microwave data – these include a gravity-

capillary band superimposed on the lower-frequency gravity waves that carry most

of the energy of the spectrum e.g. Durden and Vesecky (1985); Pierdicca and Pul-

virenti (2008). This is consistent with the dual mechanism that controls the signal

– specular reflection for long wavelengths, Bragg scattering for short wavelengths

(section 3.2.3). However, two-scale models suffer from the need to define a threshold

wavenumber separating the two regions, which can introduce an artificial parameter

(Voronovich and Zavorotny, 2001).

A number of authors have suggested unified spectra that aim to give a good de-

scription of wind seas over a wide range of gravity and gravity-capillary wavelengths.

Donelan and Pierson (1987) patched the low wavenumber spectrum of Donelan et al.

(1985), developed from JONSWAP, to a spectrum for k > kp based on the balance

between energy input from the wind and dissipation by wave breaking and viscosity

(kp is the wavenumber of the spectral peak). Apel (1994) combined a low frequency

spectrum based on those of Donelan et al. (1985) and Banner (1990) with high-

frequency behaviour based on the lab data of Jähne and co-workers (Jähne and

Riemer, 1990; Klinke, 1992) and giving a secondary spectral peak at 750 rad m−1.

As noted in section 3.2.1, the secondary peak results from the balance between

the input of energy from lower wavenumbers, due to nonlinear interactions between

waves, and frictional energy losses that dominate at the smallest length scales.

Both these spectra give values for the mean square slope of the surface that are

rather higher than those given by the relationships of Cox and Munk (1954a,b),

suggesting inaccuracy in the high wavenumber region, and later spectra have con-

centrated on improving this region. Romeiser and Alpers (1997) modified Apel’s

spectrum to give a better match to radar data at high wavenumbers. Elfouhaily et al.

(1997) used a similar form at the low end of the spectrum, including the Pierson-

Moskowitz shape (3.21) and the JONSWAP peak enhancement factor (3.22), with

some modifications to incorporate results from a number of more recent lab and
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field observations (Klinke, 1992; Kahma, 1981; Donelan et al., 1985; Dobson et al.,

1989; Young et al., 1994). They proposed a high-wavenumber form that is based

on optical measurements: the Cox and Munk relationships, the lab data of Jähne

and Riemer (1990) and the field measurements of Hara et al. (1994). They placed

the secondary spectral peak lower than Apel, at 370 rad m−1, i.e. the wavenum-

ber for minimum phase velocity, km =
√
%g/γsurf (equation (3.2)). Kudryavtsev

et al. (1999) proposed a spectrum based on physical mechanisms – energy transfer

by wind input, viscous dissipation, wave breaking, nonlinear generation of capillary

waves by steep short gravity waves and resonant wave-wave interactions leading to

energy transfer to higher wavenumbers. This model includes wavelengths from a

few millimetres to a few metres, so omits the most energetic waves, but can still

be useful in remote sensing, where wave slope is more important than amplitude.

The spectrum proposed by Lyzenga (2004) is also based on consideration of energy

balance, with parameters tuned by fitting to radar data. This gives a spectrum that

is similar in form to those discussed above, but with a lower wavenumber cut-off

at about 1000 rad m−1; the radar data has no information about these small spatial

scales.

Figure 3.2 shows the spectrum of Elfouhaily et al. (1997) plotted with the

Pierson-Moskowitz and JONSWAP spectra, for a wind speed of 10 m s−1. The sec-

ondary peak at 370 rad m−1 can be seen in (b) and (c).

3.2.4.1 The directional spreading function

The above discussion refers to the omnidirectional component of the spectrum, S(k),

equation (3.15). Models of the directional spreading function D(k, θ), equation

(3.16), have also developed as new instruments and data have become available.

These describe the spatial distribution of wave energy. For waves near the the

spectral peak, which get energy directly from the wind, the spatial distribution is

centred on the wind direction; nonlinear interactions between waves spread energy

to other directions as well as other wavenumbers, giving a broader distribution.

The first directional spreading functions were derived from buoy data and took
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the form cos2S(θ/2), where θ is the angle relative to the mean wave direction and S

is a parameter that controls the width of the distribution and may depend on the

frequency or wavenumber (Longuet-Higgins et al., 1963; Mitsuyasu et al., 1975; Has-

selmann et al., 1980). Donelan et al. (1985) suggested sech2(βθ) as an alternative,

with β(f) setting the width. Higher resolution data shows a bimodal distribution

for gravity waves above the spectral peak, with wave energy concentrated in two

directions to either side of the wind. This has been observed in data from wave

gauge arrays (Young et al., 1995; Long and Resio, 2007), buoys (Ewans, 1998; Wang

and Hwang, 2001), lidar (Wang and Hwang, 2003) and in tank experiments (Jähne

and Riemer, 1990; Hara et al., 1997). Banner and Young (1994) explained this bi-

modality in terms of the processes controlling wave evolution. Nonlinear interactions

between waves lead to directional broadening, while wind input and dissipation lead

to a narrower, unimodal form. Near the spectral peak the wind input dominates,

but at higher wavenumbers the nonlinear interactions become more important. The

simulations of Toffoli et al. (2010) confirmed that that a JONSWAP spectrum with

a unimodal distribution evolves bimodality under the influence of nonlinear interac-

tions. Massel (2011) has shown that a unimodal distribution cannot give as good a

fit to the Cox-Munk mean square slope data as a bimodal distribution.

Radar and optical data give information about the directional distribution of

waves at higher wavenumbers. Using stereophotography, Banner et al. (1989) found

that the distribution becames almost isotropic for waves around 10 rad m−1. Sim-

ilarly, the tank experiments of Jähne and Riemer (1990) showed that the distri-

bution of gravity-capillary waves is more uniform than that of long gravity waves.

Caudal and Hauser (1996) used radar data to make high wavenumber extrapola-

tions of earlier spreading functions (Donelan et al., 1985; Banner, 1990). They

found that the distribution is close to isotropic for short gravity waves, wavenumber

3 rad m−1 to 20 rad m−1, consistent with Banner et al. (1989), but then anisotropy

increases again into up to 1000 rad m−1. The Cox and Munk (1954a) optical data

also show anisotropy – the mean square slope is greater in the along-wind than the

cross-wind direction.
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Heron et al. (2006) synthesised these observations into a unified directional

spreading function with 3 regions:

1. The function is unimodal at the energy peak, then becomes bimodal, with

Gaussian peaks, for wavenumbers up to 89kp. The angular separation between

the peaks increases with k, up to a maximum of 126◦.

2. For wavenumbers between 89kp and 467kp the spreading function takes the

form cos2Sθ, with S reducing from 0.65 at 89kp to 0 at 148kp, then staying at

0 (i.e. an isotropic distribution) until 467kp.

3. For k > 467kp, where capillary waves dominate, the distribution again becomes

anisotropic, with S given by an empirical formula.

For remote sensing applications, where the data give a snapshot of the water

surface at a particular time, there is no way of telling in which direction the waves

are propagating and so the spreading function must be symmetrical with respect

to wind direction. This is not true for spectra derived from buoys or wave gauge

arrays, for which time dependent information is available (Guissard, 1993). A fully

directional spectrum can be used in “folded” form for purely spatial data (Banner,

1990):

Ds(k, θ) = 0.5[D(k, θ) +D(k, θ − π)] (3.23)

The spreading function of Heron et al. (2006) is plotted in Fig. 3.3 in its unfolded

and folded forms, illustrating its shape in the 3 regions.

3.2.4.2 The effect of wave modulation

The interaction between longer and shorter waves is a limitation on all attempts to

capture the sea surface wave field in a spectrum. Capillary waves can be generated

on gravity waves where they become steep enough, and these then travel with the

gravity waves - they are referred to as parasitic capillary waves. A gravity wave mov-

ing through a region of deep water causes particles to move in a vertically-oriented

circle, so the motion at the surface is horizontal. This means that shorter waves

can be carried along at the speed of the gravity wave, or undergo a Doppler shift
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Figure 3.3: The directional spreading function of Heron et al. (2006) plotted for a
range of wavenumbers. (a) without folding (b) folded. kp represents the wavenumber
of the spectral peak. Angles are measured from the downwind direction.

in their wavelength. Hara et al. (1997) found that a significant proportion of wave

energy is contained in these bound waves. These interactions are not consistent with

the assumptions of spatial homogeneity and time independence made when defining

the variance density spectrum, and so no spectral model can fully capture them.

Two-scale models often include a hydrodynamic modulation function to model the

interaction (Elfouhaily et al., 2001; Pierdicca and Pulvirenti, 2008). The models

of Romeiser and Alpers (1997) and Lyzenga (2004) also include a modulation term

and these authors link the interaction to the upwind-downwind asymmetry observed

in radar data. However, the question of fully characterising wave-wave interactions

remains a difficult problem.

Section 3.2 has reviewed the processes that control the ever-changing shape of

the sea surface, and the methods and concepts that researchers use to study those

waves. The final section of this review looks at how the sea surface has been handled

in radiative transfer modelling.
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3.3 The air-water interface in radiative transfer

models

Radiative transfer models are used in remote sensing to investigate the transfer of

electromagnetic waves through the atmosphere-ocean system. These models must

make some assumption about the shape of the air-water interface, and this section

summarises the methods that have been used. Only methods suitable for visible and

near infrared light are included: here the wavelength of the radiation is much smaller

than that of even the smallest surface waves so the geometric optics approximation

is appropriate and processes such as diffraction can be neglected. This not true for

microwaves and a different set of models is needed for analysing radar and microwave

radiometer data.

The earliest approach was simply to use a flat surface (e.g. Fraser and Walker

1968; Kattawar et al. 1973); this approach is still sometimes used in the first stages

of development of a model (e.g. Jin and Stamnes 1994). A more accurate approach

recognises that the slope of the surface has the primary effect on its reflection and/or

transmission, through Fresnel’s laws, and the precise shape can be neglected if the

distribution of slopes is statistically correct. The modelled surface effectively consists

of many facets with varying slope, but overall it is essentially flat with an elevation

variance close to zero (see Fig. 1.2(a)). This “slope-statistics” method has been

widely used: examples include Raschke (1972); Plass et al. (1975); Deuzé et al.

(1989); Morel and Gentili (1996); Su et al. (2002); Jin et al. (2002); Henderson et al.

(2003); Gatebe et al. (2005); Zhai et al. (2009), as well as the papers cited below

and the widely used commercial package Hydrolight (Mobley and Sundman, 2008).

All the above models use the sea surface statistics of Cox and Munk (1954a), either

using a Gaussian pdf with the mean square slope of equation (2.15) to (2.17), or the

Gram-Charlier expansion, equation (2.13).

In an alternative approach, Morel and Gentili (1991) set the width of the sun

disc at 5◦ instead of 0.5◦, to simulate the scattering effect of a rippled surface. They

carried out sensitivity tests using a slope-statistics surface and found that it gave an
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maximum 8% increase in irradiance reflectance (measured just below the surface)

at a wind speed of 10 m s−1, compared to the flat surface with enlarged sun.

Some alternatives to the Cox and Munk PDF have been tried in the context of

calculating the sea surface emissivity for use with infrared radiometers. Yoshimori

et al. (1995) used a slope-statistics method but with an integration of the JONSWAP

spectrum, equation (3.22). Shifrin (2001) suggested a modification to the Cox and

Munk formula to allow for the effect of atmospheric instability .

Slope statistics methods can be quite successful at modelling the surface albedo

and spatially-averaged glint patterns (Jin et al., 2006; Preisendorfer and Mobley,

1986), because the primary factor determining the path of light incident on the

surface is the local surface slope. However, a complete model should also include

elevation-dependent processes such as wave shadowing and multiple reflections be-

tween wave sides (Mobley, 2002a). Some models include an approximation to these

processes, using surfaces with small elevations. Monte Carlo models include them

automatically, since each ray is traced through as many interactions as necessary for

it to leave the surface region entirely. Matrix methods, e.g. Nakajima and Tanaka

(1983), treat the atmosphere and ocean as a series of layers, with the air-sea inter-

face characterised by transmission and reflection functions incorporating the chosen

slope statistics. These functions are commonly modified by a shadowing function,

which gives the probability that a point on the surface will be illuminated (Sancer,

1969; Smith, 1967). A similar approach is taken in the discrete-ordinate method,

which can also account for multiple reflection by successive application of the trans-

mittance and reflection functions (Jin et al., 2006; Ottaviani et al., 2008). The

successive orders of scattering method treats the sea surface as a boundary, which

can include a shadowing function, and multiple scattering at the surface is built

into the model (Gordon and Wang, 1992; Zhai et al., 2010). Shadowing functions

have also been used in analytic calculations of bidirectional reflectance distribution

function (Ross et al., 2005) and infrared emissivity (Bourlier, 2005).

Some work on the effect of multiple surface interactions has been reported. Naka-

jima and Tanaka (1983) found that multiple scattering was responsible for about
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10% of reflection and transmission at a wind speed of 15 m s−1, even for solar zenith

angles as small as 40◦. Preisendorfer and Mobley (1986) tested the effect of mul-

tiple scattering using Monte Carlo simulations and found that it slightly reduced

the amount of sunlight transmitted into the water. About 5-10% or rays underwent

multiple scattering, depending on wind speed and solar zenith angle; multiple scat-

tering was rare for wind speeds below 5 m s−1 and zenith angles below 30◦. Bourlier’s

analytic calculations of emissivity showed an underprediction for rays travelling at

angles less than 16◦ to the surface (Bourlier, 2005). Comparison with Monte Carlo

results shows that this was due to the omission of mutiple reflections rather than

inaccuracy in the shadowing function. Ottaviani et al. (2008) reported that leaving

out multiple scattering gave errors of 10-90%, depending on wavelength. However,

multiple orders of scattering may not be needed: Jin et al. (2006) found that, for

all but very low solar elevations, allowing more than two scattering events did not

significantly change the calculated albedo.

Elevation-based surfaces would also improve the modelling of the spatial vari-

ation in radiance caused by the detailed shape of the sea surface. Slope-statistics

models cannot do this and previous simulations of the sub-surface light field have

modelled the water surface using simple wave shapes rather than attempting to re-

produce the complexity of a real sea (Hedley, 2008; D’Alimonte et al., 2010). A

recent model (You et al., 2011) included the spatial distribution of surface slopes

and succeeded in simulating some of the features seen in measurements of the light

field up to 1 m below the surface; however, the authors note that without including

elevation the model cannot recreate the correct pattern of distortion of the Snell

cone.

Surfaces that model both elevation and slope can be constructed from the sea

surface spectrum by a Fourier synthesis method, in which components for each

wavenumber are added in proportion to their spectral amplitude, with a randomisa-

tion element to make each surface different. Yoshimori et al. (1997) described such

a process, using a method that in principle could be extended to high frequency,

but neither they not other workers appear to have used the surfaces for ray-tracing.
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Elevation-based realisations have been tried occasionally for radiative transfer mod-

elling of the air-sea interface, but they have either only modelled the gravity-wave

part of the spectrum (Schwenger and Repasi, 2003; You et al., 2009), or only mod-

elled the sea surface in one dimension (Fauqueux et al., 2009). The next chapter

describes how high-resolution, 2d surfaces including a wide spectral range have been

created and tested for the first time.

3.4 Summary

This chapter has discussed how the combined effects of gravity and surface tension

create the constantly changing shape of the sea surface, and how various spectra

can be used to give a statistical description of the surface waves. Techniques for

observing and measuring the sea surface have been reviewed; these have enabled the

development of spectra that encompass the features of observed seas on scales from

a few millimetres to several hundred metres. Methods for handling the sea surface in

radiative transfer models have also been reviewed – most of these treat the surface

as a collection of facets that model the slope statistics of observed seas but not their

elevations. The next chapter describes the process of creating numerical realisations

of the wave surface from the wave spectrum and the results of radiative transfer

modelling using these surfaces.
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Chapter 4

Model creation and testing

4.1 Introduction

This chapter describes how high-resolution numerical models of the sea surface were

constructed and used for modelling the behaviour of light at the air-sea interface.

The surface realisations were created from a spectrum of sea surface waves using

Fourier synthesis. This technique has been used in the past (Schwenger and Repasi,

2003; You et al., 2009; Fauqueux et al., 2009), but this work has the following novel

features:

• creation of a two-dimensional surface at high resolution;

• the combination of the omnidirectional spectrum of Elfouhaily et al. (1997)

with the directional spreading function of Heron et al. (2006);

• the use of a wavenumber range wide enough to model both the elevation vari-

ance and the mean square slope observed in real seas.

The next section discusses the reasons for choosing the spectrum of Elfouhaily

et al. (1997) with the directional spreading function of Heron et al. (2006). Sections

4.3–4.4 describe how surfaces incorporating features on scales from 3 mm to 200 m

were created from the spectrum and validated against standard models. Section

4.5 shows how the surfaces were integrated into a ray-tracing model, which enabled

the directional reflection of light at the surface realisations to be tested. Finally the
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model output is compared to that obtained using a standard slope statistics method:

the two models give estimates of the directionally reflected radiance that are similar,

but with significant differences for some ingoing and outgoing light directions.

4.2 Choice of spectrum for surface construction

Section 3.2 described how a variance density spectrum can be used to summarise the

shape features of a sea surface at a range of scales, with the directional spreading

function giving the angular distribution of wave energy. The spectrum chosen for

sea surface creation in this work is that of Elfouhaily et al. (1997) (Fig. 3.2). This

has been widely used, e.g. Voronovich and Zavorotny (2001); Plant (2002); Bourlier

et al. (2005); Dinnat and Le Vine (2008); Fauqueux et al. (2009); Nouguier et al.

(2009). Its form is analytically tractable, making it straightforward to use for surface

realisation, as described in section 4.3. The spectrum is based on observational

studies at a wide range of wavenumbers, and also includes the effect of fetch.

A number of observational studies support the Elfouhaily spectrum: Trokhi-

movski (2000) found that it gave a better fit to his radiometer data than the spectra

of Apel (1994), Donelan and Pierson (1987) or Romeiser and Alpers (1997). Hauser

et al. (2008, 2009) tested the spectra of Elfouhailay and of Kudryavtsev et al. (1999)

and found that the Elfouhaily spectrum gave a mean square slope closer to that de-

rived from their radar data.

There are some indications of inaccuracy at the high wavenumber end of the

Elfouhaily spectrum. Kuzmin and Pospelov (2005) found a secondary peak at about

370 rad m−1 for calm conditions, in agreement with the Elfouhaily spectrum, but

they found that the peak shifted to higher wavenumbers as the wind speed increased,

whereas the Elfouhaily spectrum keeps it fixed. The empirical spectrum of Hwang

(2005) has the secondary peak placed at 20 to 200 rad m−1, with the position of the

peak also shifting to higher values at higher wind speeds. However, integration of

the Elfouhaily spectrum gives a good fit to the Cox and Munk data as long as a

wide enough range of wavenumbers is included (Hwang and Plant, 2010); see also

Figs. 4.2 and 4.4.
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Although the omnidirectional spectrum of Elfouhaily et al. does appear to have

good support, some problems have been raised with their directional spreading func-

tion, which is based on a two-term Fourier expansion:

D(k, θ) =
1

2π
[1 + ∆(k) cos(2θ)] (4.1)

∆(k) = tanh
{
ao + ap(c/cp)

2.5 + am(cm/c)
2.5
}

where ao = ln 2/4, ap = 4, cp is the phase speed at the spectral peak and am =

0.13u∗/cm; cm = 0.23 m s−1 and u∗ can be calculated from the wind speed. Voronovich

et al. (2000) found that they could get more accurate retrieval of radar cross-section

by modifying the Elfouhaily et al. spreading function to give a more isotropic spec-

trum for long waves. Both Hauser et al. (2008) and Ross and Dion (2007) note

that the spreading function used by Elfouhaily et al. gives an upwind to crosswind

slope ratio that falls with increasing wind speed, whereas the data of Cox and Munk

(1954a,b) and the more recent satellite observations of Bréon and Henriot (2006)

show a ratio that rises with wind speed above 5 m s−1.

For the surface creation work described here, the spreading function of Heron

et al. (2006), as described in section 3.2.4.1, has been used instead of that of

Elfouhaily et al., since it gives a better fit to the upwind to crosswind ratio observed

by Cox and Munk and more recent authors (Fig. 4.1). The function has been slightly

modified to increase the anisotropy at the highest wavenumbers (k > 467kp), giving

a better fit to observed slope values: the empirical form

S = 0.68

[
1− exp

(
− log10(k/kp)− 2.65

0.1

)]
(4.2)

has been replaced by a function similar that used in the lower-k region, with pa-

rameters adjusted to fit the data presented by Heron et al.:

S = 4.5 [log10(k/kp)− 2.6693] (4.3)

The omnidirectional spectrum of Elfouhaily et al. and the directional spectrum
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Figure 4.1: Ratio of mean square slopes in the upwind and crosswind directions
calculated using data from sun glint observations by Cox and Munk (1954a) (circles),
Ross and Dion (2007) (crosses), and Bréon and Henriot (2006) (dotted line); slope ratio
calculated from the spectrum used in the current work with the spreading function of
Heron et al. (2006) (solid line) and Elfouhaily et al. (1997) (dash-dot line).

of Heron et al. together encapsulate in a compact form much of the knowledge of

sea waves that has been gained through several decades of observation. The next

section describes how these functions have been used to create numerical realisations

of the surface that are as close as possible to real seas.

4.3 Creation of surface realisations from a wave

spectrum

Sea surface realisations were constructed from the elevation variance spectrum,

based on the linear assumption that the elevation can be expressed as a harmonic

series of wavenumber components (see also section 3.2.2):

η(r, t) =
∑

X(k, t)eik.r (4.4)

where η(r, t) is the sea surface elevation at position r(x, y) and time t, k is the

wavenumber vector (kx, ky), and X(k, t) is the amplitude of component k at time

t. The component amplitudes X(k) for any point in time were calculated from the

elevation variance density spectrum Ψ(k), with a randomization element (Thorsos,
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1988; Tessendorf, 2004):

X(k) = Xo(k) +Xo(−k) (4.5)

Xo(k) =
1√
2

(ξr + iξi)
√

Ψ(k)∆kx∆ky (4.6)

where ξr and ξi are random numbers chosen from a Gaussian distribution of mean

0 and variance 1, and ∆kx,∆ky represent the wavenumber interval in the spectral

space of equation (4.4). This is the inverse of the Fourier analysis of the elevation into

a spectrum, see equations 3.7–3.9. The inclusion of +k and −k terms in equation

(4.5) means that waves travelling in opposite directions are included equally. This

step is necessary because the realisation being created is a snapshot of the surface

and contains no information about wave propagation over time, and it means that

the realised surface have upwind-downwind symmetry; it is equivalent to using a

folded form of the directional spreading function (equation 3.23).

As discussed in section 4.2, the spectrum used was the omnidirectional spectrum

of Elfouhaily et al. (1997) with the directional spreading function of Heron et al.

(2006):

Ψ(k) =
1

k
SElf(k)DHeron(k, θ) (4.7)

An inverse Fourier transform was then used to add the separate components and

derive the surface elevation at points across a 2-d grid.

Repeating these steps with different random numbers produced a set of surfaces

with average slope and elevation variance specified by the spectrum Ψ(k). The use

of a Fourier method means that each surface has periodic boundaries: in ray-tracing

the surface is treated as effectively infinite, with the pattern regularly repeating in

the x and y directions.

The accuracy with which the slope and elevation standard deviation are modelled

depends on the range of wavenumbers used and the wavenumber interval within that

range. As shown in Fig. 4.2, the omnidirectional slope and elevation variance spectra

have two wavenumber peaks, at around 0.1 rad m−1 and 1000 rad m−1, depending

on wind speed. The lower peak dominates the elevation variance and the higher

peak dominates the slope so it is only possible to produce surfaces that model
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both features accurately if both peaks are included. The maximum array size that

could be fitted into the available memory was 16384 × 16384, and this could not

encompass both peaks. John Hedley therefore developed a system that enables a

single surface to be created and ray-traced as a set of adjacent segments, but with

full cross-segment propagation of rays in the ray-tracing step.
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Figure 4.2: Omnidirectional (a) slope and (b) elevation variance spectrum of
Elfouhaily et al. (1997), labelled to show the wavenumber range included in the current
model. The dotted line shows the Nyquist wavenumber.

The results from this system were identical to those produced by creating and ray

tracing the entire realization in one pass, and made it possible to handle grids of size

65536 × 65536. This meant a wavenumber range of 0.031 rad m−1 to 2060 rad m−1,

with an interval of 0.031 rad m−1, could be used; this range includes both peaks for

wind speeds up to 15 m s−1 (Fig. 4.2). The results may be affected by aliasing as

there are some wave components above the Nyquist level of 1030 rad m−1; however,

this is beyond the secondary peak and spectral levels fall rapidly in this region: the

effect is likely to be small.

Using this wavenumber range produced sea surface realisations on a square of

side 200 m in the horizontal domain, with a grid spacing of 3 mm (Fig. 4.3).

The Fourier transform step was performed using FFTW3 (Frigo and Johnson,

2005), which has high accuracy (Frigo and Johnson, 2011) and made it possible to

avoid stability problems when handing these large grids; using double precision in the
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Figure 4.3: (a) Visualization of a sea surface created using the method described
in section 4.3, with a wind of 3 m s−1 from the left. Image width is 50 m; grey levels
show elevation. (b) Elevation against position for a 5 m line on the surface. (c) A
20 cm section of the line enlarged.

FFT calculation we did not experience the accuracy problems noted by Tessendorf

(2004) for grid sizes over 2048 points per side.

To summarise our contributions: I developed C code to implement the Elfouhaily-

Heron spectrum and perform the operations described in equations (4.5) to (4.7),

and the validation methods described in the next section. John Hedley integrated

my code into his PlanarRad ray-tracing package (Hedley, 2011b, 2008) and added

the adaptive element that allowed for larger grids. I then carried out the tests

described in section 4.5.

4.4 Validation of the realised surfaces

The modelled surfaces were validated by comparing their mean slopes and elevation

standard deviation against values established by observation (Fig. 4.4). For mean

square slope the basis of comparison was the widely used Cox and Munk model (Cox

and Munk, 1954a):

mean square slope in the along-wind direction = 0.000 + 0.00316U10 ± 0.004

mean square slope in the cross-wind direction = 0.003 + 0.00192U10 ± 0.002

(4.8)

where U10 is the wind speed at 10 m above the sea surface. In a sample of 108

surfaces with wind speeds ranging from 1 ms−1 to 15 ms−1, all had mean square
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slopes within the range specified in equations (4.8) (Fig. 4.4(a,b)). The elevation

standard deviation was compared to the empirical formula given by Apel (1994):

elevation standard deviation = 0.005U2
10 (4.9)

The spectrum of Elfouhaily et al. (1997) gives a reasonable match to this approxi-

mate formula, and the realized surfaces follow the spectrum closely (Fig. 4.4(c)).

Fig. 4.4 also shows the values obtained by integrating the spectrum Ψ(k) and the

slope spectrum k2Ψ(k) across the full wavenumber range and across the range used

to create the realisations. The good agreement between the integrated spectrum and

the slope values indicates that the process has been implemented accurately, and

errors such as those due to rounding of numerical values are not significant. There

is also agreement between the result obtained by integrating across all wavenumbers

and across the model range, showing that a wide enough range has been used to

capture the main features of the spectrum.
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Figure 4.4: Wind speed dependence of (a) mean square slope in the along-wind
direction, (b) mean square slope in the cross-wind direction and (c) elevation standard
deviation of the surface realisations (blue crosses) compared to empirical models (red
lines), the value obtained by integrating the spectrum across all wavenumbers (green)
and by integration across the wavenumber range used in surface creation (purple). 7
surfaces were created for wind speeds 3 and 7 m s−1, 11 surfaces for 9, 11 and 13 m s−1,
19 surfaces for 10 m s−1, 20 surfaces for 5 m s−1 and 22 surfaces for 15 m s−1.

4.5 Integration into a ray-tracing model

Radiative transfer using the realised surfaces was tested using PlanarRad (Hedley,

2011b). This software has been validated against an invariant imbedding numer-

ical integration technique, as used in Hydrolight, (Hedley, 2008) and it has been

successsfully used to model radiative transfer in complex underwater environments

(Hedley and Enŕıquez, 2010).

Within PlanarRad, light transfer at the realised surfaces was tested using Monte

Carlo ray tracing. Rays are sent towards the surface from random directions, interact

with the surface a number of times and eventually leave the test area. The total
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number of rays entering and leaving at each direction gives a tabulated bidirectional

reflectance distribution function (BRDF). The BRDF was then used to test how

much light the surface would reflect for various sun positions, and compared this

with predictions from a standard slope statistics model. This section gives further

details about the methods used; the results are presented in section 4.6.

The ray-tracing software divides the sphere of all directions into sections or

“quads”. The divisions used in this work were each 10◦ in the zenith direction by

15◦ azimuthally, except at the horizon and poles. At the horizon the zenith size

was 5◦, and at each pole there was a 5◦ endcap (Fig. 4.5). These divisions are the

same as in the widely-used commercial package Hydrolight (Mobley and Sundman,

2008). Rays are distributed equally across all quads, but sent in from random

directions within each quad – a simple form of stratified sampling (Hammersley and

Handscomb, 1964).

endcap, diameter 10°

  
standard quad, 15° by 10°

horizon quad, 15° by 5°

Figure 4.5: Diagram to illustrate the division of the sphere used in ray tracing. The
lower half of the sphere is divided in the same way

Each ray is followed until it meets the air-water interface, where it may be

reflected, transmitted or both – the paths and relative energy of the incoming and

outgoing rays are determined by Fresnel’s laws. In this work the refractive indices

was approximated as 1.00 for air and 1.34 for water for all wavelengths (page 34)

but the model could be made wavelength dependent. The ray(s) emerging from the

interaction are then tracked until they intersect the surface again or leave the search

space entirely. The energy of each ray is monitored and the totals are used to check

for energy conservation. The surface repeats periodically so there is no limit on its

width - this can lead to a ray “skimming” parallel to the surface and continuing

indefinitely. To limit the run time, 20 surface passes was set as the maximum a
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ray could go without interaction before being removed from the search space. This

approximation leads to some loss of energy, but in the investigations described here

the maximum loss, averaged over all ray directions, was less than 0.3%. Energy

losses for directions that are not close to parallel to the surface will be much less

than this.

To assess how many rays would be needed to give statistically stable results

for the BRDF of a given surface, ray-tracing was carried out using surfaces for

wind speeds 5 and 10 m s−1 25 times each, using 107 rays on each run. Plots of

the running mean values for a variety of ingoing and outgoing angles suggested

that 20-30 runs would be needed to achieve good convergence (see Fig. 4.6 for

examples). However, with each run taking 2-3 hours this was not practicable. The

results presented below are for 5 ray-tracing runs, which is enough to smooth out the

biggest variation between runs. This gave standard errors below 3% for the majority

of ingoing-outgoing angle combinations, except where the estimated reflectance was

close to zero - the standard error for 25 runs was around 1%. The results shown

in Figs. 4.8 and 4.10 were repeated using results from 10 runs – this reduced the

standard errors but did not change the shapes of the plots.

BRDFs for surfaces at wind speeds 5, 10 and 15 m s−1 were used to predict the

radiance reflected from the upper side of the water surface for a clear sky scenario,

again using PlanarRad. Ten surfaces were created for each wind speed and their

BRDFs found as the average result for ray-tracing five times with 107 rays - this is

equivalent to using 5× 107 rays. The sky radiance was set by the model of Grant

et al. (1996). To implement the software it was necessary to include a water layer,

and the scenario used had water 30 m deep and a sandy bottom. Only light incident

from the sky and reflected into the air has been used in the results, so the findings

are not dependent on the choice of water model. For each surface ray-tracing was

carried out with the sun in all quads except those at the horizon, i.e. the solar

zenith angles were 0◦ to 80◦ in 10◦ steps and wind-sun relative azimuth angle 0◦ to

90◦ in 15◦ steps. Other azimuth angles were not included as the model has upwind-

downwind symmetry (equation (4.5)) and also crosswind symmetry, determined by
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Figure 4.6: The mean reflectance over several runs plotted against the number of
runs for various combinations of ingoing and outgoing ray angle, for wind speed 5 m s−1

(a,c) and 10 m s−1 (b,d).

the spreading function. For each wind speed and sun position the outgoing radiance

reflected by the water surface was recorded in each above-horizon quad, giving a

total of 33003 data points, each with radiance results for 10 surfaces.

Comparison results were obtained using the same ray-tracing software, but using

a slope-statistics method to model the surface instead of the numerically-realised

elevation model. The method is as described in Light and Water (Mobley (1994),

section 4.3) and is implemented in PlanarRad. A surface realisation is constructed

with facet slope determined on a Gaussian distribution, with mean zero and variance

in the along-wind and cross-wind directions given by:

σ2
w = 0.00316U10, σ2

c = 0.00192U10 (4.10)

Equations (4.10) give the version of the Cox-Munk formula used in Light and

Water (Mobley (1994), page 168) and in Hydrolight (Mobley and Sundman, 2008).

No shadowing function was used. Monte Carlo ray-tracing was used to give a BRDF

in the same way as described above. For each wind speed the method was used for

10 runs, each using 2000 surfaces of 14152 facets, and each surface traced by 4340
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rays. These values were chosen to give standard errors for the variation between runs

that were similar to the new model, allowing a meaningful comparison between the

two methods. The resulting BRDFs were processed for a clear sky scenario exactly

as for the new model.

The next section presents a comparison between the results from the two mod-

els. All results shown are for a wavelength of 470 nm; both surface models were

wavelength-independent. In HydroLight (Mobley and Sundman, 2008) and other

models (Jin et al., 2006; Zhai et al., 2010; Gordon and Wang, 1992) the provided

air-water interface functions are azimuthally averaged, and therefore independent of

wind direction. Results for both azimuthally-averaged and non-averaged versions of

the new model and the CM model are presented.

4.6 Results and discussion

4.6.1 Comparison to slope-statistics model

The reflected radiance estimated by the new model and by the slope-statistics model

was compared for the 33003 data points described above, using both the azimuthally

averaged and the non-averaged models. Correlation between the models was high

in both cases (Fig. 4.7), r2 = 0.9865 for the non-averaged models, 0.9896 for the

azimuthally averaged versions. However, the difference between the model output

was significant at 41% of points for the non-averaged models and 75% for the az-

imuthally averaged versions (t-test, unequal variances, two-tailed, p < 0.05, with

Simes-Hochberg correction for multiple comparisons). The mean difference in the

reflected radiance at these points was 19% and 15% for the non-averaged and aver-

aged models respectively, median values 7% and 10%.

The new model predicts reduced forward scattering and increased cross- and

back-scattering (Figs. 4.8 and 4.10), consistent with the effect of elevation-dependent

processes such as wave shadowing and multiple reflections. The number of points

with a significant difference was greater at lower wind speeds and higher viewing

zenith angle.
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Figure 4.7: Reflected radiance estimated using elevation-based surfaces (new) plot-
ted against that estimated using a slope statistics method(CM). Red + show results
from the model without averaging and blue × show the azimuthally averaged versions.
(a) All results (b) Radiance up to 3 mW m−2 sr−1 nm−1.
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Figure 4.8: Reflected radiance predicted using the elevation-based surfaces (new,
blue) and the Cox-Munk slope-statistics model (CM, red) for wind speeds 5 and
10 m s−1 and solar zenith angle (a-d) −10◦, (e-h) −30◦ and (i-l) −50◦. The wind and
the sun are aligned and illumination is for clear sky conditions. Neither model was
azimuthally averaged. In each case “fwd” shows the reflected radiance in the plane of
the sun and “cross” shows reflected radiance in the plane at 90◦ to the solar plane.
Error bars show ±1 standard error (n = 10 for both data sets).
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Fig. 4.9 shows sample reflected radiance distributions estimated by the two

models for a wind of speed 10 m s−1 aligned with the sun.
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Figure 4.9: Reflected radiance distribution estimated by (a,b) the new model with
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The effect of wind direction and azimuthal averaging is illustrated in Fig. 4.10.

The non-azimuthally averaged CM model estimates the maximum radiance occur-

ring at an angle of several degrees away from the solar plane when the wind is at

45◦ to the sun; the skew estimated by the new model is less strong (Fig. 4.10(b)).

Azimuthally averaging the models removes the effect of wind direction, so the asym-

metry disappears entirely (Fig. 4.10(e)). Note that the symmetry introduced by

including waves travelling in opposite directions (equation (4.5)) means that the

asymmetry is not seen when the wind is at 90◦ to the sun (Fig. 4.10(c)).
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Figure 4.10: Polar plots of reflected radiance as a function of viewing azimuth
for viewing zenith 20◦, solar zenith 10◦, solar azimuth 180◦ and wind speed 5 m s−1.
Wind direction (a, d) −180◦ (b, e) −135◦ (c, f) −90◦. (a-c) show the non-azimuthally
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(d-f) are very small.
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4.7 Summary

This chapter has shown that it is feasible to generate sea surface realizations with

a wide enough range of scales to capture the main features of the surface spectrum.

The slope and elevation variances of these realisations are in line with those observed

for real seas for wind speeds up to 15 m s−1.

Monte Carlo ray-tracing was used to model the interaction of light with the

surface realisations; the results gave estimates of reflected radiance that were sig-

nificantly different from a Cox-Munk slope-statistics model in 41% of cases tested,

which included wind speeds up to 15 m s−1 and sun and viewing angles in all parts

of the air hemisphere. The new model estimates reduced forward reflectance and

increased sideways scattering, consistent with the effect of elevation-dependent pro-

cesses such as wave shadowing and multiple reflection. The ability to implement

a full directional spreading function into a 2-dimensional model of surface eleva-

tion and slope means that the new model can estimate an asymmetric radiance

distribution when the wind is not aligned with the sun.

These results give some indications of circumstances in which the modelling of

elevation may give different results from a slope statistics method. This is explored

further in the next chapter, where some applications of the model are presented:

investigating pixel-pixel variation in ocean color images and simulating scenes from

MERIS and other images.
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Chapter 5

Applications of the model

5.1 Introduction

The previous chapter described the development of a working model of light transfer

through a sea surface with a realistic distribution of elevations. This chapter presents

some applications of the model, demonstrating how it could be used for sun glint

correction and for other investigations.

The first section discusses how the variation between modelled surfaces can be

used to investigate pixel-pixel variation in marine imagery caused by changes in

sea surface shape. The next section discusses how the model was applied to simu-

late scenes as viewed by satellite and airborne instruments; the rest of the chapter

presents example simulations for three types of image. These simulations show that

the model is capable of producing a simulation of reasonable accuracy, and indicate

whether its estimates of glint could be used to correct imagery. They also demon-

strate how the model could provide a practical tool for testing sun glint correction

methods and for other algorithm development

5.2 Pixel-pixel variation in imagery

The first application of the model was to investigate the pixel-pixel variation caused

by differing sea surface shape in images from wide swath pushbroom instruments

such as MERIS, MODIS or the Ocean and Land Colour Instrument (OLCI) planned
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for Sentinel 3. The largest scale of elevation feature included in the current model

(200 m) is similar to MERIS full-resolution pixels (260 m×290 m) so the variation in

results using different surfaces can give an indication of the variability in radiance

due to differences in the distribution of elevation from pixel to pixel. The slope-

statistics method does not model spatial distributions of elevation so cannot give

this information.

Models runs were done using a clear sky scenario as described in section 4.5,

page 101, for a range of sun/viewing geometries and wind speeds that might be

encountered by ocean colour instruments. Comparison of results obtained using 10

different sea surface realizations showed that the radiance reflected in the direction

of the sensor typically varied by a few percent either side of the mean value. In

some cases the variation was as high as 40-50%; the highest variations were found

for higher wind speeds, larger solar zenith angles and near-nadir viewing, but there

was no simple relationship between the reflected radiance and any one variable. Fig.

5.1 gives examples for two different sun positions: the reflected radiance is plotted

against viewing angle across the track of one of the above sensors, for which the

field of view is typically 30◦ to 50◦ from nadir. The position of the sun is fixed, as is

true to within a few degrees for a single remote-sensing image. These plots are for

medium glint: with the solar zenith angle at 30◦ (a,b,c) the peak reflected radiance

is 77, 45 and 33 mW m−2 sr−1 nm−1 at wind speeds 5, 10 and 15 m s−1 respectively.

For solar zenith angle 70◦ (d,e,f) the corresponding peak radiances are 4400, 3200

and 2500 mW m−2 sr−1 nm−1.

For wind speeds around 5 m s−1 the upwind and crosswind slopes are nearly equal

(Fig. 4.1) and so there is little variation with wind-sun azimuth (Fig. 5.1 a,d). As

wind speed rises the anisotropy increases and Fig. 5.1(c,f) suggest that at higher

wind speeds the relative wind direction can have a substantial effect on the size of

the estimated reflected radiance.

This initial application demonstrates that modelling sea surface elevation can

give useful results. The remainder of this chapter discusses how the model can be

used to simulate scenes viewed by various remote sensing instruments.
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Figure 5.1: Clear sky reflected radiance as output by the new model with elevation-
based surfaces, plotted as a function of viewing zenith angle for various wind speeds
and directions. In (a-c) the sun is at zenith 30◦, azimuth 135◦ to the viewing angle,
and in (d-f) it is at zenith 70◦, azimuth 150◦. Wind speeds are (a,d) 5 m s−1, (b,e)
10 m s−1 and (c,f) 15 m s−1. Wind-sun angles are 0◦ (red), 45◦ (green) and 90◦ (blue).
Points H and N show maximum and minimum radiance for 10 surfaces.

5.3 Creating scene simulations

Given a set of conditions for sun and viewing geometry, wind speed etc, the new

model can make a simulation of a scene as would be viewed by a satellite or airborne

spectrometer. These simulations have a number of potential uses:

• As a basic test of the model, they show that it can produce estimated radiances

in line with measured values.

• They allow comparison between the assumptions made by the current model

and that used for the instrument data processing algorithm. In particular, the

effect of using elevation-based or slope-statistics models of the sea surface can

be compared.

• They could enable testing of glint correction algorithms such as those described

in sections 2.4 and 2.5.
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• They could lead directly to glint correction, by estimating the level of glint in

an image and so enabling it to be subtracted from the measured data.

The remainder of this chapter presents simulations of three types: kilometre-

scale imagery as sensed by MERIS, the view seen by an airborne multispectral

imager and an image as seen by a high-resolution nadir-viewing instrument such as

IKONOS. These correspond to the kinds of image shown in Fig. 1.1, which feature

an extended glint region,wave-top glint and cross-track glint. The MERIS simulation

is discussed in the greatest depth and detail, with comparison to two actual MERIS

images. The others are discussed more briefly, as examples of the kind of simulation

that is possible.

Before looking at the details of the different simulations, some methodological

details common to all simulations are discussed.

5.3.1 Method of setting up a scene simulation

The first consideration is image size; as explained in Ch. 4, sea surface realisations

were created at a size of 200 m square. These are on a similar scale to the pixel size for

sensors such as MERIS and MODIS (260 m to 1000 m) so the model could be run for

the appropriate sun, sensor and wind conditions and the output gives the predicted

radiance for a given pixel. For instruments with higher spatial resolution, a 200 m

grid includes a number of pixels and the surface is therefore divided into smaller

sections to match the image pixel size, with light from each section contributing to

the radiance estimate for one pixel (Fig. 5.2). Only light from the water column

below the surface section contributes to the water-leaving radiance for that pixel;

light scattered into the water column from adjacent sections is not included in the

model.

For a full simulation the model was extended to include the atmosphere, so that

the path of a ray from the top of the atmosphere could be tracked. The radiative

transfer package libRadtran (Mayer and Kylling, 2005) was used for this purpose,

though other atmospheric radiative transfer models could also be used. As in Ch.

4, the PlanarRad code (Hedley, 2011b) was used to model the radiative transfer at
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Figure 5.2: Diagram showing how the surface can be divided into sections in cases
where the pixel size is smaller than the surface realisation. Only rays passing through
the surface section (blue) contribute to the modelled radiance for that pixel, and the
water-leaving radiance is determined by light in the water column below the surface
section (grey) only. The full surface has periodic boundaries, so surfaces can be joined
to cover larger areas.

the surface and in the water.

The radiance received at a satellite sensor can be separated into components

according to the path taken by the light:

Lsensor = Latm + TLglint + TLsky + TLwhitecap + TLw (5.1)

where Latm is radiance arriving via atmospheric paths, Lglint by specular reflection

at the sea surface, Lwhitecap from whitecaps, Lw from below the water surface and

Lsky from paths involving scattering in the atmosphere followed by reflection at the

surface; T is the direct atmospheric transmittance from the surface to the sensor (see

also equation (2.1)). Latm was estimated using libRadtran, by setting the Earth’s

surface to absorb all light falling on it and calculating the radiance received at the

sensor position. T was also estimated using libRadtran: a fixed value source was

placed in the position of the sensor and the irradiance at the surface was calculated.

This was then divided by the top of atmosphere irradiance of the source to give T .

In summary, the following process was used to create a simulation of a specific

image:

1. Set the light wavelengths to be modelled, the sun and viewing position, the

wind speed and direction and select an appropriate atmosphere model for the
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location and time of year. These values were chosen to match as closely as

possible the conditions for the image being simulated.

2. Depending on the image size and resolution, plan whether each pixel is mod-

elled by a single 200 m surface realisation or by a section of the surface.

3. Use libRadtran to estimate the downwelling irradiance, diffuse and direct, just

above the surface.

4. Use PlanarRad to calculate the distribution of the irradiance at the water

surface over the model quads. The default was the clear sky model of Grant

et al. (1996).

5. Select a surface realisation to match the wind speed.

6. Use PlanarRad to model the transfer of light at the surface and in the water.

This gives the water-leaving and reflected radiance just above the surface (Lw

and Lglint + Lsky respectively).

7. Calculate the final output to match the data being simulated, for example

the top of atmosphere radiance or the remote sensing reflectance. This may

require values of the path radiance and atmospheric transmittance, which can

be estimated using libRadtran.

Images were selected to minimise confounding factors which would introduce

extra complexity into the modelling. These include:

• Aerosol and other atmospheric parameters – except for Case Study 2, images

used were of the open ocean, where aerosol loads are likely to be low. The

standard atmosphere models included with libRadtran were used.

• Water optical properties – again, open ocean Case 1 waters were preferred, as

having low and relatively predictable levels of chlorophyll and other material.

• Clouds – images used had only small amounts of cloud. Incoming irradiance

was modelled on the basis of a clear sky.
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• Whitecaps – most parts of the scenes simulated had wind speeds below 6 m s−1,

so that whitecaps and foam were minimal, and Lwhitecap has been taken as zero.

5.4 Case study 1: simulation of two MERIS im-

ages

The first example of scene simulation used MERIS reduced resolution images. These

have pixels 1000 m square, while the model simulates the transfer of light at an area

of sea surface 200 m square. Each pixel was simulated using results from an entire

surface realisation, with the assumption that that would give results representative

of the full pixel. Features on a scale between 200 m and 1000 m will be lost, but

these comprise a small element of the surface wave spectrum and have little effect

on the surface slope (see Figs. 3.1 and 4.2).

Lines from two images were chosen for modelling (Fig. 5.3). These have only

small amounts of cloud and show open sea conditions with clear glint contamination

on the right hand side of the image. The Mediterranean image is for a higher latitude

and has a closer proximity to land. The aerosol optical thickness as retrieved by the

MERIS algorithm was around 0.05–0.1 for most pixels in the Atlantic image and 0.1–

0.2 for the Mediterranean image. The wind speeds ranged from 4.1 m s−1 to 6.7 m s−1

for the Atlantic image and 4.9 m s−1 to 7.8 m s−1 for the Mediterrannean.

5.4.1 Details of the simulation method

The data were processed as outlined in section 5.3. Wavelengths up to 753 nm were

included, giving ten MERIS bands; libRadtran was run in spectrally resolved mode

so could not accurately simulate molecular absorption in the infrared (Mayer et al.,

2010). Geometry and wind values were taken from the MERIS level 1 data, in which

the solar and viewing angles are calculated from orbit information and acquisition

time; wind speed and direction are taken from the ECMWF model and interpolated

to the MERIS grid (ACRI, 2006a). Surface files for use in the simulation were

created for wind speeds between 3 and 8 m s−1, at intervals of 0.5 m s−1, with ten
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(a) (b)

(c) (d)

Atlantic Mediterranean

Figure 5.3: Parts of two MERIS images, showing the lines chosen for simulation.
(a,c) Atlantic Ocean, 35◦26′20′′ W, 25◦6′52′′ S to 27◦26′28′′ W, 26◦46′5′′ S, 31 Decem-
ber 2003. (b,d) Mediterranean Sea, 13◦0′20′′ E, 35◦41′33′′ N to 22◦9′54′′ E, 33◦49′57′′

N, 31 July 2006. (a,b) show level 1 RGB images, (c,d) show level 2 images with the
medium and high glint pixels flagged yellow and orange respectively.

surfaces at each speed.

Data for the solar flux and the atmosphere model were taken from the libRadtran

library, with the default aerosol options and maritime aerosol in the boundary layer

(Mayer et al., 2010). The atmosphere profiles used were tropical for the Atlantic

image and midlatitude summer for the Mediterranean. Values of the ozone column

density were taken from the MERIS data.

For calculating the top of atmosphere radiance, the MERIS version of equation

(5.1) is

Lsensor = Lpath + TLglint + tLw (5.2)

where t is the diffuse atmospheric transmittance. Sky glint is incorporated into

the path term and whitecaps have been omitted; they will not be significant at the

wind speeds of the images used. In the simulation of Lsensor an estimate of the

direct irradiance transmittance was used instead of t, which will give a somewhat

lower value for the water-leaving term. Section 5.4.6 gives a brief comparison of the

MERIS and simulated atmosphere values.

MERIS level 2 data is reported as reflectance: the water-leaving reflectance is
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given by

ρw = πLw/Ed (5.3)

where Ed is the total downwelling irradiance. Simulated values for ρw were calculated

using equation (5.3) with the model estimates of Lw and Ed. The MERIS glint

reflectance was calculated as in section 2.4: the method of Cox and Munk (1954a)

was used to estimate the proportion of the sea surface reflecting light directly towards

the satellite, based on the statistics of the sea surface slope, and hence calculate

the glint reflectance, as in equation (2.32). The simulated glint reflectance was

calculated as for ρw (5.3); this means that the simulated reflectances do not depend

on the estimates of Latm or T .

Changes to MERIS level 1 to 2 processing were made in the summer of 2011.

Values of the glint and water-leaving reflectance changed as a result; reflectances for

both the second and third reprocessing are given in what follows, for comparison to

the simulation values. The effect of changing the parameters used in the calculation

of glint reflectance is explored in section 5.4.5.

PlanarRad requires values of the inherent optical properties (IOPs) in order to

model the sub-surface reflected light field. Possible values of the spectral absorption

coefficient a(λ) and scattering coefficient b(λ) were chosen using the model of Lee

et al. (1999), the bioptical models for Case 1 waters given by Mobley (1994) and the

data of Morel and Gentili (1993) and Morel and Maritorena (2001), for chlorophyll

levels of 0.03 mg m−3 to 0.1 mg m−3. Ten sets of a(λ) and b(λ) values were selected;

the model was run with each of these and the output compared to three alternative

data sources:

1. The model results and field data given by Morel and Maritorena (2001) for the

irradiance reflectance, defined as the ratio of upward to downward irradiance

just below the surface, R = E−u /E
−
d ;

2. The remote sensing reflectance rrs = L−u /E
−
d calculated from a and the backscat-

tering coefficient bb using the model of Lee et al. (1999);

3. The MERIS values for water-leaving reflectance, ρw.
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Table 5.1: Values of water absorption coefficient a(λ) and scattering coefficient b(λ)
used in the model presented in this section, for Case 1 deep water. The standard
values are used unless otherwise stated; the minimum and maximum values were used
to create Fig. 5.14

λ (nm) Standard IOPs (m−1) Extreme IOP values (m−1)
a b amin amax bmin bmax

412.69 0.0135 0.1448 0.010 0.052 0.023 0.180
442.56 0.0146 0.1283 0.011 0.050 0.020 0.170
489.88 0.0194 0.1078 0.017 0.048 0.017 0.150
509.82 0.0348 0.1007 0.032 0.055 0.016 0.140
559.69 0.0625 0.0860 0.058 0.080 0.014 0.120
619.60 0.2756 0.0725 0.250 0.280 0.013 0.110
664.57 0.4289 0.0643 0.400 0.440 0.012 0.100
680.82 0.4650 0.0618 0.420 0.470 0.011 0.100
708.33 0.7560 0.0578 0.700 1.000 0.011 0.090
753.37 3.0000 0.0522 2.900 3.200 0.010 0.090

The set of a, b values giving the best overall performance on these measures was

used as the standard model in the tests that follow; the values are shown in Table

5.1. To assess the sensitivity of the model, further tests were done with values of

a, b at the upper and lower limits of the ranges they might be expected to take, and

the results are presented in section 5.4.7. In all cases the Petzold average particle

phase function was used (Petzold 1972; Mobley 1994, section 3.8).

PlanarRad does not include a solution method for infinitely deep water, so the

bottom boundary condition was set to zero reflectance, thus giving no upwelling

radiance. This condition was set at 200 m: tests with deeper water showed that the

estimated radiance was at negligible levels by 200 m so, for the IOP values used, this

was deep enough to simulate the at-surface radiance of infinitely deep water.

Unless otherwise stated, the results shown below give the average of ray-tracing

on ten surface realisations and the minimum and maximum values for these ten.

Comparison was made with results using Cox-Munk slope-statistics surfaces: these

were created as described in Ch. 4 and are labelled “CM surfaces” when they occur

in the plots that follow. For each surface, the BRDF was the average of 5 ray-tracing

runs, each using 107 rays; this is the same as used in Ch. 4. To check that using

more rays did not substantially affect the output, the model was run for one surface

using 25 runs of 107 rays. For describing the direction of ingoing and outgoing light,
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the sphere was divided as in section 4.5.

Every tenth pixel along the line has been simulated, giving about 80 pixels in

both cases. It would be straightforward to extend this to every pixel along the

line or to a rectangular region of interest, but for the purposes of demonstrating

the simulation principles and results this sample is sufficient. (See Fig. 5.17 for a

sample plot showing that no features have been lost.)

The following sections present results from the standard model as described

above, and also investigations into the effect of using direct irradiance only (no sky

glint), using slope statistics surfaces, allowing single scattering only and increasing

the angular resolution of the ray-tracing model.

5.4.2 Results from the standard model

The level 1 radiances estimated by the model are presented in Fig. 5.4, together

with the MERIS values. The simulated results show the same general trend as

the MERIS values, but are consistently lower, with a greater difference at shorter

wavelengths.

The zenith and azimuth angles of the ingoing and outgoing model quads are

shown in the plots below the main figures; these refer to the quad centres (see also

Fig. 5.6). It can be seen that many of the sudden changes in model results occur

where there is a move from one quad to another. Note that the endcap, where the

viewing zenith is less than 5◦, includes all azimuth angles; the graph shows a straight

line linking the values of φv each side of the endcap. Other spatial discontinuities

in radiance occur where there is a change from one wind speed level to the next

as the wind varies across the image; surfaces and their corresponding BRDFs were

generated at 0.5 m s−1 intervals. There are a few spikes in the MERIS output: these

generally occur at pixels flagged as cloud. The model does not include cloud and

these features are not present in the simulated radiance. Vertical yellow and orange

lines on the plots show the boundaries of the medium and high glint regions. Medium

glint is a relatively narrow band of the whole glint pattern, illustrating how little of

the data can be reliably corrected for glint using the current algorithm.
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The simulated level 1 radiance values are dominated by the atmosphere model:

the atmospheric path radiance Latm is typically at least 8 times as big as the radiance

TLw for light coming from below the water surface at 412 nm, and higher still at

longer wavelengths. The values of the simulated glint and water-leaving reflectance

are less affected by the atmosphere model, since they do not rely on estimates of

Latm or T . Reflectance results are presented in Figs. 5.5 and 5.6.

Figure 5.5: Water leaving reflectance at five wavelengths estimated by the model
(solid lines) and reported for MERIS using the second and third reprocessing algo-
rithms (dashed and dotted lines) for the two image lines shown in Fig. 5.3. The model
values are the mean for 10 surfaces; the minimum and maximum values for the 10 are
also shown (short dashes).

As was seen with the radiance data (Fig. 5.4), the simulated water-leaving

reflectance ρw (Fig. 5.5) has the same general trend as the MERIS values, but

is consistently lower. Note that MERIS results are missing from the higher glint

regions, where the MERIS algorithm cannot estimate ρw. Fig. 5.5 includes MERIS

ρw values for both the second and third reprocessing. The difference between them

illustrates the effect of changing the atmospheric model: the MERIS values are

derived from the top-of-atmosphere radiance using an atmospheric correction and

so depend on the details of the correction algorithm. In both images the values from

the third reprocessing are typically 80–90% of the second reprocessing values.
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Figure 5.6: Glint reflectance at four wavelengths estimated by the model and sun
glint reflectance (wavelength independent) calculated as in the MERIS sun glint algo-
rithm, for the two image lines shown in Fig. 5.3. The model values are the mean for
10 surfaces. The ingoing and outgoing quads for each pixel and the wind speed used
to generate the surface BRDF are shown below the main plots. The vertical yellow
and orange lines show the edges of the MERIS medium and high glint regions. See
Fig. 5.7 for an enlarged version of the lower glint region.

In the case of the glint reflectance (Fig. 5.6), there is quite good agreement

between the values estimated by the model and by the MERIS second reprocessing

algorithm. The change to the Ebuchi and Kizu (2002) values for the mean square

slope in the third reprocessing makes the peak of the glint reflectance higher; in

the lower glint areas, where correction is more likely to be possible, the difference

is much smaller (Fig. 5.7). At the angular resolution used it is not possible to say

which of the MERIS versions has closer agreement to the model. The simulated

glint reflectance includes sky glint and so can be expected to be somewhat higher

than the MERIS version (see section 5.4.3).

The effect of the parameter values in slope-statistics models is discussed further

in section 5.4.5.

The glint reflectance has a relatively weak variation with wavelength, because

121



Figure 5.7: The lower glint regions of Fig. 5.6 enlarged.

the refractive index of sea water has been taken as 1.34 for all wavelengths (in fact

it varies between 1.34 and 1.35, see p. 34). The small differences in ρg for different

wavelengths are due to the difference in irradiance estimated by the atmosphere

model. The stronger wavelength dependence of ρw is caused by that of the IOPs

(Table 5.1).

Comparison between the 25-run and 5-run versions of the simulation showed

good agreement. The difference was less than 2% at all wavelengths for level 1

radiance and water-leaving reflectance. The discrepancies were greater for the glint

reflectance, but the average difference across all pixels was still a maximum of 2.2%

and the 25-run output fell within the range of outputs for 10 surfaces. (See section

Fig. 5.18 for more detail). These findings indicate that increasing the number of runs

would give greater confidence in the results but would not change the conclusions.

5.4.3 The effect of sky glint

The model glint reflectances were created for a clear sky scenario and include sky

glint; the MERIS values, calculated by adding contributions from different parts

of the surface using a slope-statistics model, do not. The effect of sky glint was
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assessed by running the model with the same direct irradiance, all in the solar quad,

and zero irradiance elsewhere (Fig. 5.8). Removal of the sky component improves

agreement between the model and MERIS estimates: this is clearest in Fig. 5.8(c,d)

which show the lower glint regions in greater detail.

Figure 5.8: Modelled glint reflectance at 443 nm for the standard, clear sky, model
and for direct irradiance only, with all illumination coming from the sun quad. (a)
values for the Atlantic image, (b) values for the Mediterranean image, (c,d) the lower
glint regions of (a,b) enlarged. Results are the mean for 10 surfaces; the minimum and
maximum values are shown as dotted and dashed lines respectively. The black lines
show the sun glint reflectance calculated using the MERIS algorithm (2nd and 3rd
reprocessing) and the vertical yellow and orange lines show the edges of the MERIS
medium and high glint regions.

5.4.4 Results using a slope-statistics sea surface

The model was also run using surfaces created by the slope-statistics method, as

in Ch. 4. This gives higher glint reflectance in the peak glint region, but lower
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reflectance near the edge of the glint region (Fig. 5.9, CM model). This is in line

with the results presented in section 4.6, which showed the elevation-based surfaces

giving reduced forward scattering and enhanced sideways scattering (Figs. 4.8 and

4.10). For pixels near the glint peak the sun and satellite are more directly in line, so

the signal is dominated by forward scattering, while sideways scattering influences

the edge of the glint pattern.

The model results in Fig. 5.9 include sky glint; results for direct irradiance only

were also calculated for the slope statistics surfaces, using the method described in

section 5.4.3, and these are shown in Fig. 5.10. For clarity, only the lower glint

regions are included; in the rest of the range the direct irradiance results fall below

those for a clear sky, as in Fig. 5.8. The results for CM surfaces without sky

glint appear to fall somewhat below the MERIS values; although both are based on

slope-statistics methods they use different assumptions and parameter values. The

variation among slope-statistics methods is investigated in the next section.

Figure 5.9: Glint reflectance at 443 nm estimated by the model using the elevation-
based sea surfaces (standard model, blue) and slope-statistics surfaces (CM model,
red). The solid lines show the mean for 10 surfaces; the minimum and maximum are
also shown. The other lines show the sun glint reflectance calculated using the MERIS
algorithm and the edges of the medium and high glint regions.

Using the slope-statistics surfaces did not affect the water-leaving reflectance

(see also Fig. 5.19).
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Figure 5.10: Glint reflectance at 443 nm estimated using the standard, elevation-
based, sea surfaces and slope-statistics surfaces, with clear sky illumination and with
direct irradiance only. The values shown are the mean for 10 surfaces. Only the lower
glint regions are included.

5.4.5 The effect of changing the parameters used to calcu-

late the glint reflectance

The MERIS glint correction algorithm makes an assessment of the glint reflectance

using the slope PDF of the sea surface (see 2.4.3 and equation (2.13)). The effect

of changing the parameters used in this calculation was investigated by using six

possible variants:

• MERIS second reprocessing: this used the full Gram-Charlier expansion of the

pdf, but with an error in one term. The original Cox-Munk values were used

for the mean square slopes and all the parameters in the expansion.

• MERIS third reprocessing: the error in the pdf was corrected and the mean

square slope values changed to those of Ebuchi and Kizu (2002).

• Method for MERIS third reprocessing with the Cox-Munk mean square slopes.

• Method for MERIS third reprocessing using the alternative PDF parameters

suggested by Bréon and Henriot (2006) (section 2.4.1).
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• The SeaWiFS method: the full PDF expansion was replaced by a Gaussian,

i.e. only the first term of (2.13); the effect of wind direction was omitted.

• The values used to calculate the CM surfaces in Ch. 4 and section 5.4.4: a

Gaussian PDF was used and the mean square slopes were given by (4.10). The

same values are used for the air-water interface model in Hydrolight (Mobley

and Sundman, 2008).

Figure 5.11: Glint reflectance (wavelength-independent) for the two lines in Fig.
5.3, calculated by the MERIS method using various parameter values. See the text
for details of the different methods. The value estimated by the current model using
elevation-based surfaces is also shown.

The Ebuchi and Kizu values gave a much higher peak than any of the others

(Fig. 5.11), but this may not be of practical importance since glint correction is

unlikely to be possible here. The results for the Mediterranean image (Fig. 5.11(b))

show that the change from second to third reprocessing can give a substantial change

in the estimate for ρg even where the glint is less strong. The Bréon and Henriot

values gave very similar results to the original Cox-Munk values, which is consistent

with Fig. 2.3 and with the results of Zhang and Wang (2010), who also found that

Ebuchi and Kizu’s values gave the lowest correlation to measurement in their study

of MODIS images. Bréon and Henriot’s values are based a larger data set than that
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of Ebuchi and Kizu, and with greater global coverage (section 2.4.1), so may be

more robust.

None of the variants tested gave a good match to the reflectance estimated

using elevation-based surfaces, which had a lower peak but was higher than at least

some of the calculated values in the lower glint region. This is consistent with the

comparison to the results from slope-statistics surfaces, presented in section 5.4.4.

The calculation with the parameter values used for the CM surfaces give a con-

sistently higher glint reflectance than all the other estimates, except for the Ebuchi

and Kizu peak. This reflectance is also higher than that estimated by the model

using CM surfaces with clear sky or direct illumination (Fig 5.12). Although the

calculation and ray-tracing methods use the same assumptions about the surface

and the same slope statistics, their implementation can give different estimates for

the glint reflectance.

Figure 5.12: Glint reflectance at 443 nm for CM surfaces, estimated by the ray-
tracing model and using the MERIS method (section 2.4.3). The model simulations
have been carried out for two different illumination conditions, as in section 5.4.3.

5.4.6 Comparison of the atmosphere models

A comparison was made between the atmosphere values estimated by libRadtran

and those used in MERIS data processing (3rd reprocessing). The following MERIS
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quantities were calculated using ODESA, the Optical Data Processor of the Euro-

pean Space Agency (ESA, 2011):

1. The downwelling irradiance at the surface:

Ed = Fo cos θs tdown (5.4)

Fo, the extra-terrestrial solar flux, is provided with MERIS pixel data; tdown,

the diffuse downward transmittance of the atmosphere, is given by ODESA

except in very high glint areas.

2. The direct transmittance from the surface to the satellite:

T =
top of atmosphere glint reflectance

surface glint reflectance
(5.5)

Both surface and top of atmosphere glint reflectance are returned by ODESA,

except in the regions of low and very high glint.

3. The path reflectance: ODESA returns the Rayleigh and aerosol reflectances.

For comparison, the path radiance Latm estimated by libRadtran was converted

to reflectance using the standard MERIS formula:

ρatm =
πLatm

Fo cos θs

(5.6)

The MERIS and libRadtran estimates were compared for four pixels from each

image, chosen to represent different levels of sun glint. (Fig. 5.13). There is rea-

sonably good agreement between the two sets of values, with the differences being

largest for T , the surface-satellite transmittance. The only simulated quantity af-

fected by this is the top of atmosphere glint reflectance; in the results presented

here the surface values for glint reflectance have been compared, avoiding the need

to consider the atmosphere in either the model or MERIS values. The difference

in the downwelling irradiance is greatest in the high glint region, where MERIS

algorithms are unreliable. For all pixels the libRadtran values for Ed show a peak
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Figure 5.13: Atmosphere-dependent quantities estimated by libRadtran (solid lines)
and by the MERIS algorithm (dashed lines) plotted against wavelength for four pixels
from each image. (a,b) downwelling irradiance just above the surface, (c,d) direct
atmospheric transmittance T from surface to satellite, (e,f) top of atmosphere re-
flectance for in-atmosphere paths; the MERIS values are split into Rayleigh (dashed
lines) and aerosol (dash-dot) contributions. The pixels used are, for low glint: 200 for
the Atlantic image, 203 for the Mediterranean; medium glint: 450, 473; high glint:
720, 733; peak glint: 900, 853. MERIS data is unavailable at the low glint pixel for T
and at the peak glint pixel for Ed and ρaerosol, also for T at longer wavelengths.
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at 490 nm that does not appear in the MERIS data; other wavelengths show better

agreement.

It is worth noting the very high aerosol reflectance returned by the MERIS

algorithm in the high glint region (Fig. 5.13(e,f)). This illustrates the way that sun

glint can confound aerosol assessment, so making the aerosol assessment unreliable

in the glint zone.

5.4.7 The effect of changing IOP values

To assess the sensitivity of the model to the IOP values, the absorption and scatter-

ing coefficients a(λ) and b(λ) were changed to their largest and smallest plausible

values. These values were selected as described in section 5.4.1 and are shown in

table 5.1. The model was run using four sets of IOPs from these extreme values:

Set a(λ) b(λ)

1 min min

2 min max

3 max min

4 max max

The values for water-leaving reflectance at 412 nm, 510 nm and 665 nm are shown

in Fig. 5.14. The model’s underestimation of ρw compared to MERIS seems to be ro-

bust for changes in a, b: only with very high backscattering and low absorption does

the output approximate the MERIS values. The phase function was not changed in

this investigation, but it is possible that an alternative might lead to results more

consistent with MERIS; Mobley et al. (2002) tried numerical experiments using six

different phase functions and found that the choice of phase function, in particular

the backscatter fraction, was important for achieving agreement between modelled

and observational data.

The glint reflectance depends only on the reflected light so is unaffected by the

choice of IOPs.
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Figure 5.14: Water-leaving reflectance calculated using five sets of IOPs, for wave-
lengths 412, 512 and 665 nm. Calculations are for one surface only. The values re-
ported by MERIS are also shown. See table 5.1 for the values of absorption coefficient
a and scattering coefficient b used in the five cases.
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5.4.8 The effect of multiple scattering at the surface

The effect of multiple scattering from different parts of the water surface was checked

by repeating the ray-tracing at the surfaces, but allowing each ray to interact with

the surface once only. In these simulations the wind speed was approximated as

5 m s−1 at all pixels for both the standard and single-scattering model, to save on

processing time, and only five surfaces were used. The results are shown in Fig. 5.15;

they show very little difference from the standard model. This supports the findings

of other authors (Nakajima and Tanaka, 1983; Jin et al., 2006) that multiple surface

interactions have only a small effect on results from radiative transfer models (see

also section 3.3). The current case study uses relatively light winds and small solar

zenith angles: Preisendorfer and Mobley (1986) found that multiple scattering was

rare in this situation. It is possible that at greater wind speeds multiple scattering

might be more important.

5.4.9 The effect of angular resolution

As a final test, the angular resolution of the ray-tracing model was increased. In

PlanarRad the minimum angular size is one quad; for the results presented above

this is 15◦ by 10◦ so the the modelled sun is much larger than the real sun disc

(diameter 0.5◦). To investigate the effect of reducing the sun size the model was run

at higher resolution, with each quad half the size in both directions (7.5◦ by 5◦, and

the endcaps reduced to 2.5◦). Results are shown in Fig. 5.16.

Increasing the resolution smooths some of the variation in the simulated glint

reflectance, but does not change the overall size or distribution (Fig. 5.16 (a,b)).

The high-resolution model gives consistently lower values for the water-leaving re-

flectance, though the differences is small compared to that between either model

and the MERIS values (Fig. 5.16 (c,d)). The relatively small effect of increasing the

angular resolution beyond the standard level has also been reported for the similar

model Hydrolight (Mobley, 2002b).

A further preliminary trial was carried out for eight pixels from the Atlantic

image at 443 nm, using a quad size of 1◦ zenith between 25◦ and 35◦, 5◦ elsewhere,
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Figure 5.15: Glint reflectance (a,b) and water-leaving reflectance (c,d) at 443 nm
estimated by the model using multiple surface scattering (the standard model) and
single scattering. The solid red and blue lines shown the mean for 5 surfaces; the
dashed and dotted lines show the minimum and maximum values. (a,c) are for the
Atlantic image, (b,d) for the Mediterranean. The wind speed was taken as 5 m s−1 for
all pixels.

and 2◦ azimuth. This limited set gave very similar glint reflectance to the values in

Fig. 5.16.

There is no indication from these tests that reducing the size of the modelled

sun has an effect on the size or location of the glint peak. However, higher angular

resolution does smooth the output and would be important for a model aimed at

glint correction – the discontinuities in the output from the standard model used

here would prevent it from making accurate estimates at all pixels.
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Figure 5.16: Glint reflectance (a,b) and water-leaving reflectance (c,d) at 443 nm
estimated using the standard and high angular resolution models. The solid red and
blue lines shown the mean for 5 surfaces; the dotted lines show the minimum and
maximum values. (a,c) are for the Atlantic image, (b,d) for the Mediterranean. The
wind speed was taken as 5 m s−1 for all pixels.

5.4.10 Discussion and conclusions

The model was able to make simulations of lines from two MERIS images that

reproduce the shape and size of the observed glint pattern. The model estimates

of top of atmosphere radiance and of water-leaving reflectance are similar to, but

consistently below, the MERIS values. The findings for the two images were similar

in spite of the difference in latitude, proximity to land, and reported aerosol quantity.

Estimates of glint reflectance made using elevation-based surfaces are different

from those obtained by ray-tracing using the slope-statistics method, with higher
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reflectance at the edge of the glint region and lower at the peak. A similar difference

is seen in comparison with the glint reflectance calculated using the MERIS method,

which is also based on slope statistics. The calculated values have a sharper rise and

higher peak; this pattern was consistent for calculations with a range of parameter

values.

The MERIS-model differences in radiance and water-leaving reflectance may be

partly due to differences in the atmospheric models, for example under-estimation

of the atmospheric transmittance in the simulation. The in-water modelling may

also play a part: the discrepancy in water-leaving reflectance might be reduced by

using a different phase function, so as to give more backscattering; achieving this by

changing other IOPs required very low absorption and high back-scatter. Raman

scattering in the water could also account for some of the difference in ρw: it is

not included in PlanarRad, and could contribute an extra 10-20% to the upwelling

radiance (Gordon, 1999). However, Raman scattering should make a greater contri-

bution at long wavelengths, and the MERIS-model discrepancy is greatest at short

wavelengths.

For all the quantities tested, variation between results from different surface

realisations was low compared to variation between the model and MERIS values, or

between wavelengths. This indicates that differences in reflectance due to variation

in the sea surface shape are much smaller than those due to other modelled processes.

The model output was not substantially changed by restricting the ray-tracing

to single scattering or by doubling the angular resolution of the model.

The results presented here suggest that elevation-dependent processes could af-

fect the level of sun glint, and that an elevation-based model could make different

estimates of sun glint reflectance from the slope-statistics methods currently used.

Using the new sea surface realisations for radiative transfer modelling at higher

angular resolution could help to test new glint calculation methods, or to provide

estimates of glint reflectance for direct use in glint correction. The use of elevation-

based interface models for glint correction is worth further investigation.
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5.4.11 Additional Figures

These figures provide further evidence to back up points made in section 5.4.

Fig. 5.17 demonstrates that no features have been lost in running the model for

every 10 pixels rather than for all pixels.

Figure 5.17: Glint reflectance at 443 nm for the two lines shown in Fig. 5.3, calcu-
lated every 10 pixels (blue) and every pixel (red) using the same surface. The blue
line has been offset vertically so that both lines can be seen clearly, by 0.01 for the
Atlantic image and 0.008 for the Mediterranean image.

Fig. 5.18 compares reflectances calculated using 5 and 25 ray-tracing runs on a

single surface with the average, minimum and maximum for 10 surfaces.

Fig. 5.19 shows the water-leaving reflectance estimated using the standard model

and slope-statistics surfaces for one wavelength - the change of surface does not

significantly affect ρw.
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Figure 5.18: Glint and water-leaving reflectance at 443 nm plotted along the two
lines shown in Fig. 5.3. The lines show values calculated using a single surface
ray-traced 5 and 25 times, and the average, minimum and maximum for 10 surfaces
ray-traced 5 times each.
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Figure 5.19: Water-leaving reflectance at 443 nm estimated by the model using the
elevation-based sea surfaces (standard model, blue) and the slope-statistics method
(CM model, red). The solid lines show the mean for 10 surfaces; the minimum and
maximum are also shown.

138



5.5 Case study 2: CASI image with cross-track

glint

The second case study investigates whether the model is able to create a higher

resolution simulation featuring cross-track glint, as seen in airborne imaging. This

simulation aimed to reproduce the conditions of the image of Plymouth Sound used

in section 2.5, which was made using a Compact Airborne Spectrographic Imager

(CASI, section 0.2) instrument on 13 June 2003 in close to clear sky conditions (9%

cloud).

5.5.1 Details of the simulation method

The CASI-2 imager has a viewing angle of 54◦, with 512 pixels across the track

(NERC Airborne Research and Survey Facility, 2011). For the image simulated the

flight height was 1600 m, giving a track width of 1630 m and a pixel size of 3.2 m.

As discussed in section 4.3, the widest sea surface realisation that could be created

without losing features at the short end of the spectrum was 200 m. To simulate

the full width of the track a surface of side 198 m was created and divided into 3 m

sections for ray-tracing. This surface was repeated 8 times across the track, giving

approximately the same track width and pixel size as the CASI image. The Fourier

method of surface creation means that the boundaries are periodic and so the edges

of adjacent realisations match. It would be possible to use 8 different surfaces to

simulate the track, which would avoid false repetition of features, but then attention

would need to be paid to the boundaries and ray-tracing might well be unreliable.

Each 3 m surface section was ray-traced by 106 rays. Only one surface realisation

was used, but the results were averaged over eight 3 m lengths in the along-track

direction, each based on a different part of the surface.

The sun position and wind speed and direction were chosen to match those of the

original image: sun zenith 27◦, sun azimuth 185◦, wind 3 m s−1 at azimuth 35◦. The

viewing angle was set by the flight heading of the aircraft (146◦), with the sensor

viewing at 90◦ each side of this direction. The viewing zenith angle varied across the
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track, from 0◦ at the centre to 27◦ at the edges (Fig. 5.20). 13 wavelengths were used:

410.0, 442.5, 490.1, 509.8, 529.6, 561.7, 573.0, 591.0, 622.4, 650.9, 671.9, 706.3 and

781.0 nm. These match the centres of the original CASI wavebands: 404.3-415.8,

437.7-447.3, 484.3-495.9, 503.1-516.6, 523.8-535.4, 555.8-567.5, 567.2-578.9, 584.2-

597.8, 616.5-628.2, 645.1-656.8, 666.1-677.8, 698.5-714.1 and 773.2-788.9 nm. The

original CASI image also had a band at 861.5-882.9 nm, but this was not included

as its wavelength is too long to be accurately handled by libRadtran in spectrally

resolved mode.

1630 m, 
512 pixels

1 surface
realisation, 
198 m wide

54o

CASI

flight direction

Sun 
position

wind 
direction

Figure 5.20: Diagram to show the set-up used for the CASI simulation.

The IOPs were as used for the MERIS simulation (Table 5.1, standard set,

Petzold phase function), though it should be noted that these were selected for open

water and may not be as suitable for this coastal scene. The water was assumed to

be deep, with zero reflectance at the sea bed; again, this will not be accurate for all

parts of the image simulated. However, inspection of Fig. 2.6(a)(i) suggests that

the size of the glint reflectance is much larger than that from subsurface features –
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the glint is the more obvious feature – and in any case the location and size of the

glint pattern is independent of the below-water signal.

The downwelling irradiance was measured by a sensor on the aircraft during the

CASI flight. These irradiance values were used for the simulation, after adjusting

to surface level using libRadtran: the measured value was multiplied by the ratio

of the libRadtran estimates of irradiance at the surface and at the aircraft height.

The libRadtran estimates were also used to split the total irradiance into direct and

diffuse components. The CASI data did not have atmospheric correction applied,

so the radiance at the aircraft height was simulated as described in section 5.3.

The path radiance Latm was estimated at the aircraft height for each viewing angle.

The surface-sensor transmittance was estimated by placing a known source above

the atmosphere at the viewing zenith angle and finding the direct irradiance at the

aircraft height and the surface; the ratio of these irradiances gave an estimate of

T . An arbitrary ozone level of 300 Dobson units was used for all libRadtran runs;

increasing or decreasing this by 40 units changed the Ed and Latm values by less

than 1%. The aerosol values used for the libRadtran estimates were the same as

used for the MERIS image, though they may not be as suitable for a site close to

land.

5.5.2 Results

The model successfully simulated the size and position of the sun glint region for the

shorter and longer wavelengths (Fig. 5.21). At 562 nm the simulation gave a lower

value than that measured, with the difference largest in the low glint region; this

difference is also seen at other mid-range wavelengths (Fig. 5.22(a)). The simulated

radiances are also lower than the measured values for long wavelengths in the low

glint zone.

Figs. 5.21 and 5.22(a) show the radiance at the sensor, i.e. at the height of the

aircraft. Simulated values at the surface confirm that the modelled water-leaving

reflectance is close to zero for long wavelengths (Figs. 5.22(b) and 5.23(c)). They

also show that the reflected radiance has a relatively weak dependence on wavelength
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(Fig. 5.23(b)); this is as expected because a wavelength-independent refractive index

was used.

Figure 5.21: Radiance along a line from a CASI image as in Fig. 2.6; (a) simu-
lated radiance at the sensor for four wavelengths, (b) measured radiance. Simulated
radiances are the average of 8 adjacent lines on the surface, each 3 m wide.

Figure 5.22: (a) Wavelength dependence of measured and simulated radiance at the
CASI height for two pixels from the line in Fig. 5.21. The pixel at −500 m is in the
peak glint zone, the pixel at 600 m is in the low glint zone. (b) Simulated radiance for
light transmitted through the surface only and measured just above the surface for
these two pixels.

As with the MERIS simulation (section 5.4), the transition between one output

quad and the next gave noticeable discontinuities in the model output. In this case

it is only the viewing zenith angle that varies along the line, with one change in

viewing azimuth at the centre of the image. Fig 5.23 shows the changes in viewing
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zenith quad as vertical lines, and it can be seen that these coincide with the sudden

changes in modelled radiance.

Figure 5.23: Radiance just above the sea surface for the simulation in Fig. 5.21. (a)
reflected and transmitted light, (b) light reflected from the surface only, (c) light trans-
mitted through the surface only. The grey vertical lines show the quad boundaries.

5.5.3 Discussion and conclusions

Some sources of inaccuracy in the simulated radiances have already been noted:

the values of aerosol, IOPs and water depth were all suited to open ocean rather

than coastal waters. These could be contributing to the under-prediction of ra-

diance compared to measured values at mid-wavelengths across the image, if the

spectral variation of IOPs and aerosol values is inappropriate for the image condi-

tions. The underestimation of reflectance at green wavelengths, compared to the

measured data, is consistent with the presence of sediment in the water of Ply-

mouth Sound. Sediment load and/or shallow water depth may explain the non-zero

water-leaving radiance in the near infrared; neither was present in the simulation.

All of these possibilities could be investigated by re-running the simulation with

alternative values.

A more fundamental issue with the simulation lies with the nature of the in-water

radiative transfer model. Only light from within the water column directly below

a given surface section will contribute to water-leaving radiance estimated for that

pixel: light scattered in from neighbouring parts of the water will be ignored (Fig.
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5.2). The size of this effect is currently unknown, but it could be investigated by

using the surface realisation with alternative radiative transfer models, or by reading

the BRDF for a surface section in different illumination conditions. Some evidence

that it is not too large an effect comes from the size of the pixel-pixel variation

seen in Fig. 5.21. In the measured data this is caused by differences in slope from

one part of the sea surface to another: this can make quite a large change in the

amount of light reaching the sensor, especially in the area of high glint. This effect

is also present in the simulation, but here the variation could also be an artefact

caused by the missing scattered light. The fact that the noise is not much higher

in the simulated data than in the measurements suggests that this inaccuracy has

a smaller effect than the slope differences.

The need to carry out Monte Carlo ray-tracing on each part of the surface sepa-

rately made this simulation quite time-consuming. Once the BRDF files have been

made they could be saved and re-used in other simulations at the same wind speed,

which would reduce the processing time substantially. Reading the BRDF directly

rather than modelling the in-water light transfer could speed up the simulation

even more, as long as only the reflected component of the radiance is needed. For

a practical algorithm, the best approach would be to use the model to develop a

parameterised method that could run much faster.

The simulated value of the water-leaving radiance can be compared to the esti-

mates from various glint-correction techniques – for ease of comparison, parts (ii) and

(iii) of Fig. 2.6, showing glint corrected data, have been copied as Fig. 5.24. Compare

the cross-track variation in radiance shown in Fig. 5.23(c) with Fig. 5.24(b-e)(ii),

and the wavelength dependence shown in Fig. 5.22(b) with Fig. 5.24(b-e)(iii). The

radiance levels cannot be compared directly as the glint-corrected radiances in Fig.

5.24 do not include an atmospheric correction; however, the values from the Lyzenga

correction method, Fig. 5.24(c)(ii), are considerably higher than the model estimate

at all points, and it is clear that the Kutser method, Fig. 5.24(e)(ii), has not removed

all the sun glint. The Hedley and Lyzenga methods, Figs. 5.24(b)(iii) and (c)(iii)

give the best match to the model’s estimate of the wavelength dependence for glint
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(a)(ii) (b)(ii) (c)(ii) (d)(ii) (e)(ii)

(a)(iii) (b)(iii) (c)(iii) (d)(iii) (e)(iii)

Figure 5.24: Repeat of parts (ii) and (iii) of Fig. 2.6, for ease of comparison with
Figs. 5.23(c) and 5.22(b). (a) shows the raw data, (b) the results of correction using
the Hedley method, (c) the Lyzenga method, (d) the Goodman method and (e) the
Kutser method. In each case (ii) shows radiance plotted against position on the image
line, (iii) shows radiance plotted against wavelength for two pixels. See the original
version for the full caption and section 2.5 for details of the correction methods.

and non-glint pixels.

This simulation has demonstrated that the model can predict the size and posi-

tion of cross-track glint. There are some provisos about accuracy in this case, but

once these have been addressed this type of modelling has the potential to be used

for glint correction in airborne imagery. An implementation of the elevation-based

surfaces in a model with higher angular resolution would avoid the discontinuities

in estimated radiance seen here.

Some comparison of glint correction methods was possible in this simulation, but

the lack of atmospheric correction in the original image meant a fully quantitative

assessment was not possible. The next section shows how a model simulation can

be used to make a direct comparison between the correction techniques.
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5.6 Case study 3: a nadir-viewed image with wave-

top glint

The last in this set of simulations models an ocean scene as viewed by a high-

resolution nadir-viewing satellite. In this case the aim was to simulate wave-top

glint, as seen in Fig. 1.1(b), and to demonstrate how the simulation can be used to

test glint-correction methods. The location of wave-top glint depends on the shape

of an individual sea surface, but the model can only produce surface shapes with the

required statistics of elevation and slope rather than particular shapes. Therefore

this is not a simulation of an actual image, but of the type of image that might be

obtained for a given set of conditions.

For this case study, the spatial resolution and wavelengths used were chosen to

match those of IKONOS (section 0.2), which facilitates comparison to Figs. 1.1(b)

and 2.7. However, the wave patterns seen in those images are determined by the

changing depth of the sea floor at the edge of a coral reef; this sea will have different

slope and elevation statistics from a wind sea. The simulation here is for open sea

conditions, with wave patterns determined by the wind, and will not have the same

well-defined parallel wave-fronts.

The wind speed used was 10 m s−1, greater than in the previous simulations, so

as to generate higher waves and steeper slopes. At this speed whitecaps and foam

occur on real seas, but the simulation does not include them. The sea depth was

taken to be shallower than before, since the high resolution imagery where wave-top

glint is a concern is likely to be of coastal and reef areas.

5.6.1 Details of the simulation method

Conditions were set as might be found for a region of clear ocean water offshore from

a coral island. The solar zenith angle was taken as 20◦, with the sun in the upwind di-

rection. The water depth was 20 m with a sandy bottom; the wavelength-dependent

reflectance for the sand was set using values measured in Palau, Micronesia (Hedley

et al., 2004). The absorption and scattering coefficients were based on those used
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for the MERIS simulation (Table 5.1, standard set), adjusted for wavelength. These

values are suitable for case 1 waters and might need to be adjusted to make a more

accurate simulation of coastal conditions. In the absence of other information the

Petzold phase function (Petzold, 1972) was used, as before. However, it is recognised

that this may not be the most appropriate choice for coral reefs, where particles are

typically non-spherical and dominated by calcium carbonate (Hedley, 2011a).

The wavelengths of light used in the model were chosen to match the band cen-

tres for IKONOS: 480, 551, 665 and 850 nm. The surface downwelling irradiance

was taken to be approximately the same as for the Atlantic image in the MERIS

simulation (section 5.4), adjusted for wavelength; the values used for the four wave-

lengths were 1600, 1390, 1200 and 965 mW m−2 nm−1. No atmospheric correction

was made.

A 200 m square surface realisation was created using the method described in

Ch. 4 for a wind speed of 10 m s−1 and very long fetch. The surface was divided

into sections 4 m square to simulate IKONOS multispectral pixels and each was

ray-traced by 106 rays. For handling angles, the sphere was divided as in the work

described above and in section 4.5. All results presented are for light travelling

upwards in the top endcap of the sphere, i.e. as seen by a nadir-viewing instrument

with a field of view no more than 10◦; for IKONOS the field of view is less than 1◦.

The model output was the radiance just above the surface. Reflected and trans-

mitted light are tracked separately, so the model can also estimate the water-leaving

radiance. This means it can be used to test glint correction methods: the simulated

radiance above the surface is adjusted using the correction method and the result

compared to the model estimate of water-leaving radiance. Three glint correction

methods were tested in this way, all of which are based on the assumption that very

little infrared light will emerge from the water, and so the near infrared (NIR) band

carries information about the amount of light reflected from the surface. Details of

the methods are given in section 2.5; a brief summary is given here:

• The method of Hedley et al. (2005) uses a deep water region of interest to

establish the relationships between radiance at the different wavebands and to
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find the minimum level of NIR radiance. All NIR radiance above the minimum

level is assumed to be due to reflected light and a corresponding amount is

subtracted from all the wavebands at each pixel.

• The method of Lyzenga et al. (2006) is similar to the Hedley method, but

takes the mean NIR level as a baseline.

• The method of Goodman et al. (2008) works on each pixel separately, sub-

tracting the NIR radiance and adding an offset calculated from the radiance

at the two longest bands.

For the deep water image simulated here, the region of interest for the Hedley

and Lyzenga methods was taken to be the whole image. The parameters for the

Goodman method were given the values in their original paper, although these were

developed for a different sensor.

5.6.2 Results

The variation of the above-surface and reflected radiance show clear patterns similar

to those of wave peaks on an ocean surface, but these patterns are not seen in the

water-leaving radiance (Fig. 5.25).

The impression of reflection from waves is backed up by inspection of the varia-

tion of reflectance along one image line (Fig. 5.26; compare this to Fig. 1.1(b)(ii)).

The value for water-leaving radiance in Fig. 5.26(c) is shown again in Fig. 5.27,

along with estimates obtained by applying sun glint correction to the simulated

above-water radiance. The correction method of Hedley et al. (2005) gives a good

match to the model estimate at 480 and 551 nm and values slightly higher than

the model at 665 nm. The method of Lyzenga et al. (2006) reduces the effect of

waves, but gives higher radiance values than the model at all wavelengths; that of

Goodman et al. (2008) gives much noisier data. These observations also apply when

the comparison is extended to all pixels (Fig. 5.28).
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(a) radiance just above surface L (mW m-2 sr-1 nm-1)

(c) water-leaving radiance

(b) reflected radiance

y-pixel number

y-pixel number

y-pixel number

x-pixel number

Figure 5.25: Simulated upwelling radiance at 480 nm just above the water surface
for an IKONOS-type image, plotted as a map over 50 × 29 pixels. (a) all light (b)
reflected light only (c) light transmitted from the water only. Image size is 200 m by
116 m, pixel width 4 m, viewing angle directly downwards, solar zenith angle 20◦, wind
speed 10 m s−1. The sun lies to the left of the image (azimuth 180◦ from the x -axis)
and the wind is blowing from left to right.

Figure 5.26: Simulated upwelling radiance just above the water surface at four
wavelengths for one line, y-pixel 5, from the image in Fig. 5.25. (a) all light, reflected
and transmitted, (b) reflected light only, (c) light transmitted from the water only.
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Figure 5.27: Water-leaving radiance at four wavelengths for the line in Fig. 5.26.
(a) model estimate, (b-d) values obtained using the sun glint correction methods of
(b) Hedley et al. (2005) (c) Lyzenga et al. (2006) (d) Goodman et al. (2008).

Figure 5.28: Scatterplots comparing the model estimate of water-leaving radiance
at three wavelengths to that obtained using the glint correction method of Hedley
et al. (2005) (blue +), Lyzenga et al. (2006) (green ×) and Goodman et al. (2008)
(red square). In each plot the black line shows x = y. These scatterplots include all
the pixels shown in Fig. 5.25. The values for the Lyzenga method at 665 nm are too
large to be shown on the plot.
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Although most of the wave-top glint appears to have been removed by the Hedley

and Lyzenga methods, calculation of the difference between the corrected radiance

and the water-leaving radiance shows some residual wave effect (Fig. 5.29).

(a) LHedley - Lw L (mW m-2 sr-1 nm-1)

(c) LGoodman - Lw

y-pixel number

y-pixel number

y-pixel number

x-pixel number

(b) LLyzenga - Lw

Figure 5.29: The difference between the glint-corrected radiance and the simulated
water-leaving radiance just above the surface, plotted as a map over 50 × 29 pixels.
Correction was done using the method of (a) Hedley et al. (2005) (b) Lyzenga et al.
(2006) (c) Goodman et al. (2008). Note that the radiance scale is different for each
plot.

5.6.3 Discussion and conclusions

Reflection from waves is apparent in the simulation results, especially at 480 nm.

The estimate of radiance at 551 nm appears to be rather low compared to that at

480 nm; this could be due to using too low a value for Ed at this wavelength, or to

inaccuracy in the IOP estimates.

Some variation occurs in the simulated water-leaving radiance (Fig. 5.26(c)),
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even though the water properties are uniform across the image. This is in part a

real effect caused by the varying slope of the water surface affecting the transmission

of light through the surface when rays enter and leave the water. However, model

artefacts may also contribute to the variation, including the omission of below-water

scattering from adjacent pixels and effects caused by the limited angular resolution.

Data from new instruments being developed to measure the variation of the below-

surface light field (e.g. Lewis et al. 2011; Darecki et al. 2011) might in future enable

a comparison of modelled to empirical data.

The three glint correction methods gave clearly different results when applied to

the simulated data, with the Hedley method giving the closest match to the model.

This is as expected for this deep-water simulation, where the water-leaving radiance

in the near-infrared can be expected to be close to zero: the Hedley correction

method reduces the NIR level to its minimum value for all pixels. The results

presented here indicate the importance of using a glint-free region of interest to find

the relationships between wavebands for the Lyzenga method – the brighter pixels

in the current image pushed the mean NIR value too high. This method is perhaps

better suited to correcting cross-track glint, as in section 5.5, where it would be easier

to select a glint-free region. The noise in the results from the Goodman correction is

in line with the results for real images in 2.5, but it should be remembered that this

method was developed for AVIRIS data and might be improved by better choice

of parameters: one possible use for this type of simulation would be to choose the

optimum parameter values. Simulations might also be used to investigate in what

circumstances, if any, a pixel-by-pixel method could give better results than one

relying on a region of interest.

The reason for the residual wave patterns found in the corrected radiance (Fig.

5.29) is currently unclear. As with the variation in water-leaving radiance, model

inaccuracies caused by coarse angular resolution and the omission of scattering from

adjacent pixels could be contributing. Investigation of the size of these effects could

indicate whether the wave residue is purely an artefact of the model or whether it

might indicate a limitation of the correction methods
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At the wind speed used here, foam will have an effect on the amount and distri-

bution of reflected light. Moore et al. (2000) and Koepke (1984) estimate that foam

contributes 0.001–0.002 to the reflectance at visible wavelengths for a wind speed of

10 m s−1. This would correspond to a radiance of about 0.4–1 mW m−2 nm−1 sr−1,

so would make a small but not negligible difference to the values estimated in this

simulation.

With a depth of 20 m, sea surface waves longer than about 70 m will be affected

by the sea bottom (section 3.2.1). This only applies to the longest waves in a

realisation 200 m wide, but it should be noted that the amplitude of these longer

waves could be increased by interaction with the sea bed. The modelled surface

could be considered as “floating” on the longer swell, so that its angle changes as

the long wave passes; the simulation represents one moment in time of this motion.

As for Case Study 2, processing time was a limiting factor in creating the sim-

ulation, but look-up tables and parameterisations could be used to increase the

speed.

This case study has demonstrated that wave-top glint can be simulated and

that the model can be used to test and compare glint correction methods. Time

constraints meant that only one simulation has been carried out, and to be confident

of the findings the simulation needs to be repeated with the same settings but other

sea surface realisations, and for a range of other conditions. The effect of water

depth and foam should also be investigated and, as for the CASI image, there is

uncertainty about the effect of ignoring light scattered from one region to another in

the water column. For practical use the speed of the model in ray-tracing individual

pixels would need to be increased.

5.7 Summary

Results from various applications of the elevation-based surfaces have been pre-

sented, demonstrating how they could be used to give information not available

using existing methods.

The first application used the model to estimate how variation in the shape of
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the sea surface might contribute to pixel-pixel variation in ocean color images. A

number of wind, sun and viewing scenarios were modelled repeatedly, using different

sea surface realisations. The variation in reflected radiance was found to be typically

a few per cent of the mean, but as much as 40-50% in some situations.

The model was also used to simulate a variety of remote sensing images. Sim-

ulation of lines from two MERIS images with strong glint contamination showed

that the model can reproduce the location and general shape of the glint pattern.

The elevation-based surfaces gave consistently different glint estimates from slope-

statistics methods, whether these were based on calculation using the MERIS algo-

rithm (section 2.4) or on ray-tracing slope-statistics surfaces as in Ch. 4. The new

estimates have lower peak glint, but higher reflectance in the lower glint zone where

correction is more likely to be possible.

Simulations of higher resolution images showed that the model can also estimate

cross-track and wave-top glint. The use of an image simulation to compare sun glint

correction methods has been demonstrated. In the tests tried here the simulations

were least successful for mid-range wavelengths, and alternative values for the IOPs

and atmosphere-dependent parameters should be tested. There is also uncertainty

relating to the radiative transfer model, which does not allow for light scattered

from one pixel-sized region of the water column into another.

These models and simulations have shown how the elevation-based surfaces could

be applied in a number of situations of practical value. The next chapter consid-

ers issues of sensitivity and uncertainty, as applied both to an existing sun glint

correction method and to the simulations of Case Study 1.
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Chapter 6

Sensitivity and uncertainty

analysis in sun glint correction

6.1 Introduction

As Earth observation moves from being a research-driven activity towards oper-

ational use, the need for consistency between data sources and quality assurance

on data is driving a greater focus on quality indicators. This chapter describes an

investigation into how an estimate of uncertainty might be made for the sun glint

correction proposed for a new satellite instrument. Sensitivity and uncertainty issues

for the model described in Ch. 4 are also discussed.

6.2 Quality indicators for Earth Observation

In the past Earth observation has been designed and funded as a research activ-

ity, developing instruments, techniques and data processing algorithms using a wide

variety of technologies. The field has now matured to the point where it can pro-

duce useful data on an operational basis. The Group on Earth Observations (GEO)

was founded in 2003 as a voluntary partnership of governments and international

organisations who wished to work together on developing the potential of Earth

observation data. Its vision, known as the Global Earth Observation System of Sys-

tems (GEOSS), is for different observing systems to work together to contribute to
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9 societal benefit areas: disaster relief, health care, energy, climate, water, weather,

ecosystems, agriculture, biodiversity.

This vision of an integrated Earth observation network will only be possible

if common standards are used, so that interoperability between different systems

can be achieved and the quality of data from different sources can be meaningfully

assessed. The Quality Assurance Framework for Earth Observation (QA4EO) was

set up to help all communities in Earth observation ensure common practices in data

quality management and documentation. The key principles of QA4EO are that:

• all data, at all stages of processing, should have a quality indicator, based on

quantitative assessment and consistent with internationally agreed standards;

• all data should be accessible, documented and traceable

(QA4EO task team, 2010).

The European Space Agency is currently working on its next generation of Earth

observation satellites, the Sentinels. In line with QA4EO, each Sentinel data product

will need to include a quantified estimate of uncertainty. The Ocean and Land

Colour Instrument (OLCI), to be carried on the Sentinel 3 series of satellites, will

use a sun glint correction algorithm similar to that used for the current MERIS

instrument. The next section describes an investigation into how the uncertainty

in this correction might be assessed. First the effect of each variable is considered

separately, then a global sensitivity analysis looks at the effect of changing all of

them simultaneously.

6.3 Uncertainty estimation for the Ocean and Land

Colour Instrument

The sun glint correction algorithm as used for MERIS, and planned for OLCI, is

described in section 2.4.3. An estimate is made of the contribution to the top

of atmosphere reflectance that is caused by glint, and this is subtracted from the

measured reflectance. The glint reflectance depends on six variables: the sun and
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viewing zeniths, θs and θv, the sun-viewing azimuth ∆φ, the wind speed U10 and

wind direction χ relative to the sun and the diffuse atmospheric transmittance t:

TOA glint reflectance ρg =
tπρ(ω, λ)p(ξ, η)

4 cos4 β cos θv cos θs

(6.1)

where the Fresnel reflectance ρ(ω, λ) is given a fixed value of 0.02, p(ξ, η) is the Cox

and Munk (1954a) probability distribution function (PDF) as given by equation

(2.13) and ξ(θs, θv,∆φ, U10, χ), η(θs, θv,∆φ, U10, χ) and β(θs, θv,∆φ) are given by

equations (2.3)–(2.10), with ξ = zx/σw and η = zy/σc; σ
2
w and σ2

c are the mean

square slopes of the sea surface in the along-wind and cross-wind directions. ρg

is linear in t, but t itself depends on the sun and viewing positions as well as the

atmospheric properties. The value of ρg is used to classify the pixel as low, medium

or high glint. For medium glint pixels, a correction is made by subtracting the

estimated glint reflectance from the measured value. High glint pixels are flagged

and correction is attempted, but retrieval of chlorophyll and other level 2 data from

these pixels is unreliable.

The uncertainty in ρg depends on the uncertainty in each input variable and on

how that uncertainty propagates through the calculation. The input uncertainties

are results from the level 1 data processing and were not available at the time

this work was carried out. A full uncertainty analysis was therefore not possible,

but the data were tested using a sample input PDF. First a sensitivity analysis was

carried out, investigating the effect of changing each input on the output reflectance.

The analysis used a Monte Carlo approach, where each input is sampled in a way

consistent with its uncertainty distribution and then the data are processed for the

complete set of samples (Helton et al., 2006; Saltelli et al., 2006).

6.3.1 Sensitivity analysis

Initially each variable was sampled across the full range of values likely to be expe-

rienced by a sea-viewing satellite, using uniform steps:

θs = 0◦, 10◦, 20◦ ... 80◦
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θv = 0◦, 5◦, 10◦ ... 50◦

∆φ = −180◦, −160◦, −140◦ ... 180◦

U10 = 1,3, 5 ... 19

χ = −180◦, −160◦, −140◦ ... 180◦

t = 0.0, 0.1, 0.2 ... 1.0

Plots of the top of atmosphere (TOA) glint reflectance against each variable for

the whole dataset are shown in Fig. 6.1. The largest range of glint values, and

therefore potentially the highest sensitivity, occur for θs and θv around 40◦–50◦, the

sun directly opposite the sensor and for light winds. The distribution is more even

for other sun-viewing azimuth angles, higher wind speeds, and for wind-sun azimuth,

suggesting lower sensitivity. As expected from equation (6.1) the glint reflectance

is related linearly to t, but note that the link between t and the sun and viewing

geometry has been neglected.

Figure 6.1: Top of atmosphere glint reflectance for the OLCI instrument, calculated
for values sampled uniformly across the full range of all input variables, plotted against
each variable.

The next part of the investigation looked at the effect of changing each variable

in turn. For each data point the input value was increased and decreased by 5% and
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the average change in the glint reflectance was calculated. The results are shown in

Fig. 6.2, where each plot shows the effect of changing one variable. The most rapid

change in glint occurs at the edge of the glint pattern, especially when the sea is calm

so the pattern is sharply defined. Such patterns are found when the wind speed is

low, the solar and viewing zenith angles are very similar and the sun-viewing zenith

is close to 180◦. This is confirmed by Fig. 6.3, which shows the change in TOA

absolute glint reflectance when one variable is changed by 5%, plotted against the

changing variable. The biggest changes occur for wind speeds below 5 m s−1 and for

∆φ close to 180◦. For larger zenith angles, a 5% change is more likely to move the

viewer in or out of the glint zone, hence the rising trend in Fig. 6.3(a) and (b). At

higher wind speeds the edge of the glint pattern is less sharply defined so the change

is less rapid. As expected, the glint reflectance is linearly related to t: a 5% change

in t gives a 5% change in the reflectance.

Figure 6.2: Percentage change in OLCI top of atmosphere glint reflectance for a
5% change in each input variable, plotted against the TOA glint reflectance. The
changing variable is (a) solar zenith angle, (b) viewing zenith angle, (c) sun-viewing
azimuth, (d) wind speed, (e) wind-sun azimuth, (f) atmospheric transmittance.
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Figure 6.3: Absolute change in OLCI top of atmosphere glint reflectance for a 5%
change in each input variable, plotted against the changing variable: (a) solar zenith
angle, (b) viewing zenith angle, (c) sun-viewing azimuth, (d) wind speed, (e) wind-sun
azimuth, (f) atmospheric transmittance. Note the different vertical scales in (a-c) and
(d-f).
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6.3.2 Case study of uncertainty effects in imagery

A case study using a line from a single MERIS image shows how varying input

values might affect imagery (Fig. 6.4 and Table 6.1). The wind speed was changed

by 5% and the corresponding change in glint reflectance (the absolute uncertainty)

at 6 pixels is shown. The relatively large percentage uncertainties in the low glint

region (pixels A, B) will not impact on the final uncertainty as these reflectances

are too low to be considered as medium glint. However, the uncertainty at pixel C

will lead to uncertainty in the corrected reflectance and the uncertainty at D could

change the classification of the pixel as high or medium glint.

(a)

(b)

Figure 6.4: Extract from a MERIS image of the Pacific, showing the 6 pixels tested.
(a) Level 1 RGB image, (b) Level 2 image showing the pixels with medium (yellow)
and high (orange) glint flags.

Table 6.1: Glint reflectance and uncertainty produced by a 5% change in wind speed
for the 6 pixels shown in Fig. 6.4. Atmospheric transmittance has been taken as 1.

Position Glint flag TOA glint
reflectance

Absolute
uncertainty

Relative
uncertainty (%)

A none 0.0008 0.0001 14.8
B none 0.0027 0.0003 9.6
C medium 0.0125 0.0008 6.1
D high 0.0233 0.0010 4.5
E high 0.0492 0.0011 2.2
F high 0.0834 0.0003 0.3

This illustrates how uncertainty in the calculated glint radiance can lead to two

types of error:

1. Uncertainty in the size of the corrected radiance for the medium glint region

(e.g pixel C in Fig. 6.4). This will lead to an uncertainty that propagates

along the downstream processing chain.
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2. A pixel can be wrongly categorised as low, medium or high glint (e.g. pixel D

in Fig. 6.4).

The analysis above looked at the effect of changing just one variable; however

Saltelli et al. (2006) emphasise that nonlinear models need a global approach where

all variables are changed together. The study of these 6 pixels was extended by

running the glint calculation with all inputs varying randomly around their MERIS

reported values, in each case using a normal distribution with a standard deviation

of 5% of the value. In practice the distribution used should be based on knowledge of

the distribution of uncertainties in the input data (Helton et al., 2006). The results

are shown in Table 6.2 and Fig. 6.5.

Table 6.2: Mean glint reflectance and standard deviation for the 6 pixels shown in
Fig. 6.4, when each input is varied randomly about its reported value (results from
1000 runs). All inputs were varied in a normal distribution with a standard deviation
of 5% of the original value. Atmospheric transmittance has been taken as 1.

Position Mean TOA glint
reflectance

Standard
deviation

Standard deviation
as % of TOA glint

reflectance
A 0.0008 0.0003 37
B 0.0028 0.0008 29
C 0.0128 0.0031 24
D 0.0235 0.0051 22
E 0.0500 0.0087 17
F 0.0834 0.0110 13

The standard deviation of the calculated reflectances for each pixel is one possible

measure of uncertainty (Table 6.2). As before, the high uncertainties in the low glint

region (pixels A and B) would not impact on the final uncertainty.

In general the mean value for TOA glint reflectance tended to be higher than

that calculated from the mean values of the inputs: the output for a random input

is not normally distributed. This may mean that standard deviation is not the best

measure of uncertainty for this data; interquartile range, as shown in Fig. 6.5, is a

possible alternative.
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Figure 6.5: Top of atmosphere glint reflectance for the 6 pixels shown in Fig. 6.4,
calculated with each input varying randomly about its reported value (results from
1000 runs). The black lines show the median value, the red boxes run between the
first and third quartiles and the red lines show the maximum and minimum values.

6.3.3 Extension to all input values

The final stage of the investigation extended the approach of section 6.3.2, which

considered just six pixels, by testing values of the input variables taken from the full

range expected for OLCI:

solar zenith angle θs = 0◦–75◦, at intervals of 2◦

viewing zenith angle θv = 0◦–55◦, at intervals of 1◦

solar-viewing azimuth ∆φ = 20◦–36◦, at intervals of 0.5◦

wind speed U10 = 0.2–16 m s−1, at intervals of 0.2 m s−1

solar-wind azimuth χ = −180◦–180◦, at intervals of 7.5◦

The TOA glint reflectance also depends on the diffuse atmospheric transmittance

t. This was kept constant at 1.0 for this investigation, but the linear relationship

means it would be simple to include this variable as well – the uncertainty added is

equal to the percentage uncertainty in t.

As above, Gaussian noise was added to the input variables, using a standard

deviation of 5% of the original value, and the resulting mean difference from the

original TOA glint reflectance and the standard deviation were calculated.

The results are shown in Fig. 6.6 as 2-d histograms of (a) the mean difference

between the calculated TOA glint reflectance and the original value, averaged across
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1000 trials and (b) the standard deviation of the TOA glint reflectance, both ex-

pressed as a percentage of the original reflectance. Data points where the original

TOA glint reflectance is less than 0.001 have been omitted: this left 98632542 points

which were binned at intervals of 0.001 for the original reflectance and 0.05% for the

mean difference and standard deviation.

(a)

(b)

Figure 6.6: 2d histograms of (a) mean difference and (b) standard deviation from
original glint reflectance when the inputs are varied randomly about their original
values, for the full range of OLCI input values. Colours show number of data points
falling in each bin (total data points = 98632542).

The mean differences are mainly around zero, though with some weighting to

negative values for glint reflectances below 0.1: there is a possibility that noise may

introduce some bias at low reflectances. Standard deviations, and hence the prop-

agated error, are much higher for low reflectances. If the values of the medium

and high glint thresholds are similar to those used for MERIS, 0.0005 and 0.2 re-

spectively, these reflectances could fall in the glint correction region and so give

uncertainties in the correction reflectance of 20-40%; there could also be similar

uncertainty in the assignment of pixels as low, medium or high glint.
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To investigate how many repeat runs are needed to get a stable value for the glint

uncertainty the analysis was repeated using 10, 100, 500, 1000 and 10000 repeats.

To make this possible in a reasonable time scale the data set was reduced: still

covering the full range for each input variable, but with larger steps between points:

solar zenith angle θs = 0◦–75◦, at intervals of 10◦

viewing zenith angle θv = 0◦–55◦, at intervals of 10◦

solar-viewing azimuth ∆φ = 20◦–36◦, at intervals of 2◦

wind speed U10 = 0.2–16 m s−1, at intervals of 2 m s−1

solar-wind azimuth χ = −180◦–180◦, at intervals of 45◦

The plots in Fig. 6.7 were created in the same way as those above, this time

using bin intervals of 0.01 for the original glint reflectance and 0.5% for the mean

difference and standard deviation.

The histograms for 1000 and 10000 appear very similar but the 10 and 100 run

plots are clearly different from them. This suggests that 1000 runs is enough to get

a stable uncertainty estimate, but 100 is not. An intermediate plot, with 500 runs,

is also similar to 1000.

This approach could be used to estimate uncertainty routinely, using appropriate

uncertainty PDFs for each input variable in place of the Gaussian used here. Its

drawback is the amount of computer time needed for the repeated calculations. This

might be reduced by more careful sampling to give a reduced size data set (Helton

et al., 2006). Alternatively the calculation results could be stored in a look-up table

for repeated use, though this could require a large amount of storage if the inputs

are sampled finely. The choice of method will depend on knowledge of the input

PDFs as well as the processing and storage resources available.

In summary, uncertainty in the input data for sun glint correction using the

MERIS/OLCI approach could lead to misclassification of pixels as well as to un-

certainty in the corrected reflectances. Sensitivity to input uncertainty is greatest

when the sun-viewing azimuth is close to 180◦, the solar and viewing zenith angles

are both large and wind speeds are low. The nonlinear nature of the glint prediction
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Figure 6.7: 2d histograms of mean difference (left column) and standard deviation
(right column) from original glint reflectance, as in Fig. 6.6, for 10, 100, 500, 1000
and 10000 runs. Colours show number of data points falling in each bin (total data
points = 12704).
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function means that changing one variable at a time and using the standard devia-

tion as a measure of uncertainty may give misleading results; a global approach is

preferable. The size of the uncertainty in the glint reflectance could not be assessed

because the uncertainties in the input values were not available; an example run

using a 5% uncertainty for each input gave uncertainties in output of up to 20-40%.

6.4 Sensitivity and uncertainty issues for the model

developed in this work

The techniques used in section 6.3 were applied to investigate sensitivity and un-

certainty issues in the simulation of MERIS images presented in section 5.4. The

aim was to gain insight into how sensitive the model results are to changes in each

input variable and to make some estimate of the level of uncertainty in the simulated

reflectance values.

6.4.1 Methods

For selected pixels and wavelengths, the estimate of glint and water-leaving re-

flectances was carried out repeatedly, with the input values varying around their

original values. In this case, a uniform distribution of values between fixed limits

was used for each variable, rather than the normal distribution used in the previous

section; a more realistic PDF might be chosen, given more information about the

inputs.

The maximum amount by which each variable was allowed to vary from its

original value are shown in Table 6.3. These are estimates based on the source of

data for each variable:

• The sun and viewing angles are calculated from the satellite flight path and

image time; the uncertainty is not known, but unlikely to be more than the

1◦ and 2◦ used here.

• The wind information is taken from ECMWF models and interpolated to the

pixel position (ACRI, 2006a). Both modelling and interpolation can lead to
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uncertainty, of unknown size: the limits for wind speed and direction are

estimates and could be improved if uncertainty levels in the ECMWF data

were available.

• The downwelling irradiance is estimated by libRadtran (Mayer and Kylling,

2005) as described in section 5.3. The estimate was repeated for various atmo-

sphere types and days to assess the level of variation in the direct and diffuse

irradiance; the values were also compared to MERIS estimates (section 5.4.6).

The values shown in Table 6.3 apply to both direct and diffuse irradiance.

The limits for the absorption and scattering coefficients were the same as in Table

5.1.

Table 6.3: Maximum allowed variation of the input variables used in the sensitivity
and uncertainty study of MERIS images – at any pixel, each variable can increase
or decrease from its original value by this amount. See Table 5.1 for the limits of
variation for the absorption and scattering coefficients.

Maxiumum variation for variables
with no wavelength dependence

Maxiumum variation for direct and
diffuse irradiance (mW m−2 nm−1)

Variable max variation λ (nm) max ∆E

solar zenith θs 1◦ 412.69 20

solar azimuth φs 2◦ 442.56 30

viewing zenith θv 1◦ 489.88 100

viewing azimuth φv 2◦ 509.82 100

wind speed u 1 m s−1 559.69 100

wind azimuth χ 10◦ 619.60 150

664.57 180

680.82 180

708.33 180

753.37 200

For each pixel-wavelength combination studied, the calculations were carried out

1000 times, with all inputs varying randomly in a uniform distribution as described

above. The surface realisation for each run was chosen randomly from ten available

at each wind speed. The mean, median and quartiles of the glint and water-leaving

reflectance were found for the 1000 runs. This was carried out for every 40th pixel

in the Atlantic and Mediterranean images at wavelength 443 nm and at more wave-
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lengths for selected pixels. Results were plotted as scatterplots of the reflectance

against each variable and as boxplots showing the variation of reflectance with image

position and wavelength.

6.4.2 Results and discussion

A sample set of scatterplots for one pixel from the medium glint range of the Atlantic

image shows how the glint reflectance and the water-leaving reflectance vary with

each input variable (Figs. 6.8 and 6.9). These plots are of the same type as Fig.

6.1, but there the plots showed the full range of values possible for each variable

while these show variation around the values for one pixel only. The glint reflectance

is most sensitive to wind speed and direction and the water-leaving reflectance to

changes in the absorption and scattering coefficients. Neither reflectance shows

much sensitivity to changes in the sun or viewing angles: this may be because these

variables were allowed to vary within quite a narrow range compared to the variation

in other inputs. Sensitivity to direct and diffuse irradiance is also weak: this is

as expected since the reflectance is defined to reduce the effect of incoming light

level (equation 5.3), making reflectance primarily a property of the environmental

variables rather than the light field.

The scatterplots of glint reflectance show striping, with few or no results at

some reflectance levels. This is presumably due to the discretisation produced by

the division of the sphere into quads and by the use of wind speeds at 0.5 m s−1

intervals. The pixel used in Fig. 6.8 has a wind speed of 4.25 m s−1 so that surfaces

for 3.5, 4.0, 4.5 or 5.0 m s−1 can be chosen, giving different sets of results (Fig.

6.8(d)). The effect of variable discretisation is very clear for pixel 620 from the

Atlantic image, which has a viewing zenith angle of 5.05◦ (Fig. 6.10). Variation

around this value can move the outgoing angle between the endcap and an adjacent

quad, giving two distinct sets of output.

Results for other pixels, for both images, show similar patterns to the examples

in Figs. 6.8 to 6.10.
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Figure 6.8: Scatterplots showing the glint reflectance at 443 nm plotted against each
input variable for a set of 1000 runs for pixel 580 from the Atlantic image. See the
text for details of the random variation of each input value.
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Figure 6.9: Scatterplots showing the water-leaving reflectance at 443 nm plotted
against each input variable for a set of 1000 runs for pixel 580 from the Atlantic
image. See the text for details of the random variation of each input value.
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Figure 6.10: As Fig. 6.8 for another pixel (pixel 620 from the Atlantic image),
showing the effect of the quad boundaries.
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Variation of the glint and water-leaving reflectance between different glint regions

is shown for both images in Fig. 6.11. The range of values for glint reflectance

increases in the higher glint region, but the interquartile range increases less (Fig.

6.11(a,b)). Where there is a large interquartile range this is because the viewing

zenith angle is falling into two quads, as for pixel 620 in the Atlantic image (Fig.

6.10). If these pixels are excluded, the inter-quartile range is 5-10% of the median

value. The MERIS glint reflectance generally falls above the third quartile in the

higher glint region, but below the first quartile where glint is low (Fig. 6.11(c,d))

– it should be remembered that the simulation includes sky glint but the MERIS

value does not. So for the input ranges used here there does seem to be a consistent

difference between the simulated glint reflectance and the value given by the MERIS

algorithm; to be confident of this conclusion the analysis should be repeated with the

input variations based on better knowledge of the actual uncertainty in the angles

and wind speeds.

The water-leaving reflectance shows little variation along the image lines (6.11(e,f)).

The range of reflectances is large, around 0.001–0.05, with the mean and median

about 0.01. The interquartile range is less than half the full range, but still repre-

sents a variation of about 50% around the median value. The variation is due mainly

to changes in the IOPs (Fig. 6.9), which were given a wide range of values covering

the range that might plausibly be chosen for low chlorophyll, Case 1 waters (section

5.4.7). The MERIS values and the values calculated using the original pixel values

are included in the range of reflectance, but all lie well into the fourth quartile.

The above results are all for a light wavelength of 443 nm. Glint reflectance shows

the same pattern at other wavelengths (Fig. 6.12(a,b)); as noted in section 5.4.2

the ray-tracing model used a wavelength-independent refractive index so reflection

is insensitive to wavelength. The water-leaving reflectance shows a much narrower

range of values at long wavelengths (Fig. 6.12(c,d)), the inter-quartile range falls to

30–40% of the median value.
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Figure 6.11: Variation of reflectance at 443 nm along the image lines shown in Fig.
5.3. Each pixel shown the range, quartiles, median and mean for 1000 runs with
all inputs varying randomly as described in the text. (a,b) glint reflectance for the
Atlantic and Mediterranean images in Fig. 5.3, (c,d) the lower glint region enlarged,
(e,f) water-leaving reflectance. The reflectances calculated from the original input
values and the values reported by the MERIS algorithm are also shown; MERIS-2
are for the second reprocessing and MERIS-3 for the third. For clarity, the third
reprocessing values of the glint reflectance have been omitted; they can be inferred
from Fig. 5.6.
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Figure 6.12: Variation of reflectance with wavelength for selected medium-glint
pixels. Each point shown the range, quartiles and median for 1000 runs with all inputs
varying randomly as described in the text. (a,b) glint reflectance for pixels 440 and
540 from the Atlantic image in Fig. 5.3 and pixel 533 from the Mediterranean image,
(c,d) water-leaving reflectance for pixels 540, 533. The reflectances calculated from
the original input values are also shown, and the water- leaving reflectance includes
the values reported by the MERIS algorithm, second and third reprocessing (MERIS-2
and MERIS-3).
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6.4.3 Conclusions

On the basis of the results presented here, the glint reflectance is most sensitive to

the wind speed and direction and the water-leaving reflectance to the absorption and

scattering coefficients. However, this is dependent on the ranges of values allowed

for each input variable and may not be generally true. For the values used here, the

glint reflectance typically varies by up to 5% of its median value, where the measure

of variation is half the inter-quartile range, and the water-leaving radiance by 50%.

The discretisation of the sun, viewing and wind angles and of the wind speed

showed up strongly in the sensitivity of glint reflectance, giving sensitivity that

would not appear if higher resolution was used. Hence the interquartile range is

much higher for pixels whose viewing angle happens to fall close to a boundary in

the divisions of the sphere.

For the range of values used here, the MERIS values for glint and water-leaving

reflectance generally fall within the range of simulations, but not usually between

the first and third quartile. The MERIS glint reflectance was systematically at the

top of the simulation range at high glint and below it for low glint, suggesting that

there may be a difference between the MERIS and simulation values that is not due

to the input values chosen.

6.5 Summary

Global sensitivity analysis using Monte Carlo techniques has been applied in two

contexts: the proposed sun glint correction algorithm for the new OLCI instrument

and the MERIS image simulation presented in section 5.4.

The OLCI investigation showed how uncertainty in the input data could lead

to change in the classification of pixels as low, medium or high glint, as well as to

uncertainties in the glint reflectance that propagate through the processing chain.

Greatest sensitivity occurred where a change in the input variables could move the

data point in or out of the glint zone: this is when the sun and viewing zenith angles

are almost equal, the sun and viewing azimuth angles differ by close to 180◦ and
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the wind speed is low so that the edge of the glint pattern is sharply defined. A

quantitative assessment of uncertainty could not be made because uncertainties in

the input data were not known, but a method has been outlined showing how such

an assessment could be made.

In the simulation of MERIS images, the glint reflectance was most sensitive to

the wind speed and direction and the water-leaving reflectance to the absorption and

scattering coefficients, for the input ranges used here. The discretisation of input

variables led to strong sensitivity for pixels close to a threshold value. Uncertainty in

glint and water-leaving reflectance was estimated as about 5% and 50% respectively,

though these values depend on the range of input values chosen.

Lack of information about input variables was a problem in both cases. The

simulation case study shows how the level of uncertainty in the inputs can influence

conclusions about sensitivity: the water-leaving reflectance was much less sensitive

to changes in the sun and viewing angles, which had quite narrow ranges, than to

the IOPs, for which a wide range of possible values was set.

Given more information about the input variables a better estimate of uncer-

tainty could be made. As uncertainty estimation becomes more common in remote

sensing this information should be more widely available.
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Chapter 7

Discussion and further work

This work has shown that elevation-based surfaces can be created and used for ra-

diative transfer modelling, and that they have potential applications in sun glint

correction. The work could be taken forward by developing the surfaces themselves,

by developing their use in radiative transfer modelling and by developing applica-

tions using them.

One modification that would improve the surface models is the inclusion of foam,

which features on sea surfaces at wind speeds above about 5 m s−1. Both measure-

ments (Moore et al., 2000) and estimates based on the proportion of the surface

covered in foam (Koepke, 1984) have found that foam increases the reflectance of

the sea surface by 0.001–0.002 at wind speeds around 10 m s−1; in the IKONOS

simulation, section 5.6, this was found to make a small but not negligible difference

to the estimated radiance. A number of studies have attempted to assess the rela-

tionship between wind speed and the percentage of the surface covered in foam, and

although these show considerable variation it is possible to set an approximate value

for foam coverage at a given wind speed (Stramska and Petelski, 2003; Anguelova

and Webster, 2006). Preliminary tests have been made, where foam was added to

some parts of the surface realisation and the distribution adjusted to give an appear-

ance in line with that of observed seas, including areas of dense, young foam and

sparser areas of decaying foam. Foam areas were assumed to scatter light isotrop-

ically rather than reflecting and transmitting it according to Fresnel’s laws. These

initial tests suggested that foam modelling could be successful, with the distribution
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of foam patches being the most difficult aspect to capture. This is worth further

investigation as it could increase the range of wind speeds at which the model ac-

curacy is acceptable. A high resolution model including foam might be useful for

developing a better understanding of how light interacts with foam of varying den-

sity: the reflectance of foam of different ages is not known with any certainty (Moore

et al., 2000). A complete model might include foam from ship wakes (Gatebe et al.,

2011) as well as wind-induced whitecaps.

All the surfaces tested in this study were based on the same surface wave spec-

trum. Adjustment of the spectrum would allow processes not produced by the local

wind to be included, e.g. long-range swell or modulation of surface waves by internal

waves (Apel, 1994; Plant et al., 2010), and the use of a non-Gaussian surface model

for non-linear wave processes (Nouguier et al., 2009). It would also be desirable

to create surfaces that reproduce the correct spatial distribution of capillary waves,

which are generated in coherent groups by gravity waves and phase-locked with their

generating wave (Zaneveld et al., 2001).

The results in section 5.4.8 indicate that multiple scattering at the sea surface is

not an important effect for wind speeds up to about 6 m s−1. It would be interesting

to extend the study to higher speeds and a range of sun-wind-viewing geometries to

investigate how widely this conclusion holds.

The effect of elevation-based surfaces on radiative transfer modelling of polarised

light could be investigated using the approach described in Ch. 4. This could be done

either by developing the current model to incorporate polarisation, or by adapting

an existing model with polarisation to include elevation-based surfaces. The mod-

elled effect on total radiance reflected by the surface from an unpolarised source is

likely to be small; however, if a polarised sky radiance distribution were included,

or the polarisation of the reflected light were of interest, then the results may be

substantially different. In addition, if the model includes water column scattering

as well as surface reflection there would be an increased chance that rays would

undergo successive polarisation events, and so polarisation-dependent effects may

become apparent even if unpolarised illumination and measurement were assumed.

179



Recent studies have shown that neglecting polarisation can compromise the accuracy

of atmospheric radiative transfer codes (Kotchenova et al., 2008), so there may be

accuracy advantages in a fully coupled model for the atmosphere, air-water interface

and water column that includes polarisation.

It would be instructive to incorporate the elevation-based surfaces into other

radiative transfer models, such as those mentioned in section 3.3. Repeating the

tests described in chapters 4 and 5 would indicate how far the results found here

are intrinsic to the type of surface, rather than to one particular implementation.

Using an alternative model might also allow the angular resolution to be increased,

which has a high computational cost in the current version. As seen in Ch. 5, higher

resolution will be important for developing practical sun glint correction techniques.

As another step towards sun glint correction, the creation of scene simulations

should be extended beyond the three case studies included here. The creation of

similar scenes using varying conditions and the simulation of other types of image

would increase knowledge of the model’s reliability and uncertainty.

The model might also find further application, beyond sun glint correction. One

example is estimating the subsurface light field. As an illustration of this, Fig. 7.1

shows the simulated downwelling radiance 5 m below the water surface for the 4 m

resolution, IKONOS-type image in section 5.6. The radiance above the surface is

uniformly distributed, so the variation seen here is due to the focussing effect of

surface waves.

The use of elevation-based surfaces for modelling other parts of the electromag-

netic spectrum could also be investigated. The geometric optics assumption in

the ray-tracing model makes it unsuitable for direct application to microwave data.

However, the surface creation method could be used alongside a microwave radiative

transfer model, with the required surface feature size re-evaluated. One-dimensional

surfaces of this type have already been investigated in the context of infrared light

(Fauqueux et al., 2009): extension to a two-dimensional surface is a logical next

step.

In summary, potential ways to extend this work include:
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• inclusion of foam;

• trials with other surface wave spectra;

• further investigation of the effect of multiple surface scattering;

• tests of the surfaces in a radiative transfer model with polarisation;

• implementation of elevation-based surfaces in other radiative transfer models;

• creation of more scene simulations, repeating those in Ch. 5 with other values

and extending to more types of image;

• implementation of elevation-based surfaces in a model with higher angular

resolution, then tests of this model’s ability to predict glint reflectance and so

correct imagery;

• tests in other applications, such as modelling the sub-surface light field;

• tests of the surfaces for infrared and microwave modelling.

L (mW m-2 sr-1 nm-1)

y-pixel number

x-pixel number

Figure 7.1: Simulated downwelling radiance 5 m below the water surface for the
IKONOS-type image simulated in section 5.6, plotted as a map over 50 × 29 pixels.
Image size is 200 m by 116 m, pixel width 4 m, viewing angle directly upwards, solar
zenith angle 20◦, wind speed 10 m s−1. The sun lies to the left of the image (azimuth
180◦ from the x -axis) and the wind is blowing from left to right. The light wavelength
is 480 nm.
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Chapter 8

Conclusion

This work has explored the practicality and implications of using sea surfaces that

model both the shape and slope of real seas when carrying out radiative transfer

modelling for the marine environment. Surface creation is feasible on standard com-

puter hardware, though a large grid size is needed to accommodate the range of

spatial scales required to model the features of observed seas: surface realisations

200 m square in the horizontal domain, with a grid size of 3 mm were found to match

published results on slope and elevation for wind speeds up to 15 m s−1. When im-

plemented in a radiative transfer model, the elevation-based surfaces gave results

that were similar to those from a standard slope-statistics method, but with signif-

icant differences. Radiance estimates using the new surfaces show more sideways

scattering of incident light, and reduced forward scattering; this is consistent with

the effect of elevation-dependent processes such as multiple scattering and wave

shadowing.

Elevation-based surfaces give information that is not available using slope statis-

tics methods. They are fully two-dimensional so can make radiance estimates in

cases where the wind is not aligned with the sun. The variation in shape of the

surfaces can be used to estimate the effect on reflected light of a change in the sea

surface: this has been applied to estimate the pixel-pixel variation in ocean-colour

imagery. The surfaces could also be used to model the underwater light field.

The new surfaces have been applied to simulate glint in three types of remote

sensing imagery: ocean colour, airborne multispectral imagery and a high-resolution,
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nadir-viewing satellite. All the simulations were successful in estimating the size and

location of sun glint, but to make a detailed comparison with real images the surfaces

would need to be implemented in a model with higher angular resolution. In the

MERIS images simulated, there are indications of a consistent difference between

glint estimated using the new surfaces and that from the current MERIS algorithm,

suggesting that it is worth testing the model further for its potential to improve

sun glint correction. These simulations also indicate that the effect of the new

surfaces is not due to multiple scattering at the water surface, at least at low wind

speeds. Scene simulations could be used to test existing or proposed glint correction

techniques: one example of this has been demonstrated.

Global Monte Carlo modelling can be used to assess the sensitivity and uncer-

tainty of results from the model. Initial tests have indicated the sensitivity of the

reflected light levels to wind speed and the strong sensitivity of the water-leaving

radiance to the absorption and scattering coefficients. However, better knowledge

of the uncertainty in input variables is needed to draw firm conclusions.

Elevation-based surface realisations are now a practical possibility for radiative

transfer modelling, and they have the potential to improve sun glint correction and

other aspects of marine remote sensing.
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