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Multi Layer Perceptron Neural Network Algorithms for

Ocean Colour Applications in Coastal Waters

by Davide D’Alimonte

This work focuses on the development, performance assessment and identification
of the range of applicability of ocean colour algorithms for the retrieval of seawater
constituents in optically complex coastal regions. Multi Layer Perceptron neural
network algorithms were implemented using a set of experimental data collected in
the northern Adriatic Sea (CoASTS data set). The following quantities were mod-
elled as a function of the remote sensing reflectance: i) Chlorophyll-a concentration
(Chl-a); ii) Absorption of the pigmented particulate matter at 443 nm (a,, (443));
ili) Absorption spectra of the coloured dissolved organic matter (acpom) and of
the non pigmented particulate matter (aypppy). The range of applicability of two
MLP algorithms developed for the retrieval of the Chl-a in coastal and open sea
regions, were compared using SeaWiFS images of European Seas. A method for

algorithms blending was also formulated and applied to case studies.
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Chapter 1

Introduction

Seawater constituents affect the light back-scattered from the ocean according to their
type and concentration. This is the basis for ocean colour application, which aims
at retrieving optically significant constituents of seawater from water-leaving radiance.
The use of sensors located on a remote platform (aircraft or satellite) and measuring the
radiance leaving the sea (Figure 1.1) is a unique way to collect information on a large

scale over the Earth’s surface.

Optically significant water components are conventionally grouped, according to their
different optical characters and their specific bio-geo-chemical origin, into: i) pigmented
(biological) matter or phytoplankton, ii) non pigmented particulate matter or detritus
and iii) coloured dissolved organic matter or yellow substance. The pigmented matter
is the basis of the marine food web. Moreover, the fact that the ocean carbon fixation
depends on the phytoplankton component underlines the importance of the estimation
of this quantity. Several processes can lead to the detritus. Micro-organism shells, such
as those of Coccolitophore, are an example of the non pigmented matter in open ocean.
In coastal waters, either waves or tidal action can raise particles from the sea bottom.
Transport of particles by rivers and wind represents another important source. The
coloured dissolved organic matter can be generated either by the degradation of the
phytoplankton or other organic substances. Its origin can be marine or terrestrial, via

1
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FIGURE 1.1: Schematic representation of the influence of the optically active seawater
components on the radiance leaving the sea surface. Adapted from Sathyendranath
(2000). :

rivers, and in the latter case the coloured dissolved organic matter can represent an

important tracer of the dynamics in the river deltas.

Seawater can be separated into two major classes as a function of the relationships
linking the optically active constituents (Morel and Prieur, 1977; Gordon et al., 1983).
Case 1 waters, mainly present in the open ocean, are those where phytoplankton and
its derivatives are the only water components responsible for the modification of the
light field. More in general, Case 1 waters are represented by those conditions where
phytoplankton and other water constituents, whereas produced from different sources,
present a high level of covariance. Differently, in Case 2 waters the separate optically
active constituents can vary more independently. Typical Case 2 waters are found in
coastal zones and estuaries, where local sources, such as river runoff or meteorological
events, can bring substances from the inland, strongly modifying the covariance between

components typical of Case 1 waters.

The separation of water types into Case 1 and Case 2 is of particular importance in the
ocean colour problem. In fact, in Case 1 waters, relatively simple empirical relationships

(O’Reilly et al., 1998) can be used for the retrieval of water constituents from the water-
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leaving radiance. In contrast, algorithms for Case 2 waters have to handle an increased
level of complexity. This derives from the more independent relative variability of the
optically active components and the spectral combination of their specific influence on
the water leaving radiance. Whereas a large portion of seawater is Case 1 water, the effort
in improving the bio-optical modelling in Case 2 waters is motivated by the relevance

that coastal areas have on various human activities.

As stated by Sathyendranath (2000), “The geographic distribution of Case 2 waters
is variable: waters of a given locality may drift between Case 1 and Case 2 conditions,
depending on environmental forcing. At the most elementary level, we need an
algorithm to distinguish between Case 1 and Case 2 waters. This would allow
masking of regions where Case 1 algorithms may not hold, and classifying
these waters as belonging to more complex Case 2. At a more advanced
level, we need algorithms that can derive more information about Case 2
waters”. The former highlighted elements have become the objectives of the present

work.

This study makes use of experimental data collected in an optically complex coastal
region. Here, coastal region is used to indicate those waters which are permanently
or occasionally Case 2 waters as result of bottom resuspension, coastal erosion, river
inputs, or by simple anthropogenic impact. The author participated in field campaigns
to acquire these data and was strongly involved in the development of the software for
their analysis. The in situ data set is used to develop and to assess the performance of

empirical ocean colour algorithms.

Ocean colour algorithms can be grouped in two main categories: analytical and em-
pirical. Analytical algorithms retrieve optically active seawater components by inverting
a forward theoretical model of the radiative transfer process in the water medium. Be-
sides the validity of the forward theoretical model, the effectiveness of this approach
depends on i) any simplification adopted to make the forward model computationally

more tractable and ii) any parametrizations based on experimental data (and in such a
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case the model is also called semi-analytical) adopted to account for properties that de-
pend on specific environmental conditions. By contrast, empirical algorithms only rely
on experimental data to represent the statistical properties of the data generating pro-
cess without embodying any physical representation. Whereas the analytical approach
is the ideal solution, it requires more steps to be implemented (i.e., the identification
of the forward model, its parameters and the method to solve the inverse problem) and
this can affect the final accuracy in retrieving optically significant seawater components.
On the other hand, advances of the recent years in the pattern recognition research field
have shown that the Neural Network (NN) are particularly effective among the empirical
algorithms, despite their weakness in providing an understanding of the underlying phys-
ical process, in representing complex non-linear relationship between multidimensional

input and output space.

The aim of the present study is to evaluate the applicability of NN techniques to the
ocean colour research field. Multi Layer Perceptron (MLP) NN algorithms are developed
in the present study to retrieve i) the chlorophyll-a concentration (Chl-a), i) the absorp-
tion of the pigmented particulate matter at 443 nm a,, (443)) and iii) the spectra of
the absorption coefficients of the coloured dissolved organic matter (CDOM) and of the
non pigmented particulate matter (NPPM) from remote sensing reflectance (Rrs). The
accuracy of the algorithms is assessed using both in situ remote sensing reflectances as
well as coincident SeaWiF'S data. The study is restricted to the problem of the algorithm
development and without investigating the critical aspect of the atmospheric correction
in coastal regions (the SeaWiFS data used in this study were processed with the scheme
presented by Sturm and Zibordi (2002) and assessed by Bulgarelli and Zibordi (2002)

and Mélin et al. (2003)).

Several authors (Doerffer and Fischer, 1994; Shiller and Doerffer, 1997; Buckton et al.,
1999; Gross et al., 2000; Cipollini et al., 2001; Dransfeld, 2003) have already attempted to
use MLP or other neural network algorithms to retrieve seawater bio-optical components.

However, they restricted the evaluation of the algorithms performance to simulated
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data. Thus, an important insight and advance from the present work is to verify the
effectiveness of the use of a limited set of experimental data for the MLP implementation.
In order to better exploit the in situ data, specific techniques are applied both to optimize
the MLP performance and its generalization capability (complezity optimization), as well
as to evaluate its performance (cross-validation).

The second objective of the study is the assessment of the range of applicability of
the algorithms. This is an important issue, because algorithms for Case 2 are likely to
have only a regional validity that can not be simply defined on a geographical basis (due
to the dynamics of seawater type and distribution). The technique here proposed for
the definition of the range of applicability of the algorithms, is based on the statistical
representativeness of the data used for the algorithm development, determined through
the novelty detection method (Bishop, 1994). This method assumes that the algorithm
is likely to produce reliable results if applied to data well represented in the training data
set. On the contrary, the algorithm products obtained from data poorly represented in
the training data set (i.e., novel data) are likely to be less accurate.

The study on the algorithm applicability makes use of a second data set representative
of open ocean conditions, in addition to the coastal data set. The Case 1 water data set
is exploited to implement a new algorithm for chlorophyll-a retrieval, whose applicability
is compared with that of the coastal water algorithm. The range of applicability of the
two algorithms is analyzed on the basis of SeaWiFS remote sensing data representative
of different oceanographic regions (i.e., the Central Mediterranean Sea, the North Sea
and the Baltic Sea). To complete the study, a new approach is proposed for blending
products deriving from different algorithms.

This work includes:

¢ Quantities describing the light field and the seawater optical properties, as well as

the principles of the empirical and analytical algorithms, in Chapter 2.

e Details on the coastal data set and on the processing scheme for the evaluation of

R, from optical profile data, in Chapter 3.
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e Fundamentals on the MLP algorithms and the novelty detection technique, in

Chapter 4.

e Details on the implementation and performance assessment of the proposed MLP
algorithms for the retrieval of the optically active seawater components, in Chap-
ter 5. The results of this analysis are presented through two papers submitted to
IEEE Transactions in Geoscience and Remote Sensing. The first work presents
a new methodology for the retrieval of the absorption coefficient spectra of the
coloured dissolved organic matter and non pigmented particulate matter from re-
mote sensing reflectances. The second work (accepted for publication) investigates
the accuracy of various empirical algorithms in retrieving both the chlorophyll-a
concentration as well as the absorption of the non pigmented particulate matter

at 443 nm.

e The analysis of the range of applicability of the algorithms for the Chl-a retrieval
in coastal and open ocean conditions for different European Seas, in Chapter 6.
The results of the analysis are presented through a paper, submitted and accepted

for publication by IEEE Transactions in Geoscience and Remote Sensing.

¢ Conclusion and summary, in Chapter 7.



Chapter 2

Theoretical background

Light, interacting with the the optically active seawater constituents is modified due to
absorption and scattering processes. This chapter presents the quantities describing the
light field (Section 2.1) and the optical properties of the seawater (Section 2.2). The
band-ratio empirical approach and the semi-analytical approach are here also presented

(Section 2.3).

2.1 The light field

This section presents the fundamental radiometric properties as well as the principles of

sensor technology.

2.1.1 Coordinate systems

The orthogonal coordinate system (Figure 2.1(a)) will be hereafter used to define the
quantities describing the light field. The origin O of the coordinate system is a reference
point at the sea surface. The directions of the unit basis vectors are chosen according to
specific needs. The unit vector i, corresponding to the X-axis, belongs to the sea-surface
plane. Its direction can be determined by the intersection of the plane containing the
light field source and the horizontal plane (Kirk, 1994), or by the wind flowing direction

7
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FIGURE 2.1: Schematic representation of a) the orthogonal and b) the polar coordinate
system.

(Mobley, 1994). The unit vector k, corresponding to the Z-axis, can be oriented towards
the sky zenith (as in the present description) or in the opposite direction (nadir). The
Y-axis, identified by y, is defined by the cross product k x i. A generic point P is then
identified by the position vector p =z -i+y-j+ 2z -k (being z, y and z the projection
of P on the basis vectors). Some times there is the need to distinguish vector direction

from vector position. The former will be hereafter identified by the versor

_z-ity-jt+z-k

V% 4 y? + 22 ‘

Thus, & has then the same direction of the vector p but unit length.

In some cases, the properties of the light field can be efficiently described through the
polar coordinates system (Figure 2.1(b)). A generic point P is identified by its distance r
from origin O, and by two angles, the zenith 6 and the azimuth ¢. The zenith angle
corresponds to the angle between the OP and k. The azimuth is the angle between the

OP’ and i, being P’ the projection of the point P onto the plane identified by i and j.

Orthogonal coordinates are expressed as a function of the polar coordinates by the

following relationship:
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z =r-sin@ - cos(¢) (2.2a)

y =71 -sinf - sin(¢) (2.2b)

z=r-siné. (2.2c)

2.1.2 The solid angle

The solid angle, also used to define some radiometric quantities, can be easily introduced

in the polar coordinate system (Figure 2.2). Consider a generic point P(r,6,¢). The

infinitesimal area, corresponding to the azimuth and zenith increments (d¢ and df,

respectively), is dA = r? sin §dfd¢. The infinitesimal solid angle, df?, is the ratio between

the area dA and the square of its distance r from the origin O

dQ) = sin 0d0d¢ [sr].

1
i
3
t
]
I
[]
)
1
t

AN _,:/\_
N,
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A

FIGURE 2.2: Schematic representation of the solid angle.

(2.3)



Chapter 2 Theoretical background 10

2.1.3 Radiant energy

The radiant energy U, associated to the electromagnetic field flowing across a surface of

area AA for a time AT, can be expressed as

1
U= / / —E(p,t,\) x B(p,t,\) -ndAdt,  [J] (2.4)
AA Lt Ho

with E and B being the electric and magnetic field, n the direction perpendicular to the
surface AA in the point p, ¢ the time and o' the permeability of the free space. The
quantity

S(p,t,A) = MiE(p, £,2) x B(p,t,A) (2.5)
]

is known as Poynting vector (see, for example, Halliday et al., 2001).

The radiant energy can be defined for a specific wavelength domain according to the
case considered. For example, in the visible region (Figure 2.3), it ranges between 400 nm
and 700 nm. If we are considering the radiant energy reaching the photo detector (see
Section 2.1.5) of an operational spectral instrument, this range can be of the order of
few manometers.

The properties of the light field are described in marine optics by means of quantities
derived from the radiant energy. These derived quantities are defined in order to take into
account variations of the radiant energy with respect to other fundamental quantities
like the time (t), the solid angle (€2), the area of the surface collecting the light field (A4)
and the wavelength (A). The explicit dependence from these quantities may be hereafter

omitted for brevity of notation.

2.1.4 Radiant power and intensity

The spectral radiant power, ®, is the radiant energy per unit of time and wavelength

o

= 5‘@ [J . S_1 . nm"l], (26)

Yo =4n- 1077 T-m-A~?
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FIGURE 2.3: Schematic representation of the electromagnetic field domains.

The spectral radiant power is useful to characterize the optical behavior of the medium.
In fact, variations of the propagation direction of the incident light, or its transformation
into other forms of energy, can be directly associated with changes of the spectral radiant

power (see Section 2.2.1).

The spectral radiant intensity, I, is the spectral radiant power per unit of solid angle

83U

I'= 5eaon

[J-s7t-sr7t.nm™. (2.7)

2.1.5 Irradiance

The spectral irradiance, E, is the spectral radiant power per unit of area collected by a
plane detection surface

U

E=56a0n

[J-s7t m™2. am™. (2.8)

There are two principal directions for irradiance measurements. When the detector
is oriented in the k direction (i.e., towards the sky zenith), the spectral downward
irradiance, Ey4, is measured. The opposite orientation corresponds to spectral upward

irradiance, E,,.

Figure 2.4(a) schematically represents an instrument for measuring the spectral down-

ward irradiance Ey. The diffuser corresponds to the part of the instrument collecting
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FiGURE 2.4: Schematic representation of instruments for a) irradiance and b) scalar
irradiance measurements {(adapted from Mobley, 1994).

the environmental light, while the filter lets only a very small wavelength window be
visible to the photo detector (few manometers, but it can vary from an instrument to

another according to specific needs).

Consider a light field corresponding to a Poynting vector (Equation 2.5) that does not
vary within the detector diffuser surface. In this case the radiant energy incident on
the collecting plane surface, depends on the cosine of the angle between the detector’s
principal axis and the light field propagation direction. This dependence is indicated as

the cosine response of the irradiance detector.

The quantity corresponding to the spectral irradiance, but referred to the radiant
energy source, is called spectral eritance. It represents the emitted radiant energy per

unit of time, wavelength and surface area.

2.1.6 Scalar irradiance

The spectral scalar irradiance, Eyq, is the spectral radiant power per unit of area col-
lected by a spherical detection surface (Figure 2.4(b)). Specific measurements of scalar
irradiance can be made considering the radiant energy related to a hemisphere only. In
this case, the hemisphere of interest can be defined considering a plane perpendicular

to k and separating the space into two parts. The upward scalar irradiance, Ep,, takes
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into account the radiant energy of the part for which k- h < 0, being h a vector with
the origin in the plane and belonging to the part considered. The downward scalar

irradiance, Fyq, is referred to the other part.

2.1.7 Radiance

The spectral radiance, L, is the spectral radiant power per unit of area and solid angle
collected by a plane detection surface (Figure 2.5)

otU

= 39ABBX 757t m™2.sr7 ! nm™Y). (2.9)

L

The spectral radiance gives a detailed description of the light field, and all other quanti-
ties previously introduced can be derived from the spectral radiance field. For example,
the spectral radiant flux is described in terms of the spectral radiance in Equation 2.10a.
Subsequent equations are those for the spectral intensity (Equation 2.10b), upward and
downward irradiance (Equation 2.10d and 2.10¢) and upward and downward scalar ir-

radiance (Equation 2.10f and 2.10e)

photo detector

FIGURE 2.5: Schematic representation of an instrument for the radiance field measure-
ment (adapted from Mobley, 1994).
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2.2 Inherent and Apparent Optical Properties

2.2.1 Inherent Optical Properties

(2.102)

(2.10b)

(2.10c)

(2.10d)

(2.10€)

(2.10f)

Light, interacting with the molecules of a medium, can be only absorbed or scattered.

Inherent Optical Properties, IOPs, give a quantitative description of these processes.

I0Ps depend only on the intrinsic characteristic of the medium, and not on the spatial

or temporal distribution of the incident light field.

2.2.1.1 Absorbance, scatterance and emittance

Figure 2.6 shows a collimated monochromatic light beam, propagating in the direction &,

perpendicularly incident on the surface AA of a portion of medium of thickens Ar and

volume AV. The spectral radiant power of the incident light is indicated by ®;. As
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,.
.

FIGURE 2.6: Schematic representation of the interaction of an incident collimated
monochromatic light beam with a portion of the medium

a result of the interaction of the light field with the molecules of the medium, part of
the incident light beam is transmitted, ®;, without changing its propagation direction.
Another part is absorbed (i.e., transformed into other form of energy). ®, indicates the
spectral power of this absorbing process. Finally, ®; indicates the non absorbed incident
radiant power propagating in a direction different than £. Scattering process are here
assumed not to affect the wavelength of the incident light. For the principle of energy

conservation

b, = O+ &, + D, (211)

The optical properties of the medium have to be independent from the incident spectral
radiant power. The spectral absorbance (A, Equation 2.12a), the spectral scatterance (B,
Equation 2.12b) and the spectral transmittance (T, Equation 2.12c) are then defined
considering the ratio of the spectral radiant power resulting from the interaction with

the medium and the incident one

A= ?13‘:7 (2.12a)
oF

B= o (2.12b)

P S (2.12c)
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2.2.1.2 Absorption, attenuation and beam attenuation coefficients

As defined the absorbance, scatterance and transmittance depend on the thickness of
the medium considered, and not only on its optical properties. In order to eliminate
this dependence, the spectral absorption coefficient (a, Equation 2.13a) and the spectral

scattering coefficient (b, Equation 2.13b) are introduced

a= %-é [m™Y] (2.13a)
b= %g- [m~. (2.13b)

Both absorption and scattering processes subtract spectral radiant power form the initial

propagation direction. The spectral beam attenuation coefficient

c=a+b [m™!] (2.13¢)

takes into account the conjunct effect of these two processes

2.2.1.3 Single scattering albedo

The afore introduced IOPs can be interpreted as the quantification of the fraction of
radiant power that will be subject to the corresponding process per unit of length of the
medium thickness. Considering the quantum nature of the light, a probabilistic interpre-
tation is also possible. In the hypothesis of a single photon travelling in the direction &,
the probability per unit of length that it is absorbed by the medium corresponds to the

spectral absorption coefficient. Analogous interpretation is valid for the other quantities.

The theorem of the conjunct probability for two events, § and Z, states that

P(S,T) = P(S|T)P(T), (2.14)
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being P(S,Z) the probability that both S and Z happens, P(Z) the probability of
the event Z, and P(S|Z) the probability that & happens if Z happens. Let S be the
scattering event and 7 the interaction event. P(S,Z) is then corresponding to the
spectral scattering coefficient, while P(Z) (i.e., probability of having an interaction) is
the sum of the absorption and scattering coefficients. Finally, P(S|Z) is the probability
that, if there is an interaction, it is not an absorption process. Thus, P(S|Z) represents
the photon probability of survival or single spectral scattering albedo, wy, and can be

expressed, according to the Equation 2.14, as

wy = (2.15)

oo

2.2.1.4 Volume scattering function

The spectral scattering coeflicient takes into account the amount of the incident spectral
radiant power that has not been absorbed by the medium. In order to define its spatial
distribution, indicate the scattering direction with 7, and the angle between 7 and £
with v (see Figure 2.6). The ratio between the scattered spectral intensity I and the
corresponding incident spectral irradiance E, per unit of volume of the medium, is the

spectral volume scattering function B(v)

B(y) = EdV (%) [m~-sr7Y). (2.16)

The spectral volume scattering function fully describes the optical properties of the

medium, but to be determined it requires an experimental effort.

In the hypothesis of scattering process characterized by axial symmetry around the

direction &, the back-scattering coefficient, by, is defined as

b= [ B)singay (2.17)

w/2



Chapter 2 Theoretical background 18

Similarly, the forward scattering coefficient, by, is

w/2

b= [ Bwsinpdy [ (2.18)
0

2.2.2 Inherent Optical Properties of seawater and its components

The possibility to retrieve the phytoplankton, the coloured dissolved organic matter
and the non pigmented particulate matter from the radiance leaving the sea surface
depends on i) the different inherent optical properties that characterise the various
water components and ii) the fact that these properties also differ from those of the
pure seawater. A specific description of the variability of these properties within the
data set applied in this study is provided in Chapter 3. The aim of this section is to
describe the inherent optical properties of the pure seawater and its optically significant
seawater components, highlighting elements that are relevant for the development of

bio-optical models and ocean colour algorithms.

2.2.2.1 Absorption by pure seawater and its components

The experimental determination of the absorption coefficient of the pure seawater, as
well as that of its optically significant components, represents a complex task and some
of the major limiting factors are hereafter summarized. First of all, the pure seawater
is only weakly absorbing in the blue region of the light spectra, and thus very sensitive
instruments are required. Then, the scattering effect has to be accounted for in order
to avoid estimating the absorption coefficient. In addition, the need to derive the ab-
sorption coefficients through ”concentrated” samples resulting from seawater filtration
(due to the low concentrations naturally occurring in-situ) increases the complexity of

the measurement protocol and the chance of error.

Absorption by pure seawater Various investigators focused on the determination

of the absorption properties of the pure seawater (Morel and Prieur, 1977; Smith and
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FIGURE 2.7: Spectral plot of the pure water absorption coefficient, as determined by
Pope and Fry (1997).

Baker, 1981; Pope and Fry, 1997). The results provided by Pope and Fry (1997) are those
commonly applied in the optical oceanography studies of the recent years. As represented
in Figure 2.7, the seawater absorption strongly increases with the wavelength upon 500
nm. Since the absorption properties of the pure seawater do not almost depend on
the level of salinity and the temperature of the seawater, its effect on the water-leaving
radiance can be considered as a common constant additive background with respect to

the absorption effects of the other optically significant components.

Absorption by phytoplankton The phytoplankton absorption spectrum is char-
acterised by two main peaks, one in the blue at 490 nm and one in the red at 665 nm
(see Figure 2.8). This absorption spectrum is due to various pigments, among which the
chlorophyll-a is the main important and is used as an index to represent the phytoplank-
ton itself. Photosynthetic pigments are distributed non randomly among the cell, but
present localized packages called chloroplasts (Kirk, 1994). Various factors, such as the
availability of nutrients, the physiological state of the cell and the illumination condition,
can determine the number, the localization and the size of the chloroplasts. From the
optical point of view, this affects the efficiency of the cell in absorbing the light given
the same amount of chlorophyli-a (i.e., pigment packaging effect), as depicted in Figure

2.8. Moreover, different pigments are characterized by a different absorbing efficiency
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FIGURE 2.8: Example of the variability of the phytoplankton specific absorption co-
efficient due to the adaptation to different conditions of illumination. The two main
absorption peaks characteristic of the phytoplankton absorption coefficient spectra, one
in the blue at 490 nm and one in the red at 665 nm, can be observed regardless of the

absolute value of the specific absorption coefficient. Adapted from Sathyendranath
(2000).

and can appear in different relative proportions, contributing in this way to increase the
phytoplankton absorbing variability. It has to be noticed that the natural variability of
the specific absorption (i.e., the absorption normalized by the chlorophyli-a concentra-
tion) represents a limit to the accuracy in retrieving the phytoplankton component from
the water-leaving radiance.

Bricaud et al. (1995) investigated the spectral absorption due to the phytoplankton
component. The proposed parametrisation is here presented with the notation reported

in the original work

az,(X) = A(N)(chla)=B®, (2.19)

where a¥, () is the specific spectral absorption coefficient, (chla) is the chlorophyli-a
concentration and the model parameters, A(A) and B()), are defined through a least

square fit with experimental data.

Absorption by coloured dissolved organic matter The coloured dissolved
organic matter is represented by a group of dissolved organic substances, consisting of
humic and fulvic acids (Kirk, 1994). Optically, it is characterized by an absorption spec-

trum that monotonically decreases with the wavelength, and for this reason the coloured
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dissolved organic matter is also called “yellow substance”. The CDOM originates from
the decomposition of organic material, such as phytoplankton, by the action of microbes.
During this process, the photosynthetic pigments rapidly loose their original absorption

properties.

The spectral dependence of the coloured dissolved organic matter absorption can be

expressed as

acpom () = acpom (Ao) exp [S(A — Ag)], (2.20)

where Ag is the reference wavelength. The slope parameters, S, is determined fitting the
exponential function to experimental data. Bricaud et al. (1981a) reported values of S
ranging between 0.014 and 0.019 nm™!. However, a higher variability of S has also been
observed (for example Hgjerslev (1998) reported values of S between 0.008 and 0.042
nm™?). It is here highlighted that one of the objective of the present work is to verify
the possibility to retrieve the S parameter from the water-leaving radiance instead of

the absorption coefficient at some specific wavelength (see Chapter 5).

Absorption by non non pigmented particulate matter The non pigmented
particulate matter comprehends those particles not included in the phytoplankton com-
ponent. Its composition can be highly heterogeneous, varying form finely ground quartz
sand resuspended from the sea bottom or carried by the wind to microorganism shells,
such as those produced by the Coccolithophore (Kirk, 1994). Despite its different origins,
the non pigmented particulate matter presents an exponential dependence of the absorp-
tion coefficient on the wavelength analogous to that of the CDOM, but characterized by
a different slope coefficient; values of § within the 0.006 and 0.014 nm~! are reported
(Roesler, 1989). Another difference with respect to the spectral absorption coeflicient
of the CDOM is that the NPPM can show a non negligible absorption also in the blue

region of the light. For this reason the NPPM absorption coefficient is parametrised as

anppy (A) = anppum (Xo) exp [S(A — Ag)] + cb, (2.21)
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where the background parameter, cb, has added with respect to Equation 2.20 to account

for the absorbing effects at the higher wavelengths.

2.2.2.2 Back-scattering by pure seawater and its components

The scattering properties of the water and its optically significant constituents are diffi-
cult to accurately determine since the light can be scattered in different directions with
a probability that may vary of various orders of magnitude. An exhaustive analysis of
the processes that determine the scattering effect is out of the scope of this work (for a
detailed description, see Mobley, 1994). Instead, here we mainly focus to describe the
back-scattering properties of the pure seawater and its constituents. This is motivated
by the fact that the back-scattering coefficient can be directly linked to the radiance
leaving the sea-surface through a reflectance model, such as that presented in Section
2.2.3.2. Notice also that the scattering effects of the coloured dissolved organic matter

are negligible, and therefore are not hereafter mentioned.

Back-scattering by pure seawater The scattering process by the water is due
to the fluctuation “in the number of molecules in a volume AV, where AV is small with
respect to the wavelength of the light but large compared to atomic scales” (Mobley,
1994). On the basis of the Einstein-Smoluchoski theory, the scattering by the pure
water depends on the wavelength as A™%. The presence of various ions in the pure
seawater leads to an increased scattering and to a dependence on the wavelength that
can be expressed as A™", with n = 4.32 (Morel, 1974). The seawater volume scattering
function is symmetric with respect to the 90° angle (i.e., with respect to the propagation
direction of the incident light), and thus the back-scattering represent the 50% of the

total scattering.

Back-scattering by phytoplankton The phytoplankton presents a very low back-

scattering coefficient (Bricaud et al., 1981b). Such small values would often not justify
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the observed back-scattering measurements taken in natural Case 1 waters and the ad-
ditional contribution of the back-scattering due to the microscopic organism covarying
with the phytoplankton better explains the observed back-scattering (Morel, 1988; Gor-

don et al., 1988).

Back-scattering by non pigmented particulate matter Various particles,
mainly present in the Case 2 waters, can contribute significantly to back scatter the light.
As for the pure seawater, the general law that expresses the spectral dependence of the
back-scattering due to the non pigmented particulate matter is A™™ (Morel, 1973), with
n varying from 0 in turbid coastal water to 2 in oligotrophic waters (Sathyendranath,
1989). Such variability is strongly linked to the specific properties of the non pigmented
particulate matter, which can vary both between different areas for the specific regional
geochemical properties, as well as in the same region due to the advection by the wind or
rivers of particulate matter from remote sources. Despite the analogous power law, the
scattering phase function of the non pigmented suspended sediments is quite different
from that of the seawater. In fact, inorganic particles are characterised by a highly

peaked forward scattering.

2.2.3 Apparent Optical Properties

The Apparent Optical Properties, AOPs, depend on both the environmental illumination
and observation conditions and not just on the properties of the medium. However, in
order to characterize the water properties through the AOPs, the latter have to be
as independent as possible from environmental changes. Because of this, quantities as

gradients or ratios are often used to define the AOPs.
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2.2.3.1 Irradiance reflectance

The spectral irradiance reflectance, R, is the ratio of the upwelling and the downwelling

spectral irradiance

R_ E.(z)

) (2.22)

The spectral irradiance reflectance corresponds to the portion of the downward irra-

diance reflected at depth 2z, as the result of the interaction of the light field with the

medium.

2.2.3.2 Remote Sensing Reflectance

The spectral Remote Sensing Reflectance, Ry, is the ratio of the upwelling radiance and

the downwelling irradiance, both “just above” the seawater surface (z = 0%)

LU(O+7 07 A)

LR [sr~1]. (2.23)

Rs(0,7) =
The above water spectral irradiance, E4(0%), can be derived from the corresponding
subsurface (z = 07) downwelling and upwelling spectral irradiance values through

Eq(07,)) — 0.49E, (07, \)

Lel—2
T— NG =0) [J-s7°-m™“-nm™], (2.24)

Ed (O+) A) =

where ps is the surface Fresnel reflectance (see Mobley, 1994). Obviously, the above
water irradiance can also be directly measured positioning an irradiance sensor above

the seawater surface (in this case it will be hereafter also indicated as E;).

The above water upward spectral radiance takes the name of water-leaving radiance,

L. It depends on the corresponding subsurface value according to

1- p5(6’ )‘)

- -1, -2 -1 -1
nZ () L,(07,6,X) [J-s7"-m™ -sr™" - nm™], (2.25)

Ly(0,)) =
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where n,, is the refractive index of the seawater. The radiance transmission coefficient
through the sea surface depends weakly on the environmental conditions and can be
approximated by a constant value (Austin, 1980)

1— ps(6,)

oy 054 (2.26)

In the hypothesis that A does not change during the scattering process, the Rps can

be expressed (Gordon, 1976; Morel and Prieur, 1977) as function of a and b, by

by

2.2
a+ by ( 7

Rr.s‘:f

)

being f dependent on the wavelength.

The normalized water-leaving radiance, Ly, is the product of the R, for the spectral
mean sun irradiance at the top of the atmosphere, fy()), corrected for the sun-earth

distance, d(d)
Ly (8, X) = fo(A)d(8)Rrs (0, A) (-5t m™2.sr7 ! -om ™). (2.28)

The correction coefficient d(d) takes into account the elliptical shape of the earth orbit

d(6) = [1 + 0.0167 cos (ig%?—))] : (2.29)

being § the day of the year.

2.2.3.3 Diffuse attenuation coeflicient

The diffuse attenuation coefficient, kq [m—l], expresses the spectral downwelling irradi-

ance subtracted for unit length of medium by the absorption and scattering processes

dBq(2) _

dz kdEd (Z) (2.30)
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Equation 2.30 describes the exponential dependence of the downward irradiance on the
depth z. In this convention k is oriented toward the zenith, so z decreases toward the

sea bottom. Thus, integrating the 2.30 between 2zp and 2z (with z < zp) one obtains

E4(2) = Eq(zg)eFe(z=%0). (2.31)

Equivalent diffuse attenuation coefficients can also be defined for other quantities such

as the upwelling irradiance E, or radiance L.

2.3 Empirical and semi-analytical ocean colour algorithms

This section overviews the elements basis of the empirical and semi-analytical algorithms
(Sections 2.3.1 and 2.3.2, respectively). The neural network method applied in the pre-
sented study belongs to the class of the empirical algorithms. The NN effectiveness to
represent any complex continuous mapping between multidimensional input (i.e., Ryps
at different individual wavelengths) and output space is one of the main reasons for its
use to develop Case 2 water ocean colour algorithms. A description of the neural net-
work approach requires slightly more extensive statistical elements, and it is separately

presented in Chapter 4.

2.3.1 Band-ratio empirical algorithms

Band-ratio empirical algorithms for the Chl-a retrieval are based on a direct regression
of the ratio of reflectances at two wavelengths, or the maximum of the ratio of the

reflectances at more wavelengths, to the chlorophyli-a concentration

Rrs ()\z) )
Chl-a = f { ag;a1;...;Qn; , 2.32
f ( 0; @1 " s Og) (2.32)
where the algorithm coefficients (ag; a1; . . - ; @n) are determined through the minimization

of the squared difference between the regressional function, f, and the experimental data;
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A; can vary among 443, 490 and 510 nm, while ); is usually 555 nm.

Various authors investigated different regressional function (i.e., power, hyperbolic,
cubic and multiple regression) and a review of these algorithms for the chlorophyll-a re-
trieval was presented by O’Reilly et al. (1998). In that work, and in its successive revision
(O’Reilly et al., 2000), the authors showed that the most accurate results were obtained
from the so called OC4 band-ratio empirical algorithm, developed for the processing of
SeaWiFS data. This algorithm consists of a third order polynomial interpolation of the

logarithm of the chlorophyli-a concentration
Chi-a = 10.0(%0+Xi10:Ris) 4 g (2.33)

where R4g is max {R§‘55}, that is the maximum of the ratio of the R,.s at 443, 490 and
510 nm with respect to the Ry at 555 nm (Maximum Band Ratio approach, MBR),
and a;, with ¢ = 1,...,3, are the model parameters to be defined on the basis of the
experimental data. The MBR approach was adopted to use the R,; ratio at the most
suitable wavelengths for different chlorophyll-a concentration ranges. Specifically, the
algorithm switches from the 443 nm channel in oligotrophic waters to the 510 nm channel
in eutrophic waters. The OC4 algorithm (namely, the “V4” version, O'Reilly et al.
(2000)) is routinely used for the processing of the SeaWiFS data. An evaluation of the
performance of the OC4V4 algorithm with respect to other algorithms developed on the

basis of the coastal data set applied in the present study is presented in Section 5.1.

Empirical band-ratio algorithms allow a straight forward implementation, very low
computational cost and perform well in Case 1 conditions. On the other side the band-
ratio approach performs less well in Case 2 waters due to the independent variability of
the CDOM and NPPM with respect to the Chi-a (i.e., in Case 2 waters the same amount
of Chl-a can correspond to different R,; band-ratio values and this reduces the intrinsic
algorithm accuracy with respect to Case 1 conditions). Actually, one of the main reasons

to address the present study to the development of neural network algorithms is to try
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to overcome some of the limitations deriving from the band-ratio approach by using the

R, at individual wavelength as algorithm input.

It is important to furthermore highlight that a strong limitation of the empirical
approach, especially for what concerns the neural networks, is that they do not embody
a physical but a merely statistical representation of the relationship between optically

active seawater components and water-leaving radiance.

2.3.2 Semi-analytical algorithms

Semi-analytical algorithms relate the inherent optically properties of the water con-
stituents to the spectra of the water-leaving radiance through a reflectance model such
as that presented in Equation 2.27 (Gordon, 1976; Morel and Prieur, 1977), and here

rewritten for clarity
by

R..—=
o= I

(2.34)

where a and b, are the total absorption and the total back scattering coefficients, re-

spectively, while f is a proportional constant factor.

Both the total absorption and the total back-scattering coefficients of Equation 2.34
can be expressed through the sum of the absorption and scattering contribution of the

pure seawater and those of its optically active components, namely

a = Gy + acpoMm + ph + aNPPM (2.35a)

by = bb,w + bb,ph + bo,nPPM (2.35b)

where the subscription w indicates the seawater contribution. Examples of bio-optical
models representing the optical properties of the water components are presented in

Sections 2.2.2.2 and 2.2.2.1.
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Since the R, is expressed in Equation 2.34 through a linear function upon the IOPs,
the retrieval of seawater optical properties correspond to a matrix inversion problem, as
described in Hoge and Lyon (1996, 1999). Differently, numerical optimization methods
have in general to be used when the forward model is not a linear combination of the
unknowns (see for example, Lee et al., 1999; Garver and Siegel, 1999). In such cases an

additional limiting factor may be represented by the computational cost.

The semi-analytical formulation has the advantage to be based on a physical model.
Nevertheless, it still may not represent an universal solution since the relationship be-
tween IOPs and water constituents can be driven by specific regional properties that

contribute to prevent the possibility of developing an universal ocean colour algorithm.



Chapter 3

The CoASTS data

This study has been carried out on the basis of an experimental data set collected in
the framework of the CoASTS (Coastal Atmosphere and Sea Time Series) program at
the Acqua Alta Oceanographic Tower (AAOT) (Zibordi et al., 2002a). The CoASTS
program and the characteristics of the sampling site are presented in Section 3.1. Thé
software toolbox, specifically developed for the processing of the in water optical profile
measurements, is presented in Section 3.2. The author has been strongly involved in the
development of the processing code, as well as in its implementation through Graphical
User Interfaces (GUI). Finally, Section 3.3 describes the characteristics of the CoASTS

data.

3.1 CoASTS

The development and validation of the algorithms proposed in this study have been car-
ried out on the basis of an extensive set of experimental data collected in the framework
of the CoASTS program (Zibordi et al., 2002a). The aim of this project is to create a
comprehensive time series of atmospheric and marine data representative of the northern
Adriatic Sea for i) the development of site specific marine and atmospheric algorithms,
ii) calibration and validation activities for ocean colour sensors and iii) time-series studies

on the bio-geo-chemical measured quantities.

30
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FIGURE 3.1: The CoASTS program has been relying on the Acqua Alta Oceanographic
Tower (a), located in the Central Mediterranean Sea (b).

Since fall 1995, the CoASTS program has been relying on the use of the Acqua Alta
Oceanographic Tower (Figure 3.1(a)) for the execution of field measurements. The
AAQT site (Figure 3.1(b)) is located in the Norther Adriatic Sea, 8 nautical miles
south-east off the Venice Lagoon (latitude 45°19’ N, longitude 12°30’ E) and exhibits
water types close to the separation threshold suggested by Loisel and Morel (1998) for
Case 1 and Case 2 waters (with roughly one third of the CoASTS data pertaining to
Case 2 (Berthon et al., 2002)). The Case 2 waters are mostly determined by the river
inputs (i.e., Piave, Livenza and Tagliamento). The aerosol type, occasionally maritime,
is mostly continental (i.e., determined by atmospheric inputs from the close Po Valley).
The former characters give to the site, the property of representing most of the northern
Adriatic Sea and supports the use of the CoASTS data set for the development of

regional ocean colour algorithms.

3.2 The CoASTS data processing system!

Whereas the CoASTS program occasionally produced above water radiance measure-
ments (Zibordi et al., 2002b), the R,s data used in this study are those derived from

in water optical profiles. It is important to point out that environmental conditions

1Some elements of this section was presented in D’Alimonte and Zibordi (2001)
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can influence the accuracy of the surface values extrapolated from optical profile mea-
surements. This is particularly evident in coastal regions, where the water depth may
present a limiting factor. In fact, the extrapolation layer for computing subsurface ra-
diometric quantities has to be defined considering two concurrent factors: on one side
it has to be reduced to limit the perturbations due to the optical stratification in the
water column; on the other it is necessary to leave as many profile points as possible to

reduce the wave effects for an effective regressional process (Zibordi et al., 2004).

A processing code was specifically developed to handle in water optical profile data
collected in complex conditions in order to ensure the quality of the sub-subsurface val-
ues. The software package consists of two major programs supporting i) the calibration
(i.e., conversion from digital number to physical units) and formatting of the raw in-
put data and ii) the filtering of the data and the computation of the final products
(i.e., remote sensing reflectance, diffuse attenuation coefficient,...). These programs en-
sure the possibility of storing in an information file the processing parameters selected
by the user. The processing information can then be reloaded for an automatic data
re-processing. The processing steps and the functionalities provided by the software

toolbox are presented in the following sections.

3.2.1 Data calibration and formatting toolbox

This program ensures: i) the data calibration, ii) the screening of data as a function of an
user-selectable tilt (i.e., inclination of the in watersensor) threshold, iii) the visualization
of data as a function of depth and iv) the creation of output ASCII data files. Processing
information (i.e., input file names, depth offset of the in water light sensors with respect
to the pressure sensor, geographical location of the sampling site, water depth) are

provided by the user through the GUI displayed in Figure 3.2.

The absolute calibration of the radiometric quantities is obtained from

S\, t) = CIf[D(At) — D(N)], (3.1)
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FIGURE 3.2: Graphical user interface of the software toolbox for the data calibration
and formatting(D’Alimonte and Zibordi, 2001).

where & indicates Es, Ey4, E, and L, (see Section 2). D, t and A are the digital number,
the time and at the center-wavelength of the sensor, respectively. D is the dark value. C,
is the absolute calibration coefficient. I is the immersion coefficient (i.e., the coefficient
accounting for change in sensor responsivity when the in-air calibration is applied to

in water measurements).

Depth values of the radiometric measurements are derived from the digital values
provided by the pressure sensor, after removing the pressure-offset and applying the
corresponding calibration coefficient. Radiometric data can then be displayed in loga-
rithmic scale as a function of depth. The above water irradiance data are also displayed
as a function of the depth of the corresponding in water profile data. This ensures the

identification of artifacts, which may affect optical profile data.
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FIGURE 3.3: Graphical user interface of the software toolbox for the data filtering and
for extrapolating sea surface radiometric quantities from optical profile measurements

(D’Alimonte and Zibordi, 2001).

3.2.2 Data filtering and

processing toolbox

The main functionality provided by this toolbox (Figure 3.3) are: i) the definition of

extrapolation intervals for the computation of subsurface values and bottom reflectance,

ii) the selection of normalization methods for in water data with respect to above water

reference measurements, iii) the filtering of outliers in the subsurface extrapolation inter-

val and the removal of data below the noise threshold, iv) the correction for perturbation

effects (i.e., instrument self-shading, bottom effects and tower-shading, being the latter

correction specific for measurements collected the AAOT site) and v) the visualization

(Figure 3.4) of data as a function of depth together with extrapolated values (i.e., for

both surface and bottom). Individual processing steps are hereafter presented.
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FIGURE 3.4: Example of visualization of E; data as a function of depth together with
extrapolated values.

3.2.2.1 Definition of the extrapolation intervals

The definition of the appropriate extrapolation interval for the extraction of subsurface
data from in water optical profiles is a key element in coastal waters. Optical stratifi-
cation may occur in the first few meters just below the surface, and a non appropriate
selection of the extrapolation interval can produce large uncertainties in the final prod-
ucts. Because of this, even though default values are provided, the user can identify,
on the basis of the visualization of the specific profile to be processed, an “optimum”
extrapolation range that satisfies the requirement of a linear decay. In addition to the
subsurface extrapolation interval, the toolbox also provides the possibility of selecting
a bottom extrapolation interval (when correction for the bottom effect is required) to

estimate the bottom reflectance from profile data.
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3.2.2.2 Correction with respect to the above water irradiance

In-water radiometric quantities can be corrected with respect to above water irradiance

data (Es(At), with ¢ expressing dependence with time), according to:

Es(\ ¢
S(z, A\ to) = s(z,A,t)—Ei((—A’ti)) (3.2)
8 )

where S(z, A, to) identifies radiometric quantities as they would have been taken at all
depths z at the same time tg, Es(At) is the above water irradiance taken at the same time
t as the in water data, while Eg(A,tg) is the above water irradiance at time to (where tg is
generally chosen as to coincide with the start of the cast). Alternatively, the correction
factor can be referred to the median of the above water irradiance data corresponding to
the records included in the extrapolation interval. The correction process can be skipped
if the reference data are not available or are strongly affected by noise (for instance, by
the ship motion). Additionally, for the aforementioned case, it is also possible to apply
a linear fit to the measurements of the above water irradiance and use the fitted values

to correct the in water data.

3.2.2.3 Data filtering

The regression of the data in the surface layer is carried out using a least squares linear fit.
This technique may produce biased results in presence of outliers (for instance produced
by wave effects). This bias may increase as the number of optical profile points per unit

depth decreases. Because of this, two complementary filters have been implemented.

The first filter ensures the removal of points distant by more than no from the initial
regression line obtained with all profile data (where n is user selectable and ¢ is the

standard deviation of the distances of points from the initial regression line).

The second filter computes successive regressions by adding depth increments to the

initial extrapolation interval. The slope of the resulting regression is then compared
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with the slope of the initial regression. This filter removes all points below a certain
depth if, for a given depth increment, the slope of the fitting line changes by more than

a threshold value (user selectable) with respect to the initial value.

In order to verify the effects of the filtering, regression trials are possible choosing
a specific quantity (i.e., L, or E;) and a specific A. It is convenient to use F4 and
A =665 nm. The use of E; may ensure direct comparison of the extrapolated value
E4(07,)) with Ez()), to immediately identify “difficult” situations (i.e., those showing
very different F4(07,\) and Es(A) values). The use of a red channel (665 nm), where
seawater is characterized by high absorption and sensors show a fast drop to noise levels
as a function of depth, helps in excluding noisy data. All records (i.e., all radiometric
quantities at all channels) taken at the same time of data flagged by the filter, are
removed. This is done under the assumption that all data collected at the same time

are affected by highly correlated perturbations.

3.2.2.4 Correction for perturbation effects

Measurement perturbations due to self-shading, bottom effects and tower-shading (the
latter for the specific case of the WiSPER data (Zibordi et al., 2002a), see below)
can be removed through single or multiple selection(s) assuming all perturbations are

independent from each other.

Self-shading correction: The self-shading correction factor is computed using the
scheme proposed by Gordon and Ding (1992) and the parameterizations suggested by
Zibordi and Ferrari (1995) and Muller and Austin (1995). The computations are carried
out using i) the sun zenith, ii) the seawater absorption, iii) the seawater single scattering
albedo, iv) the ratio between the instrument radius and the sensor entrance optics radius
and v) the diffuse over direct above water downward irradiance ratio, r()), for instance

obtained as
E;())

"B - B 9
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where E;()) is the diffuse above water downward irradiance.

Bottom effect correction: The correction for the bottom effect is estimated with the
analytical model of Zibordi et al. (2002a) adapted from Maritorena et al. (1994). Com-
putations are performed using i) the botfom reflectance

Eu(zby )‘)

B = Eq(zp, A)’

(3.4)

obtained from each profile at depth 2, near the bottom and ii) the mean diffuse attenua-
tion coefficient for the depth interval zp— 2, (where 2 is the subsurface depth identifying

the upper value of the extrapolation interval).

Tower-shading correction: The tower-shading correction is obtained from look-up ta-
bles (Doyle and Zibordi, 2002) resulting from Monte Carlo computations of the radiance
and irradiance fields at the AAOT site and for the specific point where the optical profile

measurements used in the present work are taken.

3.2.2.5 Sub-surface values

Sub-surface values (i.e. E,(07,A), L,(07,A) and E4(07,)\)) are obtained from the ex-
ponent of the intercept given by the least-squares linear regression of the logarithm of
optical profile measurements, (i.e., data not removed by filters and corrected for per-
turbation effects) versus z, within the extrapolation interval identified by 2y < z < 2;.
Generally for the CoASTS profiles, 0.3 < zp < 1 m and 2.5 < 23 < 4.5 m. The nega-
tive value of the slope of the regression fit is the diffuse attenuation coefficient (specific
for the extrapolation interval). An option, called “multi-cast processing”, enables the
processing of data from different profiles (collected within a user definable time interval,
generally of few minutes) as a single optical profile. This solution, which cumulates
profile data, increases the statistical significance of the regressional analysis applied to
data characterized by a low depth resolution and affected by large perturbations (for

instance caused by sea surface effects).
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For each specific quantity if is possible to display profile data and inclination as a
function of depth for all A (Figure 3.4). Regression lines for the extrapolation layer
and the bottom layer are also shown. In addition, arrows at the sea surface (z = 0)
indicate the subsurface extrapolated value, the subsurface extrapolated value corrected
by perturbation effects, and in the specific case of the optical profile of the downward

irradiance, both E4(0%,\) and E; (¢, \) values.

3.2.2.6 Products

In-water data products: Major in water products obtained from optical profiles are
L, (07,A), E4(07,A), Eu(07,A) and K4(A) computed from regressions in the extrapo-
lation interval.

Above-water data products: Above-water products are Ez(07, ), the remote sensing

reflectance, Rrs(A), and the normalized water-leaving radiance, Ly, (A).

3.3 The CoASTS data

The CoASTS data set collection started in fall 1995. As the present study was carried
out during 2002, only CoASTS data up to fall 2001 were here considered to ensure that
all the applications were based on the same set of stations.

The CoASTS data set consists of the following in situ measured quantities:

o Optical profiles of upwelling radiance, L,(z,A), downward irradiance, E4(z,A),
and upward irradiance, E,(z,A), measured with the Wire Stabilized Profiling

Environmental Radiometer (WiSPER, see Section 3.3.1).

e The above water irradiance, Fs()\), and diffuse sky irradiance, E;()), taken with

a SATLANTIC Multichannel Visible Detector System.

e The direct solar irradiance Esu,()) and the diffuse sky radiance L;(6, ¢, A), taken
at different zenith and azimuth angles with the CIMEL Electronique (Paris, France)

CE-318 sun photometer.
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(a) (b)

FIGURE 3.5: The WiSPER system for in water optical profile measurement (a) and
the above water sensor for irradiance measurements used for the normalization of the
radiometric profile data (b).

e Profiles of seawater beam attenuation b(z, A) and absorption a(z, \) coefficients,
taken with the Western Environmental Technology Laboratories (WET-Labs),

Inc. (Philomath, Oregon) AC-9.

e Ancillary data (i.e., profiles of water temperature and salinity, Secchi disk depth,
tide level, atmospheric pressure, relative humidity, air temperature, wind speed

and direction, cloud cover and sea state).

Laboratory analysis of water samples collected in correspondence of in water optical

profiling, are:

e In-vivo pigmented, a,;(A), and not pigmented, ayppy (A), particulate matter ab-
sorption coefficients, obtained from spectrometric analysis of particles retained on

filters.

e The CDOM absorption coefficient, acponr(A), obtained from spectrometric anal-

ysis of filtered seawater.

e Pigments concentration, from High Performance Liquid Chromatography (HPLC)

analysis.
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e The Total Suspended Matter concentration, TSM, determined with the dry weight

technique.

The following sections present in more details the quantities later considered in this

study for the algorithms development.

3.3.1 Remote sensing reflectance

The R,s data, derived from the CoASTS data set and used in this study for the develop-
ment of the ocean colour algorithms, have been computed from in water optical profile
measurements. The radiometers for measuring Ly (z, A), Eq(z,A), and Ey(z,A), (with
nominal center wavelengths corresponding to A = 412, 443, 490, 510, 665 and 683 nm)
are mounted on the Wire Stabilized Profiling Environmental Radiometer (WiSPER) sys-
tem, shown in Figure 3.5(a). The WiSPER is installed on a metal frame which moves
along two vertical wires fixed between the tower and the sea bottom. This provides a
high degree of stabilization of the WiSPER instrument system and prevent almost any

movement out of the vertical plane.

The WiSPER radiometers are SATLANTIC Ocean Colour Radiance and Irradiance
sensors (OCR-200 and OCI-200, respectively). One OCR-200 is used to measure L, (z, \),

while two OCI-200 are used to measure E;(z,A) and E,(z,A). The light sensors are

0.03 ! ! ! ! !
0.025 ' '
0.02

" 0.015
0.01
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0
400 450 500 550 600 650 700
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FIGURE 3.6: Spectral plot of the in situ remote sensing reflectance.
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(X[om] [ 412 443 490 510 555 665 |
4 [ 0.0043 0.0052 0.0069 0.0071 0.0062 0.0011
o | 0.0016 0.0022 0.0031 0.0033 0.0033 0.0009
min_| 0.0016_ 0.0017 0.0019 0.0020 0.0017 0.0002
max_| 0.0148 0.0191 0.0257 0.0286 0.0278 0.0089

TABLE 3.1: Variability of the in situ measured remote sensing reflectance corresponding
to SeaWiFS center wavelengths (u, o, min and maz represent the mean, standard
deviation, minimum and maximum values, respectively).

mounted on an extension boom, which places them 1 m away from the main part of
the frame, at approximately 7.5 m from the tower legs. The WiSPER is raised and
lowered from the southeastern side of the tower by an electrical winch with a speed of

approximatively 0.1 ms™!.

The above water irradiance measurements, used for the processing of the in water
optical profile data, are collected with a Satlantic Multichannel Visible Detector System

(MVD, see Figure 3.5(b)).

The set of R,s spectra derived from the CoASTS database is presented in Figure 3.6.

The variability of the R,s values is indicated in Table 3.1 for each individual wavelength.

3.3.2 Chlorophyll-a concentration

Phytoplankton pigment concentrations are determined using the HPLC analysis with a
slightly modified Joint Global Ocean Flux Study protocol (JGOFS, 1994; Jeffrey et al.,
1997). Seawater volumes, ranging from 1.0 to 2.5 L, depending on the quantity of
material suspended in the seawater, are filtered immediately after the sample collection
using glass fiber (GF) filters with a nominal 0.7 pm pore size. The filters are then
immediately stored in liquid nitrogen for subsequent laboratory analysis. The use of
the 0.7 um pore size is justified by the diameter of living phytoplankton cells, which is
generally higher than 1 pm (Stramsky and Kiefer, 1991). The measurement protocol
applied for the determination of the various pigment concentration from the HPLC
chromatogram is described in Zibordi et al. (2002a), while the Chi-a distribution for the

set of CoASTS data used in this study is presented in Figure 6.1.
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FIGURE 3.7: Distribution of the Chl-a within the set of CoASTS data used in the
present study (i, o, min and maz represent the mean, standard deviation, minimum
and maximum values, respectively).

3.3.3 Pigmented and non pigmented particle absorption coefficients

The in vivo absorption coefficient, a,(A), of aquatic particles retained on filters, is deter-

mined with a Perkin Elmer (Eremont, California) Lambdal9 dual-beam spectrometer

equipped with a 60 mm diameter integrating sphere. The deposit of the particles on

filters is obtained by filtering the seawater samples on GF filters with a nominal pore size

of 0.7 pm under low vacuum pressure (less than 120 mm Hg) to prevent particle break-

age and pigment degradation. The filtered volume varies from 1.0 to 2.5 L, depending

on the quantity of material suspended in the seawater. After filtration, the filters with

the deposits are immediately placed on a Petri slide and stored in liquid nitrogen. The

=
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FIGURE 3.8: Spectral plot of the in situ pigmented particulate matter absorption co-

efficient.
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| X[nm] | 412 443 490 5100 555 665 |
g [0.047 0.054 0.033 0.023 0.009 0.020
o [0.037 0.040 0.022 0.015 0.006 0.016
min | 0.007 0.009 0.005 0.004 0.001 0.003
max | 0.280 0.295 0.154 0.096 0.049 0.117

TABLE 3.2: The same as in Table 3.1 but for the pigmented particulate matter absorp-
tion coefficients [m~1].

total absorption coefficient of the equivalent particle suspension is computed according

to Tassan and Ferrari (1995) in the 400-750 nm spectral range (with 1 nm resolution).

The coefficients of the the pigmented and non pigmented particulate absorption, aps(A)
and ayppy (), respectively, are obtained through bleaching the sample on the filter using
a solution of sodium hypochlorite (NaClO) as an oxidizing agent. This oxidation acts
rapidly on pigment molecules and slowly on detritus making possible a selective analysis
of the absorption components of pigmented and non pigmented particles retained on
the filter. A description of the NaClO bleaching technique, is presented in Tassan and

Ferrari (1995) and in Ferrari and Tassan (1999).

Spectral plot at the wavelengths corresponding to the WiSPER nominal bands, and
quantities describing their distribution, are presented in Figure 3.8 and Table 3.2 for

aph, and in Figure 3.9 and Table 3.3 for ayppu .

5 700

400 450 500 550 600
Wavelength [nm]

FIGURE 3.9: Spectral plot of the non pigmented particulate matter absorption coeffi-
cient.
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(2N nm)[aros s 493 490 E - 5105 15557 16657
p [0049 0.036 0025 0.021 0.015 0.011
o [0029 0021 0014 0.012 0.008 0.006
min | 0.006 0.005 0.003 0.003 0.002 0.001
max | 0.265 0.158 0.091 0.074 0.055 0.038

TABLE 3.3: The same as in Table 3.1 but for the non pigmented particulate matter
absorption coefficients [m~1].

3.3.4 Coloured dissolved organic matter absorption coefficient

The absorption coefficient of coloured dissolved organic matter, acpoa (), is determined
using a dual-beam spectrometer Perkin Elmer Lambda-12. Water samples (generally
from 0.7 to 1 L) are filtered through 0.22 pm cellulose filters and then refrigerated at
4°C in an amber glass bottle with the addition of a solution (0.5 mL for 100 mL of

sample) of 10 gL~! of sodium azide (NaN3) to prevent the growth of any bacteria.

The spectrometric measurements are performed in the spectral range 350-750 nm
with 1 nm resolution. They are performed by placing a 10 cm quartz cuvette containing
Milli-Q water in the optical path of the reference beam, and a 10 cm quartz cuvette
containing the filtered seawater sample in the optical path of the sample beam. The
spectral absorption coefficient acponm (A) is computed from the measured absorbance
A(X) resulting from the difference between the sample absorbance and the reference

absorbance (Ferrari et al., 1996). Spectral acpom absorption coefficients, as resulting

0 = - S
400 501455005550 :600; “650: 3700
Wavelength [nm]

FIGURE 3.10: Spectral plot of the coloured dissolved organic matter absorption coeffi-
cient.
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[AX[om] | 412 443 490 510 555 665 |
p_ [0.118 0.068 0.030 0022 0.012 _—0.000
o | 0.045 0027 0014 0011 _ 0006 _ 0.006
min_| 0.024_0.005_ —0.006 —0.011 —0.004 —0.029
max_| 0.260 0.165  0.096 _ 0.063 _ 0.037 _ 0.023

TABLE 3.4: The same as in Table 3.1 but for the yellow substance absorption coefficients
[m~1]. Negative values are only due to laboratory measurment uncertanties.

from the set of CoASTS data used in this study, are presented in Figure 3.10, while
the corresponding parameters describing the distribution at specific wavelengths are

presented in Table 3.4.
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Multi Layer Perceptron and

Novelty Detection?

Multi Layer Perceptron (MLP) neural networks have been used in this study to retrieve
various properties (i.e., concentration, absorption at a specific wavelength or absorption
spectra) of the optically active seawater constituents as a function of the radiance leav-
ing the sea surface. The basic elements of the MLP and the reasons for its suitability
in developing ocean colour algorithms are presented in Section 4.1. The range of appli-
cability of the algorithm implemented has been identified through the novelty detection

technique (Bishop, 1994), presented in Section 4.2.

4.1 The Multi Layer Perceptron neural network

The MLP can be defined as a parameterized distributed algorithm consisting of a network
of simple non-linear processing units and “may be viewed as a practical vehicle for
performing a non-linear input-output mapping of general nature” (Haykin, 1998). The
basic elements of the MLP, hereafter also indicated with the more general term of

network, are presented in the following sections.

ISeveral concepts and diagrams presented in this section have been adapted from various
textbooks and papers. Specifically, for what concerns the description of the MLP and the
novelty detection technique, they were mostly adapted from Bishop (1994, 1995).

47
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4.1.1 The MLP structure

The MLP consists of successive layers of units, with connections running from each unit
in one layer to each unit of the next layer (Figure 4.1). The input units z; represent,
fori=1,...,d (being d the dimension of the input space) the input variables, while the

extra input zg = 1 is added for the bias parameters (see below).

The hidden units compute a linear combination of the corresponding inputs through

the network parameters, called weight and indicated with w, according to

d

1
a; = ij(.i)xi, (4.1)
i=0
where wf,.?, for i =1,...,d, represents the weight linking the input unit ¢ to the hidden
unit 7, 'wj%) is the bias adaptive parameter of the hidden unit j and the superscript (1) is
used to indicate the first layer of weights. The activation of the hidden unit 7, identified

with z; and representing the input for the next layer, is then obtained by applying an

Output Units

Second Layer
of Weighs

Hidden Units

First Layer
of Weighs

Input Units

FIGURE 4.1: Example of MLP neural network having two layer of adaptive parameters.
The bias parameters in the first layer are shown as weights from an extra input having
fixed value of zg = 1. Similarly, the bias parameter in the second layer are shown as
weights from an extra hidden unit, with activation again fixed at zp = 1.
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Hyperbolic tangent

FIGURE 4.2: The hyperbolic tangent activation function.

activation function, g(-), to the summation of Equation 4.1

zj = g(a;). (4.2)

Examples of activation functions are the hyperbolic tangent (Equation 4.3a, shown in

Figure 4.2 and used in the present study) or the logistic function (Equation 4.3b)

et — g~ ¢
= 4,
g(a) g (4.3a)
(a) = . (4.3b)
R = T e '

The MLP output y; (where k = 1,...,c, with ¢ the dimension of the output space) is
then obtained by applying a second activation function, g(-), to the weighed combination

through the second layer of weights 'w,(;) of the activations of the hidden units z;

M
Y=g ng}zj , (4.9)
3=0

where M indicates the number of hidden units and, as for the input layer, the hidden

units zg = 1 is added for the bias coefficients.
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The activation function of the second layer depends on the network application. Net-
works for classification use the logistic (Equation 4.3b) activation function or, for out-
puts mutually exclusive, the softmaz function (Nabney, 2001). Regressional networks,

as those used in the present study, are simply based on the identity function.

The equation of the MLP used in the present work is then

M d
w=> wlg (Z w](.})xi)) , (4.5)
3=0

1=0

being g the hyperbolic tangent function. It is important to notice that this function sat-
isfies the requirements prescribed by the universal approzimation theorem (see Haykin,
1998). Provided that the number of hidden units is sufficiently high, Equation 4.5 can

represent any continuous input-output mapping with arbitrary accuracy.

4.1.2 The error function

The objective of the MLP training is to create a statistical model of the underlying
generator of the data. This objective is realized by means of a training data set repre-
sentative of the relationship to be modelled (i.e., supervised learning). The training data
set is here indicated with (x™;t") forn =1,..., N, where n and N are the subscription
of the teaching input-output pair and the training data size, respectively. The bold
letters x and t are used to indicate, in an array notation, the input and the target data,
respectively. For the cases study here considered, the input variables are represented
by the R, at different wavelengths, while the targets correspond to the property of the

water components to be modelled.

The most general statistical descriptor of the process that generated the training data
set is represented by the probability density p (x,t) in the input-target space. This joint

probability can be decomposed in

p(x,t) = p(tIx)p(x), (4.6)
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where p (t|x) indicates the conditioned probability density of the target t on the input

is x, and p(x) represents the unconditioned probability density of x.

The probability density of having the entire training data set is given by the likelihood

(£) function

L = Hp(xn7tn)
= JIp@"x"p . (47)

Finally, the error £ (i.e., the quantity to be minimized during the learning process
by identifying the proper set of network adaptive parameters) is defined as the as the

negative of the logarithm of the likelihood
E=-InL=-) Inp(t*x") - > Inp(x"). (4.8)
n n

Algorithms for functional regression and classification aim at representing only the
density probability of the output conditioned by the input. Thus, the second term of
Equation 4.8 does not play any role in the learning process, and can thus be neglected.

This reduces the error function to
£=- lnp(t"x"), (4.9)
n
and the statistical dependence of the target from input to

p(th) = [[ p(telx) - (4.10)
k=1

The explicit expression of the error £ depends on the characteristics of the training
data set. Here, it is assumed that each target output, #g, is the result of a deterministic

function, hx(x), plus the additive noise, €, normally distributed with zero mean and
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standard deviation equal to o (Equation 4.11a and 4.11b, respectively)

tk = hi(x) + € (4.11a)

1 ei
p(ek) - (27_‘_0_2)1/2 exp (_—Z‘F> . (411b)

The objective of the MLP is then to represent the function k. Substituting Equation 4.5
into Equation 4.11a, and combining the latter with Equation 4.11b, it follows that the

conditional dependence of the output from the input can be expressed as

W) — £ 12
p(telx) = mexp (— (e ’20)2 adi > : (4.12)

The expression of the error function can be rewritten, substituting Equation 4.12 into

Equation 4.9, as

c

N
_ 1 a. ny2 Ne
€= 5m02 n§=1ﬁk 1{@/k(x iw) = )7 + Nelno + = In(2m). (4.13)

Finally, removing from the latter all the terms not depending on the model adaptive
parameters, w (here indicated in array notation), the quantity to be minimized during

the learning process is the sum-of-squares errors

N ¢

£= %ZZ{yk(xn;w) Ity (4.14)

4.1.3 Interpretation of the network outputs

According to the principle of the mazimum likelihood, the objective of the algorithm
learning is to determine the set of adaptive parameters that minimizes the sum of squares
errors of Equation 4.14. In order to have a statistical interpretation of the network

outputs, lets consider an hypothetical infinite training data set (i.e., N — o0). The
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error £ can then be expressed as

N ¢
.1 n n
E = lim WZZ{yk(x s w) — t7}2

N—oo
n=1k=1

_ '2%'; / / (s W) — ta} p(te, x)dtrdx. (4.15)

Decomposing the joint probability into the products of the unconditional probability of

the input and the conditioned probability of the output, Equation 4.15 becomes

&= %\7 kZZI/ / {yi (6 w) =t} p(telx)p(x) dpdsx. (4.16)

Considering in Equation 4.16 the integration over t;, and then substituting into the
resulting equation the expressions (Equation 4.17a and 4.17b) of the conditional averages
of the target data

(tlx) = [ tup () (4.172)

(2]x) = / 2p (t4)x) d, (4.17b)

it follows that the error can be written as

£ = 33 [tntxw) - Gel0Pa(xdx
k=1

453 [1H) - b Plpdx. (418)
k=1

Thus, the error can be decomposed into the sum of two terms, of which the first only
depends on the adaptive parameters of the algorithm. Taking that the second term is
non-negative, the Equation 4.18 shows the important result that the error is min-
imized when the algorithm output corresponds to the mean value of the
target data conditioned on the input, being y; the regression of (fx|x) (see Fig- -

ure 4.3). This result was derived on the assumption of an infinite training data set and
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FIGURE 4.3: Schematic representation that the network resulting from the minimiza-
tion of error function of Equation 4.18 corresponds to the regression of the average
target data.

depends on the MLP capability of representing any continuous input-output mapping.
When the size of the training data set is limited (as for the experimental data considered
in the present study), it is not possible to represent the conditioned density of the target
data with arbitrary accuracy and the network complexity has to be defined optimizing
the algorithm generalization capability, as discussed in Section 4.1.5. It is important to
highlight that Equation 4.18 also represents the basis of the novelty detection technique
(see Section 4.2), adopted in the present study to define the range of applicability of the

algorithms.

4.1.4 Optimization algorithms

The network learning consists in the minimization of the error function of Equation 4.14
with respect to the adaptive parameters of the network. Because the error is a non linear
function of the adaptive parameters, this minimization can not be done analytically. The

minimization of the error function is then performed through an iterative process

witl = w4+ Aw”, (4.19)

where, in the array notation, w indicates the set of adaptive parameters of the network
and 7 represents the step number. The initial set of adaptive parameters (w™=0) is chosen

randomly from a predefined distribution (in this study represented by a multivariate
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normal distribution with zero mean and unit standard deviation). The final vector

represents the set of weights to be used for the operational application of the network.

In order to compute the iteration step Aw7™, most of the learning algorithms use the
gradient of the error Vw&. The advantage of using V& relies on the fact that this
quantity can be efficiently computed through the back propagation method (see Bishop,
1995). The simplest learning algorithm based on the gradient of the error function is the
gradient descendent. This method prescribes to set the increment to —nVE", where
VwET is the gradient of the error function at the iteration 7, and the coefficient 7 is
called learning rate. The gradient descendent is one of the firsts and most common
learning algorithms, but presents the disadvantage of generally requiring a large number

of iterations to converge to a steady point of the error function.

More recent and effective learning algorithms were proposed, and some of the most

effective ones compute the increment step according to

Aw™ = XTd", (4.20)

where d is called searching direction and A7 is chosen to minimize the following error

function (Equation 4.21) that, once d is defined, only depends on the parameter AT

EO) = E(w™ +A7d"). (4.21)

There are different versions for these learning algorithms, according to the method to
compute A and d. Among the optimization algorithms based on this approach, the scaled
conjugate gradients (SCG) is that used in the present study. The SCG is characterized
" by the fact that each iteration step in computationally more demanding than other

methods, but it requires much less iteration steps.
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4.1.5 MLP generalization capability and performance assessment

The objective of the network implementation is to give the most effective prediction
when new inputs are presented (generalization capability). In order to optimize the
network generalization capability, it is necessary to take into account that the network
adaptive parameters are defined through a minimization process based on a finite data
set of teaching samples. If the data are noisy, as the case for the experimental data used
in this study, the best generalization will not be obtained by the function perfectly fit-
ting the training data but by the network capturing the underlying function from which
the data were generated. Thus, instead of using more flexible networks with the scope
of highly reducing the training error, it is necessary to contro! the network complexity
to optimize the network generalization capability. The methodologies adopted in the
present study to improve the network generalization capability are based on the model
selection (Section 4.1.5.1) and on the use of a weigh regularization term (Section 4.1.5.2).
The aforementioned considerations also indicate that an estimate of the network per-
formance needs to be based on a set of input-output pairs (i.e., validation data set)
different from that used for the training. To better exploit all of the available data,
the network validation methodology adopted in the present study is the cross-validation

(Section 4.1.5.3).

4.1.5.1 Model selection

The network generalization capability depends on the number of hidden units (here after
also indicated as network architecture). If the architecture is too simple, the network may
not have enough degrees of freedom to properly represent the function that generated
the training data. On the other hand, if it is too complex, the network is capable to also

fit noise and outliers.

The methodology adopted in the present study to identify of the most suitable network

architecture consisted first of assessing the performance of the network made by a single
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FIGURE 4.4: Schematic representation of the problem of the curse of dimensionality.
The number of cells of side grows as the exponential of the input space dimensions
(adapted from Bishop, 1995).

hidden unit and then adding new hidden units until the network performance was not

showing any further appreciable improvement.

Together with the architecture, the network has also to be optimized with respect
to the set of the input quantities (i.e., here indicated as network configuration). The
use of a lower dimensional input space represents a way to address the problem of the
curse of dimensionality (Bishop, 1995). This can be introduced as follows: suppose
that the input data (x) of training set (see Section 4.1.2) are uniformly distributed over
an hypercube of side H (Figure 4.4). The quantity xo indicates a generic point to be
classified by the network and Az is the side of a d-dimensional neighborhood centered in
xg (Figure 4.4). The expected number of teaching examples N, filling the cell centered
in xg, corresponds to the ratio between the total number of teaching examples (N) and

the number of cells ((H/Az)%)

~ N
N=—1—. 4.22

(H/Aa)? (422
The teaching sampling density thus grows as the inverse of the exponential of the input
space dimension and this penalizing behavior is named the curse of dimensionality. In

practice, the former constraint is not so effective as in the example as i) the teaching
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samples are not uniformly disfributed but more concentrated in specific regions of the
input space, and ii) the network approximates the unknown function using contextual,
and not just local, information. Nevertheless, the reduction of the dimensions of the
input space can significantly increase the density of the training data and thus also the
capability of the network to more effectively represent the underlying generator of the
data. An intuitive way to see the advantage of not using further input dimensions other
than those ensuring the network performance, is given by the principle of the Occam

I‘&ZOI‘2 .

The most suitable set of input quantities has been identified in the present study
as follows. First, the performance of the network based on a minimal set of input
quantities is assessed. Then, the performance of the former network is compared with
that resulting from the network based on one more input quantity. The set of inputs
producing the best network performance are retained and compared, in the next step,
with the network using one more input quantity. This procedure is repeated until no
significant improvement could be observed. This simple way of proceeding is preferred
in respect to other approaches commonly applied for the reduction of the dimension of
the input space (i.e., such as the Principal Component Analysis (PCA) and Independent
Component Analysis (ICA)) because i) it ensures the use on the prior information on the
known relevance of some specific inputs and also ii) it permits to preserve the information
content associated to each individual input. Other advanced statistical approaches for
the automatic determination of the relevance of the different input quantities (such
as the ARD method, MacKay (1994)) were not used, being more effective for high
dimensional input space and when the input quantities are characterized by a relative

different importance more significant than that observed in the present case study.

2“No more things should be presumed to exist than are absolutely necessary.” Principle
attributed to W. Occam, 1280-1349
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4.1.5.2 'Weigh decay factor

Instead of limiting the number of the adaptive parameters, the smooth properties of
the network can also be enhanced using the regularization technique. This technique

prescribes to add to the error function (Equation 4.14) a penalty term §
E=E+19, (4.23)

where v is called regularization coefficient. The network adaptive parameters are then
determined by minimizing E, while the value of v controls the degree of influence of the
penalty term €. In the present study, the penalty term applied to the error function is
the weight decay (Equation 4.24), consisting of the sum of the squares of the adaptive

parameters

Q=Y u? (4.24)

where the summation is over all the weights of the network.

The functioning of the weight decay depends on the fact that when the value of the
model adaptive parameters are close to zero, the network outputs become an approxi-
matively linear function of the input. In fact, the hyperbolic tangent is approximatively
linear for a small value (i.e., close to zero) of its argument (Figure 4.2). Thus, the
value of the regularization coefficient controls the effective complexity of the network.
For a large value of v the network is forced to be highly smoothed, while for a small
value the network can overfit. In the present study the regularization coefficient has also
been used to control the variability of the network performance for subsequent training-
validation exercises of the same MLP configuration. This has been done testing different
values of the regularization coefficient, and then keeping that allowing a more effective

identification of the proper number of network adaptive parameters.
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4.1.5.3 Cross-validation

The objective of the network implementation is to represent the underling generator of
the data and not to represent the training data itself. For this reason, the accuracy of
the network products has to be assessed with respect to a validation data set different
from that used to define the adaptive parameters of the network. The simplest way to
do this is to separate the available data into two parts, one to be used for the network
training and the other for the validation. The disadvantage of this approach is that it
significantly reduces the size of the data set used to determine the adaptive parameters
of the network, and this may become a significant limitation when the availability of the

teaching sample is limited as for the experimental data used in the present study.

In order to better exploit the set of experimental measurements, the method adopted
to evaluate the algorithm performance is the cross-validation procedure. The cross-
validation prescribes to partition the data set into different segments. One of the seg-
ments is then used for the validation of the algorithm, while the ensemble of the remain-
ing data is used to train the model. Successively, a different segment is used for the
validation and the network is trained with all the remaining segments. The procedure
terminates when the network is applied to all the available data. The cross validation
has been here applied dividing the training data set into three different segments (See
Figure 4.5). Additional information on the criteria adopted for the separation of the

experimental data set in the different segments, and on the implementation of the fi-

D1 D2 D3

FIGURE 4.5: Schematic illustration of the partitioning of the data set into 3 segments
(D1, ...,D3) for the cross-validation. The MLP is trained (run) 3 times, each time using
a sub-set of the data set in which one of the segments (shown shadowed) is omitted.
Each trained network is then tested on the data from the segment that was omitted
during the training (adapted froms Bishop, 1995).
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nal network for the operational processing of remotely sensed data, are described in

Chapter 5, specifically presenting the algorithms developed in this study.

4.2 The novelty detection technique

One of the key aspects to be considered in applying neural network algorithms is that
the reliability on the output depends on how the input data resemble the data used to
define the network adaptive parameters. This consideration can be applied to distinguish
between i) input data similar to the training data and for which the algorithms perfor-
mance is expected to be close to that assessed by the validation process and ii) novel
data (i.e, data substantially different from those used for the network training) for which
the network is likely to produce less accurate results. The principle of novelty detection

method (Bishop, 1994) is hereafter presented.

The definition of the adaptive network parameters depends on the minimization of
the error of Equation 4.14, and given for the case of an hypothetical infinite data set by
Equation 4.18. The latter is composed of two terms: the first related to the difference
between computed and target (i.e., measured) quantities and the second depending on
the distribution of the target data conditioned on the value of the input. The latter rep-
resents the intrinsic variability of the experimental measurements and does not play any
role in the process of the algorithms training. Thus, it will not hereafter be considered.

The first term, here rewritten for clarity

£=>" / [y (o5 W) — (84302 p(x)dx, (4.25)
k=1

indicates that the difference (used in defining the adaptive parameters of the networks)
between computed, yi(x;w), and corresponding regressional, target value (t;|x), is
weighted on the probability density of the input quantity, p(x). More precisely, in

Equation 4.25 the probability density of the input data, p(x), plays the role of accuracy
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(i.e., oy(x)) of the computed values. This suggests that the p(x) provides an appropriate

guantity to associate the novelty of the inputs with the accuracy of the outputs.

In the present study, the range of applicability of the algorithms was identified as
follows. First, the p(x) of the training data has been estimated through a multivariate

normal distribution

p(z) - {—%(x )T u)} . (4.26)

T enizp °

Input data for which the p(x) was lower than a threshold value were considered novel
and thus outside of the range of applicability of the algorithm. It has anyway to be
considered that this approach is more significant in the case that accuracy network
outputs actually varies as 1/ \/p_()_cj . In the case study here investigated, this condition is
only in part fulfilled due to the relevance of specific combinations of water components,
beside of the density of the input data, in determining the algorithm accuracy (see

Chapters 6 and 7).



Chapter 5

Retrieval of the Optically Significant

Seawater Components

This chapter focuses on the development and the performance assessment of the MLP
algorithms for the retrieval of seawater components in optically complex conditions,
and is organized into two papers submitted to IEEE Transactions in Geoscience and
Remote Sensing. The references of these works are included in the thesis reference list

for completeness.

The first paper concerns the retrieval of the phytoplankton seawater component. The
accuracy of the MLP algorithms - developed using the CoASTS data set - in retrieving
the chlorophyll-a concentration, was compared with the accuracy of the classical band
ratio algorithm (also developed with CoASTS data) and with the accuracy of the OC4v4
algorithm (O’'Reilly et al., 2000), routinely used for the operational processing of Sea-
WiFS data. Furthermore, the accuracy in retrieving the absorption of the pigmented
particulate matter at 443 nm instead of the concentration of chlorophyll-a, was also in-
vestigated. The evaluation of the algorithms accuracy was made with respect to i) the
entire CoASTS data set, ii) separately considering Case 1 and Case 2 water conditions
and iii) additionally applying the algorithms to SeaWiFS derived R,s data matching

with in situ measurements.

63
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The second paper is addressed to the retrieval of the coloured dissolved organic matter
(CDOM) and the non pigmented particulate matter (NPPM) absorption coefficients. A
new methodology is applied for the retrieval of these two components. This method
prescribes i) the definition of the regressional parameters of the exponential functions
interpolating the experimental data at different wavelengths, and then ii) the implemen-
tation of the MLP algorithms for the retrieval of the regressional parameters from the
R,s;. The advantage of this approach with respect to previous studies is the determina-
tion of the absorption spectra and not just the absorption coefficients at some specific
wavelength. The validation of the MLP algorithm assessed the accuracy in retrieving
both the regressional parameters, as well as the absorption coefficients derived from the

regressional parameters.
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Phytoplankton Determination in an Optically
Complex Coastal Region Using a Multi Layer
Perceptron Neural Network!

Abstract

The determination of phytoplankton in seawater, quantified as chlorophyll-a concen-
tration (Chl-a) or absorption of pigmented matter (ap), is a major objective of optical
remote sensing. The accuracy of Multi Layer Perceptron (MLP) neural network algorithms
in determining Chl-a and a, at 443 nm as a function of the multispectral remote sensing
reflectance (R,s), was investigated for optically complex waters. The implementation of the
MLP algorithms was carried out relying on an experimental data set collected in a coastal
region of the northern Adriatic Sea. The performance of the algorithms was assessed on both
separate and combined Case 1 and Case 2 water types. The proposed MLP algorithms showed
a better accuracy both with respect to other algorithms developed on the basis of the same
data set as well as respect to independent algorithms operationally used for the processing
of SeaWiFS (Sea-viewing Wide Field-of-view Sensors) data. The study also showed an high
accuracy in determining app(443), and thus further confirmed the possibility of computing

the inherent optical properties of seawater significant components from the R, spectra.

Index Terms

Neural network, bio-optical modelling, ocean colour.

"The content of this Section was submitted to IEEE Transactions in Geoscience and Remote Sensing by Davide
D’Alimonte and Giuseppe Zibordi, in January 2003 and accepted for publication. The core theme of the paper is
the retrieval of the phytoplankton component from R, data using MLP algorithms. The ideas, development and
writing up of the paper were principal responsibility of the thesis author. The inclusion of co-authors reflects the
fact that the work came from active collaboration between researchers and acknowledges input into a based team

research.
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I. INTRODUCTION

AND ratio algorithms currently used for the determination of chlorophyll-a concentra-
B tion (Chl-a) from remote sensing data perform better in open ocean waters (generally
identifi ed as Case 1 (Morel and Prieur, 1977)) than in coastal waters (here identifi ed as those
permanently or occasionally considered as Case 2 (Morel and Prieur, 1977) because of bottom
resuspension, coastal erosion, river inputs, or by simple anthropogenic impact). This different
accuracy in retrieving the Chl-a is mostly due to the increased independent variability of the
optically signifi cant water components in Case 2 waters, while the validity of the band ratio
approach relies on the correlation between phytoplankton and the other optically signifi cant
substances (i.e., the coloured dissolved organic matter and the non pigmented particulate
matter).

In addition, the relationship between Chl-a and K, ratio varies not only from open ocean
to coastal waters but also between different coastal areas. The ideal data set used for the
implementation of the empirical algorithm should then represent all these specifi ¢ regional
conditions. Nevertheless, the inclusion within a single data set of too many different regional
bio-optical conditions easily lead to a lower intrinsic accuracy of the band ratio algorithm,
despite of its more general applicability.

As an attempt to overcome the limitations of the band ratio approach, different investigators
used the Multi Layer Perceptron (MLP) neural network to produce ocean colour algorithms.
Attractive properties of the MLP are the capability of i) representing complex input-output
relationships and ii) effi ciently handling a multi-dimensional input space represented by the
R, at different wavelengths. An MLP for the retrieval of Chl-a in Case 1 waters was developed
(Gross et al., 2000) on the basis of a synthetic data set created with an existing bio-optical

model (Morel, 1988). A second study on the MLP performance in Case 1 waters (Keiner and
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Brown, 1999) was made on the basis of the SeaBAM data set (O’Reilly et al., 1998), composed
of 919 samples. These MLP algorithms, validated with in situ measurements, showed a better
performance than the OC2 band ratio algorithm (O’Reilly et al., 1998) also based on the
SeaBAM data set. Different authors, (Buckton et al., 1999; Shiller and Doerffer, 1997) with
synthetic data only, showed the possibility of using the MLP to refrieve the phytoplankton
pigment concentration, the suspended matter concentration and the the coloured dissolved
organic matter in both Case 1 and Case 2 waters. Analogous results were obtained (Cipollini
et al., 2001) with the GRBF (Generalized Radial Basis Function) neural network,

The aim of this work is to investigate the accuracy in retrieving the Chl-a and the absorption
of the pigmented particulate matter at 443 nm (a,,(443)) from R, in optically complex
coastal waters. It is pointed out that the determination of the absorption a,;(443), as an
alternative to Chl-a, is relevant for the modelling of marine bio-optical processes (Lee et al.,
1996; Morel, 1991). The experimental data set used in this study was collected within the
framework of the Coastal Atmosphere and Sea Time-Series (CoASTS) program carried out
in the northern Adriatic Sea at the Acqua Alta Oceanographic Tower (AAOT) (Berthon et al.,
2002; Zibordi et al., 2002). The sampling site ensures the presence of both Case 1 and Case 2
conditions (Berthon et al., 2002), making the CoASTS data set particularly appropriate for
this analysis.

The performance of the MLP algorithms is here compared with i) band ratio algorithms
developed on the basis of the CoASTS data set, and ii) the OC4v4 algorithm (O’Reilly et al.,
2000) (based on multiple band ratios) developed on the basis of the SeaBAM data set and
routinely used for the operational processing of the SeaWiFS (Sea-viewing Wide-Field-of
view Sensor, Hooker and Esaias, 1993) data. The comparison with the OC4v4 is made more
signifi cant by the fact that this algorithm has been developed with a data set containing a small

subset of the CoASTS data. Thus, this analysis will also give some insight on the relevance of
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including some points from an optically complex coastal region in a large data set to develop
a more general algorithm.

The comparison of the accuracy of the different algorithms here analyzed, was made both
on the basis of the CoASTS data set as a whole, as well as considering separately Case 1
and Case 2 data. In addition, R,s derived from a set of SeaWiFS data coincident with in situ
measurements was used to qualitatively discuss the response of different algorithms on actual

remote sensing data.

II. DATA SETS
A. The insitu data set

The measurements used in this study were collected within the framework of the Coastal
Atmosphere and Sea Time-Series (CoASTS) program that supports ocean colour calibration
and validation activities through a comprehensive data collection at the Acqua Alta Oceano-
graphic Tower (AAOT) in the northern Adriatic Sea. The measurement site, located 8 nautical |
miles southeast off the Venice Lagoon (latitude 45°19'N, longitude 12°30E), exhibits waters
type close to the separation threshold suggested by Loisel and Morel (1998) for Case ! and
Case 2 waters (with roughly one third of the CoASTS measurement stations pertaining to
Case 2, see Figure 1). Data used in this study were collected in the period from October 1995
up to December 2001.

In-water measurements of upwelling radiance, upward and downward irradiance from the
Wire Stabilized Profi ling Environmental Radiometer (WiSPER) system were used to derive the
R,s (D’Alimonte and Zibordi, 2001) at the center wavelengths corresponding to the SeaWiFS
visible channels (412, 443, 490, 510, 555, and 670 nm). Chl-a was obtained through High
Performance Liquid Chromatography (HPLC) (Targa et al., 2000). The concentrations relevant

to this study are in the range 0.1 to 9 mgm™3, with mean and standard deviation equal to
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Fig. 1. Scatter plot of the beam attenuation coeffi cient C at 660 nm versus the chlorophyll-a concentration (Chl-a)
for the data included in the CoASTS data set (October 1995 - December 2001). The line separates Case 1 from

Case 2 waters conditions (Loisel and Morel, 1998).

1.4 and 1.3 mgm™3, respectively.

The pigmented particulate matter absorption was measured through a spectrometric tech-
nique (Tassan and Ferrari, 1995) applied to the deposit obtained from the sea water sample
fi ltration on fiber glass fi lters with 0.7 um pore size. The bleaching technique (Tassan and
Ferrari, 1995) was used to separate the contribution of the pigmented and non pigmented
fractions. The a,,(443) measurements relevant to this study are in the range 0.01 to 0.3 m™},
with mean and standard deviation equal to 0.04 and 0.05 m™!, respectively.

In order to ensure the highest independence between validation and training data, in situ
measurements corresponding to satellite match-ups (31 SeaWiFS scenes) were not used for
the algorithms development. The data set supporting the study was composed of 456 Chl-a
and a,p(443) measurements. Each measurement produced from the analysis of water samples,
was associated to one or more successive reflectance spectra measurements. The total number

of pairs of Chl-a (or ap(443)) and corresponding R.s spectra, is 906.
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B. The SeaWiFS data set

A set of 31 SeaWiFS derived R, coincident with ir situ Chl-a measurements was used
to evaluate the algorithms performance with respect to actual remote sensing data. The R,
is obtained by applying an approximate atmospheric correction scheme (Sturm and Zibordi,
2002) whose accuracy was theoretically (Bulgarelli and Zibordi, 2003) and experimentally

(Mélin et al., 2002) assessed.

III. METHODS

This section presents the methodologies used for the development and the assessment of
the MLP algorithms. For completeness, the band ratio algorithms later on compared with the

MLP, are also presented.

A. MLP algorithms

MLP can be defined as a parameterized distributed algorithm consisting of a network of
simple non-linear processing units called neurons and “may be viewed as a practical vehicle
for performing a non-linear input-output mapping of general nature” (Haykin, 1998). The
general principles of the MLP functioning, as well as the specifi ¢ methods applied below,
are presented in several textbooks (Bishop, 1995; Cherkassky and Muller, 1998). The MLP
algorithms to derive the phytoplankton component from R,; have been implemented by means
of the Netlab toolbox for MATLAB (Nabney, 2001). The adopted MLP consisted of one layer
of hidden neurons, a sigmoid activation function for the hidden layer and a linear activation
function for the output layer. In fact, this confi guration can represent any continuous input-
output mapping (Haykin, 1998). The Scaled Conjugate Gradient (SCG) (Bishop, 1995) was
used for the optimization of the algorithm parameters, while the number of training cycles
was 100. Hereafter the discussion is focused on the methodologies used for the development,

the performance assessment and the generalization improvement of the MLP.
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1) Data pre-processing: The data pre-processing consisted in standardizing (i.e., subtracting
their mean value and dividing by their standard deviation) the logarithm of both the R,
(at each wavelength separately) as well as the Chl-a or the a,;(443), by assuming that the
considered bio-optical quantities are lognormally distributed (Campbell, 1995).

2) Multiple training to identify the proper set of MLP parameters: The algorithm perfor-
mance depends on the initial conditions of the weight values due to local minima of the
error function. Thus, the simple strategy of training and testing three times the same MLP
architecture was adopted to identify non effective learning processes.

3) Cross-validation: The objective of the algorithm development is to identify the general
relationship that relates the input and output data. Thus, the algorithm validation has to assess
the model generalization capability and not its capability of fi tting the training points. This
is particularly relevant for MLP, where the number of free parameters makes the over fitting
a risk. The simplest way to assess the algorithm performance with points different from
those used for its implementation is to divide the data set in two parts, one for the training
and the other for the validation. This straight forward procedure is only applicable if the
size of the data set is large with respect to the number of the algorithm parameters. When
the data availability is limited, as for the in sifu measurements here used, some alternative
algorithm validation techniques should be used to better exploit all the available data. The
cross-validation (Cherkassky and Muller, 1998) is the technique applied in this study.

The cross-validation requires to separate the data set into different segments: all except
one are used for the algorithm development, while that discarded is used for the validation.
The procedure is reiterated, each time using a different segment for the validation, until the
algorithm performance has been evaluated over the entire data set. The main limitation of this
method is its computational demand because of the several trainings required for the same

MLP architecture.
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D1 D2 D3

Fig. 2. Schematic illustration of the partitioning of the data set into 3 segments (D1, ...,D3) for the cross-
validation. The MLP is trained (run) 3 times, each time using a sub-set of the data set in which one of the
segments (shown shadowed) is omitted. Each trained network is then tested on the data from the segment that was

omitted during the training (adapted from Bishop, 1995).

The cross-validation technique was here implemented dividing the CoASTS data set in
three segments (Figure 2). The partition was created accounting that one water sample could
correspond to various successive optical profi les (Section II-A). Then, to ensure the highest
independence of the validation data, all the profi les from the same water sample were included
into a unique segment.

The scattering and the bias of the algorithm results (y), with respect to corresponding
measured values (t), were here expressed in terms of absolute (¢, Equation 1a) and signed

(6, Equation 1b) percentage differences, respectively:

3 N 1
£ =100— Z Z til (1a)
k 11i=1
3 N 1;
~100— Z Z Zk 'k (1b)
k 1i=1

where the indices & and ¢ indicate the validation segment and the sample in the validation
segment, respectively; Ny is the number of samples in the validation segment &; and N is
the total number of samples in the data set.

4) Complexity optimization: The MLP generalization capability depends on the algorithm

architecture (i.e., the number of neurons in the hidden layer). When there are too many hidden
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neurons, the MLP can reproduce non-meaningful details of the training data (i.e., such as noise
and outliers). This affects the actual algorithm performance and indicates that the functional
form is too complex with respect to the size of the training data set.

The algorithm complexity was optimized testing different MLP architectures having a
minimum of a single neuron up to a maximum of 20 neurons into the hidden layer. Initial
results showed some variability (especially for more complex MLP architectures) of the
algorithm performance for subsequent retraining of the same MLP architecture. In order to
reduce this variability, a weight decay regularization term was then added to the error function
(Bishop, 1995). The weight regularization, penalizing high curvatures in the regressional
function, makes more diffi cult to fit noise and outliers. Different weight decay coeffi cients
(o) were tested in various trial and error exercises and the value @ = 0.01 was adopted in
the current study.

5) Input selection: Besides the model architecture, also the set of input variables is relevant
in the algorithm development, and was then specifi cally investigated. The analysis was ad-
dressed to identify the minimal set of input quantities that still ensures the algorithm accuracy.
In fact, simpler MLP architectures are more robust and with a better generalization capability.
In addition, the lower dimension of the input space also facilitates the identifi cation of the
region of applicability of the algorithm (D’Alimonte et al., 2003). A Bayesian statistical
methodology (MacKay, 1994) is proposed in literature for the automatic determination of the
relevance of input quantities. This approach is particularly effi cient when applied to a high
number of input variables having signifi cantly different relative relevance. Here, due to the
restricted number of variables and the correlation between the R, at different wavelengths,
the identifi cation of the appropriate set of input quantities evolved through different empirical
steps. First, an MLP was developed using as input the set of R,s at 490 and 555 nm commonly

used for band ratio algorithms (O’Reilly et al., 1998). The performance of this model was
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Fig. 3. Dependence of the MLP performance on the algorithm architecture for the different sets of input variables
for the Chl-a (a) and a,;, (443) (b) retrieval . The error bars represent the MLP performance variability for different

subsequent MLP training.

then compared with that of other MLPs developed adding to the pair of R, at 490 and 555
nm, the R, at one of the remaining wavelengths. This allowed to identify which wavelengths
carry the most effective additional information. The process was then iterated adding each
time the R,s at one of the wavelengths not used in the confi guration identifi ed as optimal in

the previous stage.
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For the Chi-a retrieval, The dependence of the MLP performance on the algorithm archi-

tecture and on the input quantities (Figure 3(a)) showed that:

» The improvement of the MLP performance on the model architecture becomes negligible
with approximatively ten hidden neurons.

« An improvement of Chl-a retrieval can be observed with the addition of R, at 665
to the pair R, at 490 and 555 nm. This can be explained by the combined absorbing
and scattering properties of seawater optically signifi cant constituents (Robinson, 1994):
i) the phytoplankton, that on concentration increase induces a decrease in seawater
reflectance in the blue and an increase in the red (when compared to pure seawater); ii)
the non-pigmented particulate matter, that on concentration increase induces an increase
in seawater reflectance at all wavelengths; and iii) the coloured dissolved organic matter
(only absorbing), that on concentration increase induces a decrease in seawater reflectance
rising from the red to the blue.

o The analysis of the MLP performance with four or more input bands, showed that some
improvement can be obtained by adding the R,; at 510 nm to the confi guration based
on 490, 555 and 665 nm. The additional use of the R,; at 443 or at 412 nm was not
producing any further signifi cant improvement of the MLP performance.

In conclusion, the MLP confi gurations based on a minimal set of inputs and presenting
best results are those using the R, at 490, 510, 555 and 665 nm or at 490, 555 and 665
nm as input. With the purpose of using the simplest confi guration, the MLP applied in the
comparison with the band ratio algorithms is made of ten hidden neurons and is based on the
set of R, at 490, 555 and 665 nm (see Figure 4). This algorithm will be hereafter identifi ed

as MLPcyr 4.

A study similar to that made to develop the MLP¢y,,, was carried out to defi ne the most
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R,(490) ° S\ Output Unit
0 Chi-a or am(443)

Second Layer
of Weights

First Layer

of Weights

Fig. 4. Schematic representation of the MLP adopted for the retrieval of Chl-a and a,,(443). The MLP architecture
consists of three input, ten hidden units and one output. The input units =; correspond, fori =1,...,3, to the Ry,

at 490 555 and 665 nm. The extra input zo = 1 is added for the bias parameters Bishop (1995). The hidden units

3 @)

combine the inputs according to z; = g (Zi=0 wg; xi), where w(

2’ represents the weight linking the input unit

1 to the hidden unit j; w%) is the bias adaptive parameter of the hidden unit j; the superscript (1) indicates the

e?—a"?
e%te—a

first layer of weights and g(a) = is the hyperbolic tangent. The MLP output y (corresponding to Chl-a

or apn(443)) is then obtained through y = 211.0:0 w§2)zj, where wj(-z) represent for j = 0, ..., 10 the second layer

of weights. Analogously to the input unit, the hidden unit zo = 1 is added for the bias coeffi cients.

appropriate MLP for the retrieval of a,,(443). The results presenting its performance are given
in Figure 3(b). This (MLP, ,) showed the best performance when the R.; at 490, 555 and
665 nm are used as inputs (also highlighting the relevance of R,;(665), as for the retrieval of
Chl-a). The additional use of the R,; at 510 nm did not improve the algorithm performance,
while the use of other channels seemed to reduce it. As for the MLP¢y, 4, the most appropriate
algorithm architecture for the retrieval of ap(443) was given by ten hidden neurons. Thus

the same MLP architecture for the Chl-a retrieval was also adopted to model ap,(443).
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B. Band ratio algorithms

Band ratio algorithms derived from the CoASTS data set or used for the operational Chl-a
retrieval were applied to provide a comparison term to the MLP accuracy. Elements on these
algorithms are hereafter given.

1) The two-band polynomial regressional algorithm (AD2cy,.,): This algorithm for the
retrieval of the Chl-a as a function of the subsurface R, at 490 and 555 nm, was implemented
on the basis of a subset of the CoASTS data set (Berthon et al., 2002). Data used for the
algorithm development were almost equally representing Case 1 (49%) and Case 2 (51%)

waters. The algorithm equation is:

Chl-a = 10.0(0-091-1.620Rzs —1.148R3; —4.949R}) 2)

where Ryg indicates the R,s ratio at 490 and 555 nm. Hereafter this algorithm is identifi ed
as AD2cp,- In this study, the AD2y,, accuracy is assessed without applying the cross-
validation method (See Section III-A.3). This is assumed to not affect the algorithm validation
results as i) AD2y., was developed with a subset of the CoASTS data and ii) polynomial
regressional algorithms are much less subject to over fi tting problems than the MLP algorithms.

2) The OC4v4 algorithm: The OC4v4 algorithm was developed on the basis of a SeaBAM
data set (O’Reilly et al., 2000). The initial version of this data set was made of 919 R,
spectra and coincident chlorophyll-a concentration collected in different oceanic provinces.
A first polynomial band ratio algorithm, namely OC2, based on the initial SeaBAM data set
demonstrated a good performance (with an accuracy of +35%) in Case 1 waters with Chl-a
between 0.03 to 1 mgm~3, while a general overestimate was observed in eutrophic waters
(O’Reilly et al., 2000). In order to improve the Chl-a retrieval, the SeaBAM data set was
enlarged including new data (higher Chl-a and additional Case 2 water conditions). Some of

these additional data (35 points) were from the CoASTS data set.
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The OC4V4 algorithm, based on the enlarged version of the SeaBAM data set (2853 points),
is the result of a fourth order polynomial interpolation of the logarithm of the chlorophyll-a
concentration as a function of:

Rys = max {Régé} 3

where Rg‘gs represents the ratio with respect to R, at 555 nm of R, at 443, 490 and 510
nm (Maximum Band Ratio approach (MBR)). The MBR approach was adopted to use the
R, ratio at the most suitable wavelengths for different chlorophyll-a concentration ranges.
Specifi cally the algorithm switches from the 443 nm channel in oligotrophic waters to the

510 nm channel in eutrophic waters. The OC4v4 equation is:

Chl-q = 10.0(0-366—3.067Ras +1.930R25+0.649R35 ~1.532R};) )

3) Four-band polynomial regressional algorithms for retrieving the Chl-a (AD4cpyy) and
the ayp(443) (AD4,,): Polynomial regressional algorithms derived from the CoASTS data set
to determine the Chl-a and the a,;(443) were developed to specifi cally support the analysis of
the MLP performance . These algorithms, here identifi ed as AD4,., and AD4,, (for Chl-a
and apy,(443), respectively), use the same set of inputs (R, at 443, 490, 510 and 555 nm) and
the MBR approach applied for OC4v4. The accuracy of these algorithms was evaluated with
the same cross-validation methodology applied to the corresponding MLP models. Versions
of the AD4¢y, (Eq. 5a) and AD4,, (Eq. 5b) algorithms, created using the entire CoASTS

data set, are given by:

2 3 _ 4
Chl-a = 10.0(0.236~3.331R4s+2.386R4s+4.2834R4s 5.816R{s) (Sa)

aph(443) = 10.0(~3-360-2.107Rs+2.806 B35 ~2.785R35 —1.174Rds) (5b)

where R4g is defi ned in Equation 3.
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All (n=906) Casel (n=497) Case2 (n=274) SeaWiFS (n=31)

(%) &%) 2 | (%) B 2 | %) %) r2 | &%) &%) 2

MLPchiq 5 4 069 | 27 -1t 070 31 15 070 30  -18 080
AD2cwa | 35 214 057 | 37 31 064 | 33 3058 35 -1 072

e ocavs 60 s1 056 | 40 24 063 80 77 058 | 65 56 0.6
ADdcye | 36 8 056 29  -10 o062 4l 27 056 | 41 12 0.66
MLP,,, 22 3 0mm!| 23 1 076 | 20 4 079 27 -18 067

ek ADd,, 26 5 064 | 28 1 065 26 10 070 32 4 065

TABLE 1. Summary of the algorithms accuracy in retrieving Chl-a and app(443).

IV. RESULTS AND DISCUSSION
A. The retrieval of Chl-a

This section analyzes the accuracy of the MLP and of the different band ratio algorithms
here proposed for the retrieval of Chi-a. The algorithm accuracy is assessed over the entire
CoASTS data set (Figure 5), as well as i) separately considering Case 1 and Case 2 water
conditions for stations including measurements of the beam attenuation at 660 nm (i.e., needed
for the water type classifi cation) and ii) with SeaWiFS derived /&, (Table IV-A.1).

1) MLFgy., - The algorithm validation over the entire CoASTS data set shows an accuracy
€ = 31% with a mean overestimation § = 4% (Figure 5(al) and (bl), respectively). When
Case 1 and Case 2 conditions are separately considered (Table IV-A.1), the algorithm accuracy
becomes & = 27% (with an average underestimation 6 = —11%) for the former, and € = 31%
(with an average overestimation § = 15%) for the latter. An analogous accuracy (¢ = 30%) is
also observed with SeaWiFS derived R,;, even though associated to a mean underestimation
5 = —18% (probably explained by the additional R, uncertainty due to the atmospheric
correction of satellite data).

A further test, made adding the R.; at 510 nm as input, demonstrated that this channel
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slightly improved the Chl-a retrieval in Case 1 water but reduced the algorithm performance
in Case 2 conditions. This furthermore confi rms the validity of the set of inputs previously
identifi ed.

2) AD2cppa: The AD2¢ypy, algorithm shows an uncertainty € = 35% with respect to the
entire C'oASTS data set and a tendency to underestimate (§ = —14%) Chl-a, especially in
oligotrophic conditions (Figures 5(bl) and 5(b2)). The assessment of the model accuracy
separating Case 1 and Case 2 waters conditions shows a better results for the latter (¢ = 33%,
& = 3%) than for the former (¢ = 37%, ¢ = —31%). This can be explained by the different
representativeness of Case 1 and Case 2 waters within the development (half Case 1 and half
Case 2 waters) and the validation data sets (two third of Case 1 waters), as highlighted in
Sections III-B.1 and II-A, respectively. The AD2y;., application to SeaWiFS derived Ry
gives £ = 35% and 6 = —11%.

3) OC4v4: The application of the OC4v4 algorithm (Figure 5(c)) generally shows over-
estimated values, especially for low Chl-a concentration. For the Case 1 waters included in
the CoASTS data set, the retrieved Chl-a is more accurate (¢ = 40%) than for the optically
complex conditions (¢ = 80%) given by the Case 2 waters (see Table IV-A.1). Also, the
0OC4v4 results are more biased in Case 2 waters (0 = 77%) than in Case 1 waters (¢ = 24%).
The low performance of the OC4v4 algorithm, especially in Case 2 water condition, can be
explained by the different waters types represented by the CoASTS and SeaBAM data sets
and highlights the importance of developing specifi ¢ algorithms for optically complex coastal
regions. This result is made more signifi cant by the fact that a small subset of the CoASTS
data was used for the OC4v4 development.

4) AD4cy1,- The MBR polynomial algorithm specifi cally developed using the CoASTS
data shows, with respect to the entire CoASTS data set, an uncertainty of 36% (Figure 5(d1)).

The analysis restricted to Case 1 water shows € = 29% and ¢ = —10%, while it exhibits a
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Fig. 5. Scatter plot of computed versus measured Chl-a (left column) and corresponding distribution of uncertainty
(right column) for the different algorithms analyzed (MLP(y;_,, AD2¢y; ;. OC4v4 and AD4(y; , in (a), (B), (c)
and (d), respectively). The chlorophyll-a concentration is expressed in mg m~3. The dashed lines represent the

uncertainty of +35% with respect to the 1 to 1 line.
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lower accuracy in Case 2 waters (¢ = 41% and ¢ = 27%). In particular, it can be observed that
the algorithm tends to overestimate the Chl-a in oligotrophic conditions. The comparison of
these results with those from the MLPry;. , and AD2 ;. algorithms indicates that i) band ratio
algorithms developed on the basis of the CoASTS data set, whereas generally less performing
than the MLPry;,, can anyway give acceptable results (uncertainty less than 35%) for the
represented coastal waters and ii) band ratio algorithms are less performing than MLP in

handling, within a single regressional model, both Case 1 and Case 2 conditions.

B. apn(443) retrieval

The same approach used to assess the accuracy of the MLP and the MBR algorithms in
retrieving the Chl-a, were used to verify how these functional forms are suitable to develop
algorithms for the retrieval of ap,(443) (see Figure 6).

I) MLP,,: The accuracy in determining the ap,(443), shows that this quantity can be
retrieved with an higher accuracy than Chl-a. In fact, the uncertainty over the entire CoASTS
data set is € = 22% for apx(443), while it is ¢ = 31% for Chl-a. The separate analysis
of the algorithm accuracy in Case 1 and Case 2 waters shows uncertainties € = 23% with
0 = 1% and € = 20% with § = 4%, respectively. The a,;,(443) values resﬁlting from the
application of the MLP, , algorithm to SeaWiFS derived R, exhibit uncertainty € = 27%
with § = —18%. Among the algorithms considered, the MLP,, presents the largest difference
between the accuracy determined using the in situ and the SeaWiFS derived R,s. This can
be explained considering that the relationship between apn(443) and the R, spectra is more
deterministic than that between Chl-a and the R, spectra. In other words, the MLP is more
effective in reproducing the a,,(443) versus R, relationships, but the resulting algorithm is

also more sensitive to the uncertainty affecting the input quantities, i.e.,Rrs.
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Fig. 6. Scatter plot of computed versus measured a,n(443) (left column) and corresponding uncertainty distribution
(right column) as resulting from the application of the MLP,, andAD4.,, models ((2) and (b), respectively). The
absorption of the pigmented particulate matter is expressed in m™*. The dashed lines represent the uncertainty

of £35% with respect to the 1 to 1 line.

2) AD4,,: Whereas the AD4,  accuracy is not as good as for the MLP,,, it confirms
the improved accuracy in retrieving the a,;(443) with respect to the Chl-a, shown by the
MLP¢y., algorithm. Over the entire COASTS data set, AD4,, shows an uncertainty € = 26%
associated to a general overestimate 6 = 5%. The differences between Case 1 and Case 2
waters conditions (¢ = 28% with 6 = —1% and £ = 26% with § = 10%, respectively) are
lower than those observed for the Chl-a retrieval adopting the same functional form. As already
observed for the MLP, ,, a signifi cant reduction of the algorithm accuracy characterizes the

application of the AD4cy;., to SeaWiFS derived R, with respect to products derived from
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in situ R,s.

V. SUMMARY AND CONCLUSION

The capability of the MLP and of other band ratio algorithms to determine the phytoplankton
components (i.e., Chl-a and a,;,(443)) from R,; was evaluated on the basis of the CoASTS
data set, representative of optically complex coastal waters. The MLP algorithm complexity
was optimized testing different MLP architectures and different sets of input R,.;. The MLP
confi guration identifi ed as the most suitable for the retrieval of both Chl-a and g;(443) is
made by ten hidden neurons and is based on the R,; at 490, 555 and 665 nm.

The analysis of the accuracy of the MLP and of the other band ratio algorithms showed
that:

+ The MLP is more effective than band ratio algorithms in modelling both the Chl-a and
the apy(443). This resulted from an accuracy analysis carried out with the entire CoASTS
data set as well as separately considering Case 1 and Case 2 water conditions, and with
SeaWiFS derived R,s.

o The MLP and MBR algorithms, both demonstrated that a,,(443) can be determined with
a better accuracy than Chl-a (with an improved accuracy of about 10%). This suggests
that models for primary production study could benefit of this higher accuracy on the
apy, determination when assimilating ocean colour products.

« The band ratio algorithms developed on the basis of the CoASTS data set showed a
limited capability in handling within a single algorithm complex relationships relating
chlorophyll-a and R,s, both Case 1 and Case 2 waters.

o The OC4v4, when applied to the CoASTS data set, shows the highest uncertainty in
determining Chl-a. This is highlighted by the results obtained for Case 2 waters (see

Table IV-A.1) and for oligotrophic cases (see Figure 5(cl)), and further on confi rms the
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Determination of CDOM and NPPM Absorption

Coefficient Spectra from Coastal Water Remote

Sensing Reflectances!

Abstract

Multi Layer Perceptron (MLP) neural network algorithms were developed to retrieve
the absorption coefficient spectra of the colored dissolved organic matter (CDOM) and nen
pigmented particulate matter (NPPM) from the remote sensing reflectance R, of optically
complex waters. The two MLP algorithms, consisting of one hidden layer with ten neurons
and requiring R, at 412, 490 and 665 nm as inputs, were trained with a comprehensive
experimental data set of the Northern Adriatic Sea coastal waters. The products of the
proposed regional MLP algorithms showed lower uncertainties than regional band-ratio
algorithms, and exhibited average values of 20% and 25% in the determination of CDOM

and NPPM absorption coefficients at 412 nm, respectively.

Index Terms

Neural network, bio-optical modelling, ocean colour.

The content of this Section was submitted to IEEE Transactions in Geoscience and Remote Sensing by Davide
D’Alimonte and Giuseppe Zibordi, in March 2004. The core theme of the paper is the retrieval of the IOPs from
Ry, data using MLP algorithms. The ideas, development and writing up of the paper were principal responsibility
of the thesis author. The inclusion of co-authors reflects the fact that the work came from active collaboration

between researchers and acknowledges input into a based team research.
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I. INTRODUCTION

EAWATER components are conventionally grouped on the basis of their optical prop-
S erties and bio-geo-chemical origin in: pigmented particulate matter, colored dissolved
organic matter (CDOM) and non-pigmented particulate matter (NPPM). In the open ocean
water, generally indicated as Case 1 (Morel and Prieur, 1977), CDOM and NPPM are mainly
of phytoplankton origin and thus well correlated with it. For this reason, algorithms for
the determination of seawater components from remote sensing data of open ocean waters,
are mostly restricted to phytoplankton chlorophyll a. Differently, specific algorithms for the
determination of CDOM and NPPM in coastal regions (here identified as permanently or
occasionally Case 2 (Morel and Prieur, 1977) due to bottom resuspension, coastal erosion,
river inputs, or high anthropogenic impact), are still matter of investigations due to the reduced
correlation among seawater components (Sathyendranath, 2000).

Sensitivity studies based on synthetic data addressed the accuracy in retrieving the seawater
inherent optical properties using an oceanic radiance model (Hoge and Lyon, 1996, 1999). On
the applicative side a semi-analytical model was proposed for the retrieval of combined colored
dissolved organic matter and detritus particulate (equivalent to NPPM) absorption coefficients
from Moderate-Resolution Imaging Spectrometer (MODIS) data (Carder et al., 1999) assuming
the absorption exponentially decreases with wavelength according to a constant decay slope.
Various empirical algorithms were additionally proposed (Buckton et al., 1999; Kahru and
Mitchell, 2001; Keiner and Brown, 1999; Shiller and Doerffer, 1997; Tassan, 1994) for the
independent retrieval of CDOM and NPPM absorption coefficients (agpoar and anppy,
respectively) from remote sensing data at specific wavelengths. These models and algorithms
cannot however provide the spectral dependence of acpom and anppy, which may vary

from region to region, according to the specific bio-geochemical components of CDOM and
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NPPM (Berthon et al., 2002; Ferrari, 2000).

Aiming at improving the optical characterization of CDOM and NPPM in coastal waters
through remote sensing, a methodology is here presented to retrieve the agpom and anppps
spectra, instead of their values at a single wavelength, only making assumptions on the
functional form of their wavelength dependence. The proposed methodology is based on
a Multi Layer Perceptron (MLP) neural network for the determination of the parameters
defining the agpoar and ayppas spectra from the remote sensing reflectance R, at different
wavelengths. The study, restricted to the development of regional MLP algorithms, was carried
out with a comprehensive data set collected in an optically complex coastal region of the
northern Adriatic Sea.

This work complements a previous study based on the same experimental data set and
addressing the effectiveness of MLP algorithms in retrieving the phytoplankton component in

optically complex waters (D.D’Alimonte and G.Zibordi, 2003).

II. DATA SET

The data set used in this study was collected within the framework of the Coastal At-
mosphere and Sea Time-Series (CoASTS) program. This, since 1995, supports ocean color
calibration and validation activities through a comprehensive monthly collection of data at
the Acqua Alta Oceanographic Tower (AAOT) in the northern Adriatic Sea (Zibordi et al.,
2002). The measurement site, considered well representing the northern Adriatic Sea coastal
region, is located approximately 8 nautical miles south east of the Venice Lagoon (45.314
N, 12.508 E) and is characterized by the presence of water types close to the separation
threshold suggested by Loisel and Morel (1998) for Case 1 and Case 2 waters (with roughly
one third of the CoASTS measurement stations pertaining to Case 2 (Berthon et al., 2002)).

The data set used in this study is composed of a total number of 906 pairs of acpom —or
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ayppym— and corresponding R, spectra, collected from October 1995 to December 2001. A
short description of the methods applied for the production of the R,s, acpom and anppas

data is given in the following subsections.

A. Remote Sensing Reflectance

In-water profiles of upwelling radiance and above water downward irradiance data from the
Wire Stabilized Profiling Environmental Radiometer (WiSPER) system (Zibordi et al., 2002)
were used to compute the R, at the Sea-Viewing Wide Field-of-view Sensor (SeaWiFS)
center wavelengths (i.e., A = 412, 443, 490, 510, 555, and 665 nm instead of 670 nm) of
relevance for remote sensing applications.

WIiSPER is a winched system deployed through a custom-built profiling rig from the main
structure of the AAOT at a speed of 0.1 m s~ . The processing of WiSPER data was made
using an Optical Processor developed for the analysis of the CoASTS data (D’Alimonte and
Zibordi, 2001). The processing was carried through successive steps: . the in water profile
data were calibrated and corrected for the changes in the illumination conditions using the
above water downward irradiances; 7i. the extrapolation interval satisfying the requirement of
linear decay of the logarithm of the upwelling radiances as a function of depth, was determined
on a cast-by-cast basis; 7ii. the sub-surface upwelling radiance L,(0~, ) was extrapolated
from the linear fit of the logarithm of upwelling radiances versus depth, after removing the
self-shading, bottom effects, and tower-shading perturbations (Zibordi et al., 2002); ¢v. finally

the remote sensing reflectance was computed according to

0.54 Ly (07, )

Ea(0+, %) W)

Rrs(A) =

where E4(0%,)\) is the downward irradiance at a chosen reference time.
The R, data relevant to this study exhibit R, (490) values in the range of 0.002-0.026 st L,

with mean and standard deviation equal to 0.007 and 0.003 sr™1, respectively.



Chapter 5 Retrieval of the Optically Significant Seawater Components 89

B. CDOM and NPPM Absorption Coefficients

The acpon values were obtained from spectromeiric analysis of seawater filtered with
0.22 pum cellulose filters. The analysis was performed by placing a 10 cm quartz cuvette
containing Milli-Q water in the optical path of the reference beam and a 10 cm quartz cuvette
containing the filtered seawater sample in the optical path of the sample beam, of a Perkin
Elmer Lambda-10 Spectrometer. The acpoar spectra (determined with 1 nm resolution in the
350-750 nm spectral range) were computed from the measured absorbance spectra Acpoar
resulting from the difference between the sample and the reference absorbance (Ferrari et al.,

1996) from

Acpom(A)

> ®

acpom () = 2.3

where L. is the path length of the cuvette (in units of m). The instrument background
was removed using measurements performed with Milli-Q water in both the sample and
the reference cuvettes.

The acpom data relevant to this work are the values at the center-wavelengths of the
WiISPER radiometers. The required acpops values were computed averaging the agpoys data
falling within +3 nm interval centered at the wavelength of interest. The acponr data applied
in this study exhibit values in the range 0.02-0.26 m~! at 412 nm, with mean and standard
deviation equal to 0.12 and 0.05 m~}, respectively.

The ayppas values were produced from the spectrometric analysis of the deposit obtained
from seawater filtration on fiber glass filters of 0.7 pum pore size. The analysis first re-
quired the determination of the total seawater particulate matter absorption coefficient, ayp,
and successively the discrimination of the components related to the pigmented, apy, and
the non pigmented, ayppas, fractions. The applied method (Tassan and Ferrari, 1995) is

particularly suitable for determining the absorption components of water samples characterized
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by highly backscattering mineral particles or by highly absorbing sediments likely to occur in
coastal regions. Specifically, a,, spectra were computed from the equivalent particle suspension

absorbance Agys (determined with 1 nm resolution in the 400-750 nm spectral range) using

ap(N) = 2.3Asus(/\)€_1i 3)

w

where V,, is the volume of filtered water (in units of m®), F, is the filter clearance area (in
units of m?), and Ag(A) is the equivalent particle suspension absorbance derived from the
transmission and reflection measurements performed with a Perkin Elmer Lambda-19 equipped
with an integrating sphere (Tassan and Ferrari, 1995). The app, and ayppp fractions of the
total particulate absorption coefficient, a,, were separated through bleaching of the sample
on the filter using a solution of sodium hypochlorite (NaClO) as an oxidizing agent (Ferrari
and Tassan, 1999). This oxidation acts rapidly on pigment molecules and slowly on detritus,
thereby permits a selective analysis of the absorption components of non pigmented particles
retained on the filter.

Similarly to acpou, the ayppas data relevant to this work are those at the center-wavelengths
of the WiSPER radiometers. The required ayppps values were computed averaging the ayppas
spectral data falling within +3 nm interval centered at each wavelength of interest. The anppas
data applied in this study, exhibit values in the range of 0.01-0.13 m™?! at 412 nm (excluding
two outliers showing much higher values), with mean and standard deviation equal to 0.05

and 0.03 m~!, respectively.

C. Feature extraction
III. METHODS

The proposed methodology aims at determining the CDOM and NPPM absorption spectra

from R, data in the visible spectral region. The study relies on experimental data with the
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Fig. 1. Sample absorption spectra of acpon (a) and of anppar (b). Dots represent experimental measurements at
the SeaWiFS center-wavelengths, while lines correspond to the exponential regressional functions. Only a subset
(one record each twenty) of the CoASTS data was here displayed to allow for a better identification of the individual

regression lines.

assumption that the acpom and ayppay spectra can be described through an exponential

function (Berthon et al., 2002; Ferrari, 2000). This section presents the methodologies applied
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in i. determining the regressional parameters of the functions describing the acpopn and
anppym spectra (1.e., feature extraction) and ii. implementing the MLP algorithms to relate
the the R, spectral data to the regressional parameters.

The acpom and anppar spectral values can be modeled through the general exponential
function

(e55 (}\) = aOz:z:e—S"(/\_AO) + cbez, 4)

where A indicates discrete wavelengths in the 412-665 nm interval, Ay is the reference
wavelength here chosen at 412 nm, zx indicates CDOM or NPPM, gy, Szx and cbyy
are the regressional parameters, hereafter referred to as the coefficient, the slope and the
background, respectively. The background for acponr is taken null (i.e. cboponr = 0) because
the CDOM absorption generally assumes negligible values above 650 nm (Ferrari, 2000).
Differently, the NPPM absorption of complex coastal waters is not negligible in the red and
near-infrared (Tassan and Ferrari, 2004), and the use of cbyppas = 0 in equation 4 was shown
appropriate to parameterize ayppps (Berthon et al., 2002).

The regressional parameters describing the CDOM and NPPM spectral absorption were
determined fitting equation 4 through non-linear least squares regressions —based on a gradient-
expansion algorithm— of the measured absorption coefficients. Figure 1 shows, through the
experimental values and the corresponding interpolation curves, the absorption coefficient
spectra of CDOM and NPPM (panels (a) and (b), respectively) at the SeaWiFS center-

wavelengths.

A. MLP implementation

Various neural networks were recently applied to support remote sensing studies. Among
these, the Multi Layer Perceptron (MLP) (D’Alimonte, 2003) and the Generalized Radial

Basis Function (GRBF) (Cipollini et al.,, 2001) neural networks were explicitly used for
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ocean color applications. Attractive property of the MLP is its capacity to efficiently represent
complex relationships between multidimensional input-output spaces (Bishop, 1995). The
MLP is here used to relate R, to the regressional parameters (see equation 4) defining the
spectra of acpon and anpppr. The following sections describe the methods applied for the
implemention? of the two distinct MLP algorithms proposed for the determination of acpom
and ayppy from Ryg.

1) MLP architecture: One relevant aspect in developing an MLP algorithm is the over
fitting problem. In fact MLP algorithms based on too many adaptive parameters may fit the
noise and outliers included in the training data set and this reduces the capability of correctly
interpreting new input data (i.c., generalization). To improve the MLP generalization capability
it is necessary to define a suitable MLP architecture (i.e., number of MLP adaptive parameters),
and possibly to also apply a regularization term (Bishop, 1995) to penalize high curvatures
of the MLP regressional function driven by noise and outliers. Former studies (D’Alimonte,
2003; D.D’Alimonte and G.Zibordi, 2003), focused on the use of MLP for the development of
ocean color algorithms and making use of the current experimental data set, already addressed
both aspects. These studies investigated the performance of different configurations with a
minimum of a single neuron up to a maximum of 20 in one hidden layer. Results showed
the suitability of a MLP architecture composed of one hidden layer of ten neurons with an
hyperbolic tangent activation function for the hidden layer and the identity function for the
output layer. In addition, a regularization weight decay term with a coefficient equal to 0.01
was identified through trial and error exercises. The same MLP configuration was also applied
in the present study, and its suitability was a posteriori supported by the assessed performance

of the resulting algorithms.

INeural network algorithms have been implemented through the Netlab (Nabney, 2001) toolbox for Matlab.
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2) Assessment of the algorithm performance through cross-validation: To assess the MLP
performance, it is necessary to apply the algorithm to validation data different from those used
for the training of the MLP. The technique here adopted to assess the accuracy of the MLP
products was the cross-validation (Cherkassky and Muller, 1998). This technique consists in
separating the available data into different segments, alternatively used for the MLP training
and validation. The cross validation was here applied separating the CoASTS data set into three
different and independent segments. The ensemble of the data of two segments was used for
the training process while the resulting algorithm was validated with the data of the excluded
segment. This process was iterated three times, each time using data from a different validation
segment. It is pointed out that the CoASTS data set was partitioned taking into account that
one water sample used to produce acpoy and ayppps measurements, can correspond to
multiple optical profiles and thus to multiple R,s. Thus, to ensure the independence of the
validation with respect to the training data, all the data related to the same water sample were
included into a unique segment.

The performance of the MLP was quantified through the absolute value of the relative
percent difference, e, between the regressional coefficients £y, (i.e., Gozz OF Sz O chyppar)
determined fitting equation 4 to the experimental data and the corresponding values yy, retrieved

through the MLP
3 N

1
€= 100NZZ

h=1i=1

i — 4,
th

) ©)

where h and 7 are the validation segment and the sample in the validation segment, respectively;
N}, indicates the number of samples in the validation segment h; and N is the total number
of samples in the data set.

3) MLP input selection: In agrement with a recent study (D.D’Alimonte and G.Zibordi,

2003) showing that Ry at three different and properly identified wavelengths can still represent
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a suitable choice for the determination of phytopiankton absorption and concentration, the
current work investigated the performance of a subset of the available R,; wavelengths for
the retrieval of ayppays and acponr. The objective of this process was to reduce the number
of R, inputs to a subset still ensuring a relatively high accuracy in determining CDOM and
NPPM absorption coefficients. This aimed at improving the generalization capability of the
MLP algorithms and at allowing for an effective determination of their range of applicability
when operationally used (D’Alimonte et al., 2003). In order to identify the proper subset of
input R,s wavelengths, the performance of the MLP algorithms was assessed using the Rrs
at all wavelengths. Then, the results were compared with those obtained removing from the
set of MLP inputs R,; at one wavelength at a time (i.e., by incrementally dropping one input
at a time). The configuration based on one less input and giving the best result was retained
and the procedure reiterated.

To select the set of inputs on the basis of a more accurate evaluation of the MLP perfor-
mance, the problem represented by a non effective learning process was also considered. In
fact, the iterative process determining the adaptive parameters of the MLP (here, the Scaled
Conjugate Gradient (SCG) learning algorithm (Bishop, 1995)) can be staked into a poor local
minimum of the error function. In this case, the resulting algorithm performance does not
express the true capability of the applied configuration. To avoid this problem, each MLP
configuration was initialized, trained and validated three times to verify the consistency of the

algorithms resulting from independent learning processes.

B. Uncertainty in retrieving the absorption functional form

The uncertainties in the retrieved regressional parameters defining the fitted acpopr and
anppy spectra are presented in Table I and II for different sets of input wavelengths. These

uncertainty values show only a general slight difference with the number of inputs. The
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Fig. 2. Scatter plots of the computed regressional parameters (coefficient in units of m™*, slope in units of A!

and background in units of m™!, in (a),(b) and (c), respectively) versus the corresponding values derived from

experimental measurements for the acpom (left column) and ayppar (right column). The dashed lines indicate

the £35% uncertainty threshold.
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Alnm] QocDOM Scpom

412,443,490, 510,555,665 | 20.1+0.2 12.11£0.20

412,443, 490, 555, 665 20.1£03 11.934+0.17

412, 443, 490, 665 20.4+£0.1 12.164+0.15

412,490, 665 20.8+0.1 12.194+0.05

TABLEI. Summary of the uncertainties in percent, for the computed acpoum regressional coefficients. The values
presented after the £ sign represent the variability of the results obtained from three subsequent initialization,

training and validation of the same MLP. These values were used to identify non effective learning processes.

Alnm] GoNPPM SvppM cbnpPM

412,443,490, 510,555,665 | 28.3+0.6 8.13+£0.04 43.4+0.8

412,443, 490, 555, 665 27.7+£0.6 8.03+£0.07 429404

412,490, 555, 665 27.5+0.8 8.08+0.08 42.74+0.2

412, 490,665 27 7+05 830+£0.02 429+0.1

TABLE II.  As in Table I, but for the anppa regressional coefficients.

scatter plots of the coefficient, slope and background (for ayppys only) retrieved by the MLP
algorithms using Rys at 412, 490 and 665 nm (for both acpony and anppar) versus the
corresponding values derived from the experimental data, are presented in figure 2.

1) Retrieval of the acpon regressional parameters: The analysis showed that the subset
of three inputs for which the MLP algorithm for acpoar produces the most accurate results
is composed of R,s at 412, 490 and 665 nm. The difference in accuracy between this
configuration and that using the full set of Ry, is ~ 0.7% for the coefficient and negligible
for the slope. The evaluation of the accuracy in retrieving the acpoas regressional parameters
showed that the coefficient and the slope (see Section II-C) can be determined with an

uncertainty of about 21% and 12%, respectively (see Table I). The analysis also highlighted
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the relevance of R,; at both 412 and 665 nm. In fact the removal of R,; at one of the
two wavelengths produced a significant reduction in the accuracy of the retrieved acpoum
regressional parameters (result not presented here).

The scatter plots in panels (a.1) and (b.1) of figure 2 show that some retrieved coefficients
of acpour exhibit a reduced accuracy in correspondence of the low values while some slopes
exhibit a decreased accuracy in correspondence of the low and high values. This is explained
by the difficulty of accurately modelling a few spectra with the adopted model (see equation
4).

2) Retrieval of the anppa regressional parameters: The subset of three inputs identified
as the most appropriate for the retrieval of the ayppps regressional parameters is the same as
that identified for ecpom (i-e., Rrs at 412, 490 and 665 nm). The accuracy in retrieving the
anppy regressional parameters using the selected R, subset, instead of the full set of R,
inputs, did not show appreciable differences. The retrieval of the regressional parameters for
anppy showed uncertainty values of 28%, 8% and 43% for the coefficient, the slope and the
intercept, respectively (Table II). The uncertainty of the coefficient and the slope parameters
computed for acpoar are respectively 7% lower and 4% higher than the corresponding values

obtained for ayppps (see Table 1 and Table II).

IV. RESULTS AND DISCUSSION

This section presents and discusses the results obtained in retrieving acpom and anppy
by applying the proposed MLP regional algorithms. Similarly to the analysis presented for the
regressional parameters, the accuracy in retrieving acpop and ayppas at specific wavelengths
is here discussed using the absolute values of the relative percentage difference between
measured and computed values.

Before separately presenting the accuracy analysis for acpoy and ayppas, it is relevant
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Measured Computed
Scpom Sed Scpom Sad
In 0.0182 0.0122 0.0182 0.0122
o | 00041 | 0.0015 0.0019 | 0.0008
TABLE III.  Statistical values of acposm and anppy slope regressional coefficients in units of nm™?, where n

is the average value and o is the standard deviation.

to highlight that no appreciable correlation (i.e., 7> = 0.01) was observed between the
experimental slope parameters of acpom and aypppr, and this was also shown by the
corresponding values computed with the MLP algorithms (i.e., 72 = 0.10). Additionally, the
computed Scponr and Syppas exhibit the same mean values as the corresponding quantities
derived from the experimental data, respectively, (even though the former show a variability
reduced by a factor of 2 (see Table III)). This, in addition to the validation results presented
in panels (a.2) and (b.2) of figure 2, support the capability of the MLP algorithms, whereas
based on the same set of input quantities, to discriminate between the CDOM and NPPM

absorption spectral forms.

A. Spectral CDOM absorption coefficients

The uncertainty in retrieving acpoas from the regressional coefficients computed with the
MLP is presented at 412, 443 and 490 nm (i.e., at those wavelengths where the acpom
values are more significant) through scatter plots of computed versus measured values (see
figure 3). It can be observed that the uncertainty significantly increases with wavelength
(from 20% at 412 nm to 47% at 490 nm). At the considered wavelengths, the more scattered
data (generally exhibiting overestimated values) correspond to those characterized by low

absorption values. This result can be explained by observing that acpom exponentially
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Fig. 3.

respectively) in units of m ™. The computed acponm were derived applying the regressional coefficients calculated

using the MLP with R, at 412, 490 and 665 nm. The dashed lines indicate the +35% uncertainty threshold.
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Scatter plots of computed versus measured acpom at 412, 443 and 490 nm (panels (a), (b), and (c),
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decreases with wavelength and that the regressional parameters can be better retrieved when
acpon more significantly influences the R, spectra (that is for high absorption).

Aiming at independently assessing the quality of the acpoas values retrieved with the
proposed MLP, an empirical band-ratio algorithm was produced with the same data set used
for the development of the neural network algorithm. The empirical algorithm giving acpoar
at 412 nm and based on the use of R, at 443 and 510 nm, as already proposed for the
retrieval of CDOM absorption (Kahru and Mitchell, 2001), is

Rrg(443)
— 10{~1:186-1.387(log10 5222531} ©)

acpom(412)

and it was determined with 72 = 0.37. The comparison of acpos(412) from the empirical
algorithm with the corresponding value from the data set shows average uncertainties € = 24%
with 72 = 0.40. By using equation 6 with a constant slope Scpoar = 0.0182 (equal to
the average value characterizing the data set) and , the agpops values at 443 and 490 nm
were retrieved with uncertainties of 32% and 57%, respectively. These values are higher than
those presented in figure 3 and their differences increase with wavelength. This result shows
that, regardless of the low determination coefficient characterizing the retrieval of Sgpoas
(see figure 2), the MLP algorithm performs appreciably better than the considered band-ratio

algorithm.

B. Spectral NPPM absorption coefficients

The uncertainty in retrieving ayppps using the regressional coefficients determined with
the MLP, was estimated at 412, 555 and 665 nm (i.e., at wavelengths representative of the
whole spectral region of interest). At 412 nm the uncertainty is comparable to that computed
for acpoum (i.€., 25% versus 20%). It can also be observed that the uncertainty in retrieving
anppuM, varying from 25% at 412 nm to 32% at 665 nm, presents a lower dependence on

wavelength than that of acpoas. This is still explained by i. the more pronounced spectral
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Fig. 4.  Scatter plots of computed versus measured anvppy at 412, 555 and 665 nm (panels (a), (b), and (c),

respectively) in units of m~'. The computed anppa were derived applying the regressional coefficients calculated

using the MLP with R at 412, 490 and 665 nm. The dashed lines indicate the +35% uncertainty threshold.
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dependence of acpoyr, ii. the fact that at A > 650 nm, acponr exhibits values at the noise
level while ayppar can still be appreciable (see figure 1), and finally /ii. the lower uncertainty
characterizing the retrieval of Syppas than Scpons.

Similarly to the case of acponm, aiming at independently assessing the quality of the ayppps
values retrieved with the proposed MLP, an empirical band-ratio algorithm was produced with
the same data set used for the development of the neural network algorithm. The empirical
algorithm giving aypppr at 412 nm and based on the use of R, at 510 and 665 nm, already
proposed for the retrieval of the total suspended matter (Berthon et al., 2002), is

_ 10{—0.355—1.177[109102—22—2%]} %

anppym(412)

and it was determined with 72 = 0.68. The comparison of ayppas (412) from the empirical
algorithm with the corresponding value from the data set, shows average uncertainties ¢ = 29%
with 72 = 0.59.

By using equation 7 with constant slope Syppar = 0.0122 m~! and background cbyppp
= (0.0086 m~! (equal to the average values characterizing the data set), the ayppps values at
555 and 665 nm were retrieved with uncertainties of 42% and 49%, respectively. Similarly
to acpoum, also these uncertainty values are appreciably higher than those presented in figure
4 and thus also support the better performance of the MLP with respect to the considered

band-ratio algorithm.

V. SUMMARY AND CONCLUSIONS

Two MLP regional algorithms for the northern Adriatic Sea coastal waters were developed
to retrieve, from the seawater remote sensing reflectance Ry, the parameters of the functions
defining the spectra of CDOM and NPPM absorption coefficients, acpon and ayppa, respec-
tively, The MLP algorithms, consisting of ten hidden neurons, were trained with experimental

data from the CoASTS data set.
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The study showed that:

o The accuracy in retrieving the parameters of the exponential function describing the
acpoym and ayppys spectral dependence (i.e., coefficient, slope, and the background for
NPPM) weakly decreases by reducing the number of inputs. Accurate results, compared
to the complete set of inputs, can still be obtained using R, at three wavelengths with
the most appropriate MLP configuration relying on R, at 412, 490 and 665 nm for both
anppm and acpom-

» The MLP permits to better determine the coefficient of the exponential function describing
acpoy than the coefficient of the function describing ayppys. Differently, the slope can
be slightly better determined for ayppas than for acponr. The retrieval of the background
for ayppar shows the highest uncertainty.

» The uncertainty in retrieved CDOM and NPPM absorption coeflicients increases with
wavelength and exhibits average values of 20% and 25% at 412 nm, respectively.

o The effectiveness of the MLP algorithms is supported by statistical uncertainties of
CDOM and NPPM absorption coefficients determined with regional band-ratio algo-
rithms. These, developed with the same data set used for training the neural networks,
show average uncertainties appreciably larger and increasing at a higher rate with wave-
length, than those of the MLP algorithms.

It is finally recalled that this study only aimed at presenting the effectiveness of a methodology
focused on the use of R, for the determination of the regressional parameters that describe
the absorption coefficient spectra of CDOM and NPPM. Then, because of the regional origin
of the applied experimental data set, the extendibility of the results to a different area needs
to be proven or supported by similarity in the seawater type characterizing the applied data

set and the target area.



Chapter 6

Range of applicability of the empirical

ocean colour algorithms

This chapter deals with the problem of identifying the range of applicability of empir-
ical ocean colour algorithms. The results of the study are presented through a paper
submitted to IEEE Transactions in Geoscience and Remote Sensing. The references of

this work are included in the thesis reference list for completeness.

The relevance of this analysis relies on the fact that optically complex regions re-
quire the implementation of specific regional algorithms. But, the range of applicably
of regional algorithms can not be defined on purely geographical basis. Moreover, a
simple geographical identification would easily introduce discontinuities in final product
maps. The range of applicability of the empirical algorithms was here investigated on
the basis of the statistical representativeness (expressed through the novelty detection
method (Bishop, 1994), see Section 4.2) of the data used for the algorithm development.
An extension of the novelty detection was also proposed to blend different algorithms

avoiding discontinuities at the boundaries of their specific regions of applicability.

The quantity considered in this study was the chlorophyll-a concentration. The appli-
cability of the MLP algorithm derived from the CoASTS data set was compared with

that of a second algorithm derived from a subset of the SeaBAM data (O’Reilly et al.,
1056



Chapter 6 Range of applicability of the empirical ocean colour algorithms 106

1998), and representative of Case 1 waters only. The study on the applicability of both
algorithms was applied to the northern Adriatic Sea (i.e., where the CoASTS data set

was collected) and other major European seas.
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Use of the Novelty Detection Technique to
Identify the Range of Applicability of Empirical
Ocean Colour Algorithms!

Abstract

Novelty detection is used to identify the range of applicability of empirical ocean colour
algorithms. This method is based on the assumption that the level of accuracy of the algorithm
output depends on the representativeness of inputs in the training data set. The effectiveness
of the novelty detection method is assessed using two data sets: one representative of the
northern Adriatic Sea coastal waters and the other representative of open sea waters. The two
data sets are independently used to develop neural network algorithms for the retrieval of
chlorophyll a (Chil-a) concentration. The range of applicability of the individual algorithms
is presented using remote sensing data derived from the Sea-viewing Wide-Field-of view
Sensor (SeaWiFS) for three selected regions: the central Mediterranean Sea, the North Sea
and the Baltic Sea. An extension of the novelty detection technique is also proposed to blend

the individual algorithms and to avoid discontinuities in the resulting Chl-a maps.

Index Terms

Neural network, bio-optical medelling, ocean colour.

'The content of this Section was submitted to IEEE Transactions in Geoscience and Remote Sensing by
Davide D’Alimonte, Frédéric Mélin, Giuseppe Zibordi, Jean-Frangois Berthon, in Genuary 2003 and accepted
for publication. The core theme of the paper is the retrieval of the phytoplankton component from R, data
using MLP algorithms. The ideas, development and writing up of the paper were principal responsibility of the
thesis author. The inclusion of co-authors reflects the fact that the work came from active collaboration between

researchers and acknowledges input into a based team research.
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I. INTRODUCTION

CEAN colour algorithms use upwelling radiance spectra (input) to predict one or
O more properties of the optically significant seawater components (output). They can
be grouped into two main categories: i) analytical algorithms, based on the inversion of a
forward radiance model, and ii) empirical algorithms, derived from a data set representative
of the conditions to be modeled. The development of an empirical algorithm can be seen as a
regression problem: once the functional form of the algorithm is chosen, the parameters of the
function are derived from a set of input-output pairs (training data set). Training data can be
generated with a theoretical model (synthetic data) or can be obtained from field measurements
(in situ data). Synthetic data are obviously not subject to measurement uncertainties and can
represent a virtually unlimited range of conditions, but their capability to represent actual
conditions should always be assessed. On the other hand, in situ data intrinsically represent
actual conditions, but the products computed from the derived algorithm are only reliable
when the input data are similar to those used for the algorithm development. Therefore, the
definition of the range of applicability of algorithms developed on the basis of in situ data is
a task of primary importance and represents the objective of the present study.

Various empirical ocean colour algorithms built on in situ data have been developed for
the retrieval of the chlorophyll a concentration (Chl-a). Some have been proposed for global
applications, (e.g., Aiken et al., 1995; Clark, 1999; Gordon et al., 1983; Kishino et al., 1997;
O’Reilly et al., 1998; OReilly et al.,, 2000) and have been specifically addressing the open
ocean waters with various degrees of success (Gordon et al., 1983; Hooker and McClain,
2000). These waters, characterized by upwelling radiances depending on phytoplankton and
its covarying constituents of biological origin, are designated as Case 1 (Morel and Prieur,

1977). However, the accuracy of these algorithms often appears low for coastal waters and
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more in general for those waters designated as Case 2 (Morel and Prieur, 1977) where optically
significant constituents do not co-vary. The latter situations have suggested the development
of local empirical algorithms (e.g., Berthon et al., 2002; Kahru and Mitchell, 1999; Siegel
et al., 1994; Tassan, 1994) generally restricted to specific regions.

So far, remote sensing applications rely on global or local algorithms on a geographical
basis, that is in conflict with the dynamics of the water masses and can result in large
discontinuity in boundary regions. And, whereas a scheme for the identification of differ-
ent oceanographic regions on the basis of a fuzzy logic approach was investigated (Moore
et al., 2001), no operational attempt has been yet presented in order to identify the range of
applicability of empirical algorithms developed using quality assured data representative of
specific water types.

Here, the novelty detection Bishop (1994) is proposed to identify the range of applicability
of empirical algorithms as an alternative to geographic criteria. This method assumes that the
reliability of the algorithm products depends on how well the input is represented within the
training data set. The range of validity of the algorithm is then identified by first modeling
the unconditional probability density function (pdf) of the training data and then by excluding
those inputs (i.e., novel data) for which the pdf is lower than a predefined threshold value.

The study focuses on the determination of the Chl-a as a function of the remote sensing
reflectance (R.s), which is defined as the ratio of the upwelling radiance and the downwelling
irradiance measured just above the sea surface, and that can be derived from satellite data.
The study is carried out using two experimental data sets, one representative of the northern
Adriatic Sea coastal waters (Zibordi et al., 2002), the other representative of open ocean waters
(O’Reilly et al., 1998). Here are identified as coastal waters those which can be permanently or
occasionally considered Case 2 because of bottom resuspension, coastal erosion, river inputs,

or by simple anthropogenic impact.



Chapter 6 Range of applicability of the empirical ocean colour algorithms 110

The two data sets have been separately used to develop neural network algorithms for the
retrieval of Chl-a. Then, the range of applicability of the individual algorithms is presented
for three selected regions (i.e., the central Mediterranean Sea, the North Sea and the Baltic
Sea) using maps of R, derived from the Sea-viewing Wide-Field-of view Sensor (SeaWiFS)
(Hooker and Esaias, 1993). An extension of the novelty detection technique is finally proposed

to blend the individual algorithms avoiding discontinuities in the resulting Chl-a maps.

II. DATA SETS

The following sections present the two independent in situ data sets and the satellite imagery

archive used in this study.

A. Open ocean data set (SeaBAM)

The first data set is obtained from the SeaBAM database (O’Reilly et al., 1998) that was
used for the development of the OC2v2 algorithm (O’Reilly et al., 1998). It contains 919
coincident in situ Chl-a and R, at different wavelengths, collected during various cruises and
at different locations. The concentrations of chlorophyll-a have been obtained by fluorometric
or High Performance Liquid Chromatography (HPLC) measurements. The use of these data
is here restricted to the stations i) not considered as pertaining to Case 2 waters (as labelled in
O’Reilly et al. (1998)), and ii) for which the remote sensing reflectances at 490, 555, and 665
nm are available (exceptions are 166 spectra for which the R, at 665 is not given and the R,
at 683 is instead used). The remaining 631 pairs of Chl-a and R,s spectra are representative
of open ocean waters with Chl-a values comprised in the range 0.025 — 28 mg m™3, with
mean and standard deviation equal to 0.8 and 2.9 mg m~3, respectively (Figure 1(a)). This
data set, as well as the associated neural network based algorithm, will be hereafter referred

to as SeaBAM.
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Fig. 1. Distribution of the Chl-a for the SeaWiFS and the CoASTS data sets ((a) and (b), respectively):
indicates the mean value; o is the standard deviation; m and M the minimum and the maximum chlorophyll-a

concentrations.

B. Adriatic Sea data set (CoASTS)

The CoASTS data set has been collected at the Acqua Alta Oceanographic Tower (AAOT)
in the northern Adriatic Sea in the framework of the CoASTS (Coastal Atmosphere and Sea
Time Series) sampling program started in 1995 (Zibordi et al., 2002). The dynamics of the
measurement site, located 8 nautical miles southeast of the Venice Lagoon (latitude 45°19'N;,
longitude 12°30'E), lead most of the CoASTS data set to be close to the separation threshold
suggested in Loisel and Morel (1998) for Case 1 and Case 2 waters (with one third of the
measurements strictly pertaining to Case 2 (Berthon et al., 2002)).

In-water measurements of upwelling radiance, upward and downward irradiance from the
Wire-Stabilized Profiling Environmental Radiometer (WiSPER) system (Zibordi et al., 2002)
are used to derive the R, at the center wavelengths corresponding to the SeaWiFS visible
channels (412, 443, 490, 510, 555, and 665 nm instead of 670 nm). Chl-a has been obtained
through HPLC technique (Targa et al.,, 2000). The concentrations are in the interval 0.1 —
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Fig. 2. Distribution of the R, at 490 nm for the SeaWiFS and the CoASTS data sets ((a) and (b), respectively):
4 indicates the mean value; o is the standard deviation; m and M the minimum and the maximum R, values at

490 nm.

9 mg m~3, with mean and standard deviation equal to 1.4 and 1.3 mg m™—3, respectively
(Figure 1(b)).

The data set applied in the study is composed of 456 Chl-a measurements. Each Chl-a
is associated with one or more successive R,; spectra. This association is only justified by
the fact that repeated optical profiles always produce slightly different R,s spectra because of
environmental perturbations (sea state effects, changes in the water column and illumination
conditions during data collection). Because of this the intrinsic noise characterizing pairs of
Chl-a and R, having the same Chl-a value, is assumed to support the MLP learning process
in better discriminating the signal from environmental perturbations. The total number of pairs
of Chl-a and corresponding R,; spectra is 906. This data set, as well as the associated neural

network algorithm, will be hereafter referred to as CoASTS.
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C. Satellite data set

The satellite products used in this study are SeaWiFS derived monthly maps of R, for
the European seas. Monthly averages have been chosen to ensure a complete geographical
coverage of the considered areas. For each SeaWiFS scene, the remote sensing reflectance
is obtained by applying the atmospheric correction scheme described in Sturm and Zibordi
(2002), and experimentally assessed in M "elin et al. (2003). The scenes are then combined in

space and time following M elin et al. (2002).

III. METHODS

This section describes the development of the neural network algorithms for deriving the
Chl-a and the definition of their range of applicability through the novelty detection technique.

A method for blending different algorithms is also formulated.

A. MLP algorithms for the Chl-a retrieval

The Multi Layer Perceptron (MLP) neural network can be defined as a parameterized
distributed algorithm consisting of a network of simple non-linear processing units and “may
be viewed as a practical vehicle for performing a non-linear input-output mapping of general
nature” (Haykin, 1998). MLP have been extensively used to solve classification and function
regression tasks in several research fields, including ocean colour (Buckton et al., 1999; Gross
et al., 2000; Keiner and Brown, 1999; Shiller and Doerffer, 1997). An ocean colour application
based on Generalized Radial Basis Function model can be found in Cipollini et al. (2001).
The general principles of the MLP as well as the specific methods applied below are presented
in several textbooks (Bishop, 1995; Duda et al., 2001; Ripley, 1996).

The MLP algorithms to derive Chl-a from R,; have been implemented by means of the

Netlab toolbox for Matlab (Nabney, 2001). The adopted MLP consisted of one layer of hidden
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neurons, a sigmoid activation function for the hidden layer and a linear activation function for
the output layer. In fact, this configuration can represent any continuous input-output mapping
(Haykin, 1998). Methods applied for /) the data preprocessing, 2) to improve the algorithm
generalization capability and 3) to assess the algorithm performance, are hereafter presented.

1) Pre-processing: The pre-processing of the input and output data consisted in standard-
izing the logarithm of R,s (at each wavelength separately) and of Chl-q, i.e., subtracting the
mean value and dividing by the standard deviation. In fact in agreement with results from a
different study (Campbell, 1995), both the SeaBAM and CoASTS data set display a lognormal
distribution of the Chl-a (Figure 1) and the R,s (Figure 2).

2) MLP complexity optimization: The algorithm generalization capability has been opti-
mized: @) selecting the proper set of input quantities, b) applying a weight regularization term
and ¢) testing different MLP architectures.

a) Inputs selection: The set of MLP inputs was restricted to K, at 490, 555 and 665
nm. Rys at 490 and 555 nm are commonly used for the determination of Chl-a in the open
ocean (Maritorena and O’Reilly, 2000; O’Reilly et al.,, 1998; OReilly et al., 2000), while
R.s at 665 nm has been shown relevant for deriving concentrations of optically significant
constituents like total suspended matter Berthon et al. (2002); Tassan (1994) or Chl-a itself
(Siegel, 1991). A specific analysis (D’Alimonte and Zibordi, 2003) has also shown that the
use of the R, at 412 or 443 nm, in addition to the set of R, at 490, 555 and 665 nm, does
not generally improve the retrieval of Chi-a. The use of the 665 nm center wavelength may
suggest caution due to the difficulty in producing accurate K, in the red part of the solar
spectrum. However, a recent study (Melin et al., 2003) on SeaWiFS products relying on in
situ data from the AAOT coastal site, has shown the possibility of determining the normalized
water leaving radiance (an consequently R,) at 670 nm with an average accuracy comparable

to that obtainable at the other SeaWiFS center wavelengths.
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b) Regularization term. Initial results showed some variability (especially when the
number of hidden neurons was increasing) of the algorithm performance for subsequent
retraining of the same MLP architecture. In order to reduce this variability, a weight decay
regularization term was added to the error function (Bishop, 1995). The principle of the weight
regularization functioning is to penalize high curvatures in the regressional function. Different
weight decay coefficients (o) were tested in various trial and error exercises and the value
o = (.01 was finally adopted.

¢) Architecture selection: Instead of applying any general rule based on the size of
the training data set, the MLP architecture was here identified verifying the performance of
different configurations with a minimum of a single neuron up to a maximum of 20 in the
hidden layer. For both SeaBAM and CoASTS algorithms it was observed that the improvement
of the MLP performance was becoming negligible with approximatively ten hidden neurons,
and thus this configuration was adopted. The resulting number of free parameters that ensures
the MLP generalization capability is relatively high with respect to the size of the training data
set. This can be explained by the use of the weight regularization term and the characteristics
of the training data set.

3) MLP performance assessment: The selection of the MLP architecture was based on
the assessment of the performance of each algorithm through the cross-validation method,
by partitioning each data set in three segments. The ensemble of the data of two segments
was used for the training process while the resulting algorithm was applied to the data of the
excluded segment (see Figure 3). This process was iterated three times, and the computed
Chl-a was derived from all available data. Note that the CoASTS data set was partitioned
taking into account that one water sample can correspond to successive optical profiles (see
Section II-B). To ensure the independence of the validation part with respect to the training

data, all the data from the same water sample were included into a unique segment.
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Dl D2 D3

Fig. 3. Schematic illustration of the partitioning of the data set into 3 segments (D1,,D3) for use in cross-
validation. The MLP is developed (run) 3 times, each time using the data of two segments (shown in white), while
those of omitted segment (shown shadowed) are used to assess the algorithm performance (adapted from Bishop,

1995)

The algorithm capability in retrieving the Chl-a was evaluated in terms of absolute percent-

age difference ¢ between the measured (f) and the modeled (y) Chl-a:
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where the indices k and ¢ indicate the validation segment and the sample in the validation
segment, respectively; Vi is the number of samples in the validation segment k; and N is
the total number of samples in the data set. The assessed uncertainty in retrieving Chl-a is
24% and 31% for the SeaBAM and CoASTS algorithms, respectively. The scatter plots of
modeled versus in situ measured Chl-a for the SeaBAM and CoASTS algorithms are given
in Figure 4(a) and 4(b), respectively (the corresponding distribution of the in situ measured
Chl-a was provided in Figure 1).

The cross-validation technique, applied to assess the MLP performance for the model
selection, creates three different algorithm versions (one for each run, Figure 3) for each
MLP architecture. For the analysis it was preferred to apply a single MLP algorithm instead
of combining the three MLP algorithm versions. Thus, a new training for the final MLP

algorithm version was performed on each entire data set with the optimal MLP architecture



Chapter 6 Range of applicability of the empirical ocean colour algorithms 117

. A
n=631 : Ny 4 n=906 74k
1 _ : o 1 /,
10 - 8—24% ....... R, + / - 10 g E=31% ................ 4 -
2 © 126
r°=0.89 : Giy r2=0.69 :
3 L1 B 3 ., +
310 SRRRRRRE R FLgpI 4 8_10 .............. LT RN 2
£ : . : £
(o L . . @]
O [ h : ] (&) [
-1 . = /,r
10 N W=~/ /.. S ..... - 10 B //// ..................... -
A F (a) A (b)
/ . i
. i i sl o i b i
10" 10° 10" 107" 10° 10'
Measured Measured

Fig. 4. Scatter plot of modelled versus in situ measured Chl-a [mg m~3] for the SeaWiF$S and the CoASTS MLP
algorithms ((a) and (b), respectively): n indicates data set size; ¢ is the absolute percentage difference between
modelled and measured values and 72 is the coeffi cient of determination. The dashed lines represent the uncertainty

of +35% with respect to the 1 to 1 line.

previously defined.

The accuracy of the final algorithm developed on the basis of the entire data set is likely to
be better than that assessed with the cross-validation process. To estimate the difference, the
algorithm developed with all the available data was verified using the training data set itself.
The actual accuracy of the final algorithm (i.e., that developed using all the available data) is
between that assessed with the cross validation and that resulting applying the algorithm to
the same data used for its implementation. This exercise showed that the performance of the

final algorithm can be at most 2% better than that assessed with the cross-validation.

B. Novelty detection

The novelty detection is a candidate method to identify those inputs for which the perfor-
mance of the algorithm is likely to be unreliable (Bishop, 1994). The basic assumption of

this method is that the algorithm performs correctly when the input data are represented in



Chapter 6 Range of applicability of the empirical ocean colour algorithms 118

the training data set. Conversely, significant uncertainties can result from inputs substantially
different from those used to set the algorithm parameters. In order to define the range of
applicability of the algorithm, the training data set is first used to model the unconditional
probability density function (pdf) of the input data. Then, during the operational use of the
algorithm, those input data for which the pdf is lower than a threshold are considered novel,
and thus out of the range of applicability.

The first step in identifying novel data is to separately model the unconditional distribution
of the algorithm inputs for each training data set. As stated earlier, the distribution of Ry
was verified to be lognormal. Thus, a multivariate Gaussian function was used to represent

the distribution of the logarithm of R, at 490, 555 and 665 nm:
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where x indicates the input vector formed by the logarithm of E,s at 490, 555 and 665 nm;
p and X are the mean value and the covariance matrix of the experimental data, respectively;
d is the dimensionality of the input space; || and T represent the matrix determinant and
transpose, respectively. Once the unconditional distribution of the input data is modeled, the
next step is to set the pdf threshold that defines the range of applicability.

Validation exercises showed that the algorithm accuracy was not only depending on the
unconditioned density of the training data but also on the type and concentration of the various
optically significant components (i.e., phytoplankton component, coloured dissolved organic
matter and inorganic suspended matter). It was here assumed that the algorithm accuracy, in
a first approximation, can be considered the same over each entire experimental data set (see
Figure 4(a) and 4(b)). Then, it was adopted the heuristic scheme of identifying the range of
applicability of the empirical algorithm with that region of the input space containing 90%

of the training data. It is pointed out that this simplified classification scheme was aiming at
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Fig. 5. Three-dimensional representation of the range of applicability of the SeaWiFS and CoASTS algorithms.
Each axis of the plot corresponds to one of the algorithm input quantity (Rrs at 490, 555 and 665 nm). Both
the boundary of the range of applicability (hyperellipsoid) as well as the projection of the data onto the principal

plane are coloured in blue and red to represent the SeaWiFS and COASTS data sets, respectively (see text).

dividing the input space into two regions: one representing those data for which the algorithm
performance corresponds to that assessed through the cross-validation and one where the
algorithm products are likely to be unreliable.

By modeling the distribution of the input quantities with a multivariate Gaussian function,
the contours of constant probability density are hyperellipsoids in which the Mahalanobis
distance, A% = (x — u)TS~1(x — p), is a constant. Figure 5 highlights, through hyperel-
lipsoids and the projection of the two data sets onto principal planes, the three-dimensional

representation of the range of applicability of the SeaBAM and CoASTS algorithms. Each axis
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of the plot corresponds to one of the algorithms input quantities (£, at 490, 555 and 665 nm).
On the basis of the pdf threshold criterion previously defined, the range of applicability of each
algorithm corresponds to that region of the input space for which the Mahalanobis distance
from the center of the training data set distribution is less than 6.25 (Press et al.,, 1992). The
implementation of the novelty detection method, analogously to the MLP development, was
carried out using the Netlab software (Nabney, 2001).

It is pointed out that the pdf threshold was not applied to identify and remove any outliers
from the training data sets. In fact, this work is based on experimental quality assured data
and all points have been assumed to have equal validity and represent a true condition. The
exclusion of some training data on the basis of a pdf threshold would have meant not only
losing precious real cases but also a possible reduction of the algorithm accuracy close the

boundaries of the region of applicability.

C. Algorithm blending
Once the range of applicability are separately defined for the SeaBAM and CoASTS
data sets, some of the inputs may be found non-novel for both algorithms. In this case the

subsequent method for Chl-a estimation is proposed:

Y= YCoasTS(X) - P consTs(X) + YseaBAM (X) - PAfse0p ant(X) 3)
PAfconsTs(X) + Pdfseapant (X)

where x is again the triplet of the logarithm of R,s at 490, 555 and 665 nm; y is the computed
Chl-a; pdfis the probability density of finding x within the training data set, and the subscripts
indicate the data set used to estimate the probability density function or its associated algorithm
for Chl-a retrieval. This blending approach gives more weight to the algorithm for which the
probability of finding the input data in the training data set is higher and ensures the shift
from one algorithm to another without introducing discontinuities. The proposed blending

approach is straight forward. However, it doesn’t represent the optimal solution because the
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blending coefficients are not optimized to minimize the difference between the modeled (i.e.,
as resulting after the blending) and the measured values. A possible alternative approach to
overcome this limit would be to address the algorithm blending with a Mixture of Expert

(ME) approach (Bishop, 1995; Haykin, 1998) as discussed in Section V-B.2.

IV. RESULTS

The novelty detection method and the algorithms for Chl-a determination have been applied
to monthly maps of remote sensing reflectance for three regions — the central Mediterranean
Sea, the North Sea and the Baltic Sea. It is stressed that the use of a monthly map of reflectance
for the classification of water type and calculation of Chl-a serves only an illustrative purpose.
Ideally, the proposed steps should be applied to daily imagery, but this simplification does not
affect the interpretation of the results presented and discussed below.

Chl-a maps resulting from the individual CoASTS and SeaBAM algorithms are presented
over the entire European seas investigated to fully highlight the differences resulting from the
application of the two algorithms. The region of applicability of the individual algorithms and
the difference between the products of the SeaBAM and CoASTS algorithms are then provided
in a separate map. Differently, the Chl-a derived from data novel for both SeaBAM and
CoASTS data sets is not presented on the maps of the blended products and the corresponding
region is flagged (i.e., coloured of gray). This was done to avoid considerations that may result

too speculative, being only derived from novel data where both pdf tend to zero.

A. Central Mediterrarnean

The first area considered in this study is the central part of the Mediterranean Sea in April
1999 (Figure 6). It contains the CoASTS site in the northern Adriatic Sea, and also includes

regions typical of Case 1 conditions, with low Chl-a, particularly in the Ionian and Tyrrhenian
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basins, or with high Chl-a, during the spring bloom in the Ligurian Sea (Antoine et al., 1995;
Bricaud et al., 2002; Morel and Andr’e, 1991).

The maps showing the applicability of algorithms (Figure 6(a) and 6(c)) display an almost
complementary classification. The CoASTS data are found representative of the northemn
Adriatic Sea, of the coastal zones and of the waters transported southeast of the Sicilian
coast. About 6% of the area shown is characterized by reflectances represented in the CoASTS
data set. Conversely, almost all the offshore waters are represented by the SeaBAM data set,
including the bloom conditions of the Ligurian basin (Figure 6(b)). The associated range
of applicability covers 94% of the area. This distribution supports the fact that reflectance
spectra associated with a very low Chl-a (i.e., below 0.1 mgm™3) or bloom conditions are
not observed at the AAOT site, whereas coastal zone conditions are not represented in the
considered SeaBAM data. The maps of Chl-a resulting from the two separate MLP algorithms
are shown in Figure 6(b) and 6(d), whereas Figure 6(e) highlights the differences between the
two maps. The CoASTS algorithm gives values of Chl-a lower than the SeaBAM algorithm
for the coastal regions and for the Ligurian Sea bloom, and higher values in low Chl-a
offshore waters (e.g., southern Adriatic Sea, Tyrrhenian Sea). The discrepancy between the
Chl-a maps derived from the two algorithms can be quantified in an average overestimation
by the CoASTS algorithm of about 26% in the central Mediterranean Sea. Obviously, these
differences stem from the respective characteristics of the two training data sets. Moreover, it
can be noticed that the MLP algorithms used in this work did not predict Chl-a values much
out of the range of variability of the fraining data sets. An example of this is illustrated by
the absence of low Chl-a in the map resulting from the CoASTS algorithm.

Through a weighting based on the pdf, the blending of the algorithm products combines
these two maps (Figure 6(f)). It is observed that some areas very close to the Adriatic coast

south of the Po estuary are not identified by any of the classification schemes (grey regions
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Fig. 6. Central Mediterranean Sea. Range of applicability of the SeaBAM (a) and CoASTS (c) algorithms. The
Chl-a maps resulting from the use of the two algorithms are shown in b) for SeaBAM and d) for CoASTS. In
e) the Signed Unbiased Percentage Difference (UPDS) in the Chi-a between the two algorithms is shown, with
UPDS = 200 x (ycoASTS — YSeaBAM)/(YcoASTS — YseaBan) Where y indicates the algorithm result while
the subscription indicates the corresponding training data set. In f) the Chl-a map resulting from the SeaBAM and
CoASTS blending approach (regions containing data out of the region of applicability of both algorithms have

been flagged in gray) is shown.
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on Figure 6(f)). For instance, close to the Po river outlet, the spectra present values of the
reflectance at 490 nm that are relatively low with respect to the training data sets, whereas
the reflectances at 555 and 670 nm are relatively high. Actually, the AAOT site is not under
appreciable influence of the Po river discharge and is not characterized by very high absorption
values in the blue part of the spectrum or by very high scattering values (Berthon et al., 2002).
In general, it is noticed that the areas classified as novel are among regions of high values
of the backscattering coefficient (see Mediterranean map presented in Loisel et al. (2001)).
The overall area of applicability of the blended algorithms indicates that 96% of the central
Mediterranean Sea in April 1999 is represented in at least one of the two data sets. The
resulting Chl-a map is very similar to that predicted by the SeaBAM algorithm except for the

coastal zones and particularly the northern Adriatic Sea.

B. North Sea

Figure 7 shows similar maps for the North Sea and adjacent areas (April 1999). As for
the Central Mediterranean, a complementarity in the range of applicability of the two data
sets is observed (Figure 7(a) and 7(b)). It is interesting to see how the CoASTS reflectance
data are found representative of most of the Irish Sea, the English Channel and the German
Bight (27% of the marine area). The classification indicates that the area between Scotland
and Norway as well as the Atlantic waters are well represented in the SeaBAM data set (71%
of the marine grid points).

When compared to the Chl-a map derived from the SeaBAM algorithm (Figure 7(c)), the
map obtained from the CoASTS algorithm (Figure 7(d)) generally shows higher concentrations
in the Atlantic and North of the German Bight and lower concentrations in waters presumably
pertaining to Case 2, for example along the Dutch and German coasts. Figure 7(e) shows the

differences between the latter maps and highlights an overall underestimation in the North
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Fig. 7. As in fi gure 4 for the North Sea.
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Sea of about 17% of the CoASTS based Chl-a distribution with respect to that predicted by
SeaBAM.

Figure 7(f) shows the output of the blending of the algorithm products and highlight in gray
those regions out of the range of applicability of both algorithms. The reflectance spectra are
represented by at least one of the training data sets for 89% of the map. However, the coastal
regions of southeast England and of the German Bight, characterized by high concentrations of
dissolved and particulate matter (Aarup et al., 1996; Doerffer and Fischer, 1994), are identified
as novel data (areas in grey). For these regions, the reflectance at 490 nm appears relatively
low and the reflectance at 670 nm relatively high with respect to the training data sets. Those
areas are influenced by river discharge (Thames River on one hand, Elbe, Ems, Rhine delta,
Weser on the other) and resuspension of bottom sediments due to tidal currents in shallow

waters (Jago et al., 1994).

C. Baltic Sea

For the Baltic Sea, the month of July 1999 is retained as an example because it maximizes
the availability of ocean colour data. Compared to the other two areas, the analysis in the
Baltic Sea shows the highest fraction of novel data. For example, in the Baltic Sea proper,
the number of marine grid points represented in at least one data set is clearly insignificant
(Figure 8(b) and 8(c)). Thus, the application of the present empirical algorithms to this area
and period of the year would result in a high uncertainty. This restricted range of applicability
is explained by a value of R, that is relatively low mostly at 490 nm but also at 555 nm
with respect to the training data sets. This basin is indeed characterized by high absorption
values in the blue particularly due to the presence of yellow substance (Aarup et al., 1996;
Ferrari et al., 1996; Jerlov, 1976; Kowalczuk, 1999; Siegel et al., 1994).

These results do not hold all year round. Parts of the basin can be confidently classified in
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novel  non-novel

Fig. 8. Region of applicability of the SeaBAM, a), and CoASTS, b), algorithms for the Baltic Sea. None of the

two algorithms has been identifi ed as applicable in this region.

some months, especially the southern sector in spring (March, April), even if the global range
of applicability of the algorithms remains limited (not shown). The temporal variability of
the representativeness of the two selected in situ data sets should be studied but this analysis
goes beyond the scope of this work. In any case, the inclusion of in situ data collected in
the Baltic Sea would allow for the extension of the range of applicability of the proposed

empirical algorithms.

V. DISCUSSION

The accuracy of the Chl-a maps obtained with the proposed approach relies on: i) the
accuracy of the in situ and remote sensing data used to develop the algorithms and produce
the maps, respectively; ii) the existence of ideal and unique relationships linking Chl-a to R
for different marine areas; iii) the assumption of negligible uncertainties induced in R, data
by the atmospheric correction of remotely sensed radiances. The following discussion will

then be restricted to elements linked with the general concept of novelty detection and its
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application to remote sensing of seawater optically significant constituents. Specifically the
discussion will address: 4) the rationale in identifying the algorithm applicability by means
of the novelty detection and B) areas of improvements for future activities which may deserve

focused study.

A. Rationale in identifying the algorithm applicability with the novelty detection

Elements supporting the use of the novelty detection technique in defining the range of
applicability are: i) the boundaries of the areas of applicability are not geographically fixed
and follow the changes of the water properties so that both seasonal and spatial variations as
well as occasional events can be dealt with, ii) the areas for which new data should be included
in the training data sets in order to more efficiently extend the range of applicability of the
algorithms are highlighted and iii) the individual range of applicability of the CoASTS and
SeaBAM algorithms can be associated with the corresponding uncertainty of the computed
Chl-a (see section 11I-A.3). The latter outcome could not be achieved if the two data sets were
merged to create a single algorithm.

An alternative approach to identify the range of applicability would be to accept only those
algorithm outputs that are included within the range of variability of the training data. This
approach can be clearly misleading especially if the algorithm functional form can model
non-linear relationships as it is the case for the adopted MLP. In fact, with this class of
functions, saturation may characterize intervals close to the limits of the range of variability
of the training data, and the algorithm output could erroneously be considered correct.

An example of what is stated can be found in the maps of the central Mediterranean Sea
given in section IV (Fig.4). The Chl-a derived using the CoASTS algorithm for the Ligurian
basin bloom is well included in the range of variability of the associated training data set,

but this area is not part of the range of applicability of the algorithm. On the other hand, the
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SeaBAM algorithm predicts higher values of Chl-a for this bloom and the confidence in the
validity of these results is high.

The use of the novelty detection to define the range of applicability avoids dealing with
algorithm saturation. It is pointed out that other MLP architectures or other functional forms
could be used to reduce the saturation trend outside the range of applicability. Nevertheless,

this would not increase the confidence in the algorithm products derived from novel data.

B. Areas of improvement for future activities

1) Additional elements for the identification of the range of applicability of algorithms: In
the present work, the distribution of the R of the training data sets was modeled using a single
multivariate Gaussian function. The water types classification (see Section IV-A and IV-B)
resulting from the proposed scheme using the SeaBAM and CoASTS data sets corresponds to
the expected (i.e., as suggested by the prior knowledge) distribution of coastal and open ocean
waters. And this supports the validity of the proposed classification scheme. Nevertheless a
single Gaussian may not provide accurate description of the distribution of the training data.
In this case, a better identification of the range of applicability could be obtained by modeling
the pdf through a Gaussian Mixture Model (GMM) (Nabney, 2001).

Validation exercises (see Section III-B) showed that the algorithm accuracy not only depends
on the density of the training data but also on the type and concentration of the various optically
significant components. Thus, an alternative approach for estimating the range of applicability
of the empirical algorithms would be to directly express the dependence of the algorithm
accuracy as a function of the R,; data. Then, estimates of the algorithm accuracy could be
obtained i) developing an MLP for which the input is the R,s; and the output is the difference
between computed and measured Chl-a or ii) implementing in a Bayesian framework a single

algorithm that provides both the Chl-a as well as its accuracy.



Chapter 7

Summary and conclusions

This work has addressed the problem of the retrieval of the optically active seawater
components in coastal waters and the range of applicability of coastal regional algo-
rithms. The relevance of these objectives depends on any limitation of the operational
algorithms for Case 1 waters when applied in optically complex coastal waters, due to
the reduced correlation between seawater components. Algorithms for coastal areas are
likely to have only a regional validity, that can not be identified on the basis of a geo-
graphical partitioning but vary according to the specific characteristics of Case 2 waters
(Sathyendranath, 2000). The relevance for effective regional® algorithms, together with
a corresponding range of applicability, is motivated by a growing need to identify and
monitor specific biological habitats in coastal waters, as well as by the importance of
these areas for human activities. Outcomes of this work were based on in situ experi-
mental data, and thus they provide a significant reference to evaluate the suitability of

proposed algorithms for operational applications.

7.1 Summary of the major results

The results obtained from this study have been presented through three papers submit-

ted to IEEE Transactions in Geoscience and Remote Sensing. The most relevant results

IThe term regional is here used to indicate in situ data collected from specific coastal water
types, and not the geographical separation of the seawater.
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produced within this works are hereafter summarized.

7.1.1 Modelling of the phytoplankton component

The phytoplankton component has been modelled in terms of i) chlorophyll-a concen-
tration and ii) absorption of the pigmented particulate matter at 443 nm. The study
has shown that the MLP configuration most suitable for the retrieval of both Chl-a
and app(443) is made by ten hidden neurons and requires R, at 490, 555 and 665 nm.
The MLP algorithms have been compared with i) band ratio algorithms developed on
the basis of the CoASTS data set, and ii) the OC4v4 algorithm, (O’Reilly et al., 2000)

routinely used for the operational processing of the SeaWiFS data.

Among the algorithms applied to the CoASTS data, OC4v4 was the least successful
(the unsigned relative percentage difference between the Chi-a computed with OC4v4
and the corresponding measured values was 60%). This highlights the limits of including
some points from an optically complex coastal region in a large data set in the scope
of developing more general algorithms. This is disconcerting as some of the data used
for the implementation of the OC4v4 algorithms were taken from the CoASTS data set
used in this study, and confirms the need to implement specific regional algorithms for
optically complex coastal areas. The MLP has been shown more effective than band
ratio algorithms in modelling both the Chl-a and the a,;(443). Finally, it is evident
that apn(443) can be better retrieved than Chl-a (with uncertainties of 22% and 31%,

respectively).

7.1.2 Coloured dissolved organic matter and non pigmented particu-

late matter absorption coefliciens

The possibility of retrieving the absorption coefficient spectral shape of seawater opti-
cally significant components has been investigated on the basis of synthetic data by Hoge

and Lyon (1996, 1999). In addition, various algorithms have been proposed (Tassan,
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1994; Shiller and Doerffer, 1997; Buckton et al., 1999; Keiner and Brown, 1999; Kahru
and Mitchell, 2001; Berthon et al., 2002) for the retrieval of CDOM and NPPM absorp-
tion coefficients (acpoa and anpppsr, respectively) at specific wavelengths. However,
these algorithms do not provide a description of the spectral dependence of acpoym and
anppy, which may vary from region to region, according to the specific bio-geochemical
components of CDOM and NPPM (Ferrari and Tassan, 1999; Ferrari, 2000). In the
present study, the CoASTS data set has been used to developed MLP regional algo-
rithms to retrieve the spectra of agpoy and ayppayr, and not just their values at some
specific wavelength. Specifically, the proposed approach consisted in firstly defining the
regressional parameters (i.e, the coefficient, slope and background) of the exponential
functions fitting acpopr or the ayppar spectral measurements. Then, these regressional
parameters have been related to the corresponding remote sensing reflectance measure-

ments, through the MLP.

For both acpoy and ayppus, the proper set of MLP inputs was identified with the
R, at 412, 490 and 665 nm. The study has shown that the coefficient of the exponential
function describing acpoa can be better retrieved than that of the function describing
anppy - Conversely, the slope can be better identified for ayppps than for the acpon-
The retrieval of the background values of acpom presented the highest uncertainty.
These results have been explained by the exponential decrease of ayppy and agcpom
with wavelength, and by the fact that the absorption of the coloured dissolved organic
matter is almost negligible (i.e., close to the instrument noise level) in the red region of
the spectra. The uncertainty on the retrieval of agpoy and anypppyr values, using the
regressional parameter computed by the MLP, are 20% and 25% respectively (412 nm),

and increase with wavelength.

7.1.3 Algorithms applicability

This study addresses the problem of the identification of the range of applicability of

the empirical ocean colour algorithms towards the use of the novelty detection technique
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(Bishop, 1994). The principle of the novelty detection is that the reliability of the
algorithm product depends on how well the input is represented within the training data
set used for the algorithm implementation. The range of applicability of the algorithm
is then identified by first modelling the unconditional probability density function (pdf)
of the training data and then by excluding those inputs (i.e., novel data) for which the

pdf is lower than a predefined threshold value.

It is important to highlight that the definition of the range of applicability of ocean
colour regional algorithms is still an open problem. In fact, whereas a scheme for the
identification of different oceanographic regions on the basis of a fuzzy logic approach
was investigated by Moore et al. (2001), no operational attempt has yet been presented
to identify the range of applicability of empirical algorithms developed through experi-

mental data from specific water types.

The analysis of the algorithm applicability has made use of a subset of the SeaBAM
data (O’Reilly et al., 1998) representative of Case 1 water conditions only, in addition to
the CoASTS data (Zibordi et al., 2002a) mostly representative of conditions close to the
separation line between Case 1 and Case 2 waters (Loisel and Morel, 1998). Two MLP
algorithms for the Chl-a retrieval (i.e., one from each data set) have been implemented.
Then, the range of applicability of each algorithm has been identified with the region of
the input space (i.e., represented by R,s at 490, 555 and 665 nm) containing 90% of the

corresponding training data set.

The range of applicability of each algorithm has been analyzed for three selected re-
gions (i.e., the central Mediterranean Sea, the North Sea and the Baltic Sea) using maps
of R,s derived from the SeaWiF§S data. An extension of the novelty detection technique
has been proposed to blend the individual algorithms, thus avoiding discontinuities in
the resulting Chi-a¢ maps.

For the considered monthly maps (April, 1999), it has been observed that the overall
region of applicability (i.e., data non novel for at least one algorithm) covers most of

the Central Mediterranean Sea and the North Sea. Data not included in the range of
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applicability have been mostly found in coastal waters and in areas influenced by river
discharge (Thames, Elbe, Ems, Rhine, Weser for the North Sea and the Po river for
the North Adriatic Sea). Conversely, the Baltic Sea (monthly map of July 1999), has
been recognized to be mostly characterized by data novel for both algorithms. This,
highlights the need of collecting and using additional in situ measurements from the
Baltic Sea.

The study also suggests that the accuracy of the algorithms, beside of the density
of the input data, is also dependent on additional factors such as the the type and

concentration of the specific optically significant components.

7.2 Accomplishment of the study objectives

This study has demonstrated the suitability of the MLP for the implementation of re-
gional algorithms developed on the basis of data collected in optically complex coastal
regions. Various authors (Shiller and Doerffer, 1997; Keiner and Brown, 1999; Buckton
et al., 1999; Gross et al., 2000; Cipollini et al., 2001; Dransfeld, 2003) investigated the
potentiality of neural networks in developing Case 2 waters algorithms, but these studies
were primarily based on synthetic data only. Thus, a main achievement of the present
work is to assess the suitability of a limited set of experimental data collected in opti-
cally active complex waters for the MLP development. The study also highlighted the
relevance of adopting techniques to better exploit the available data and to optimize the
algorithm generalization capability (i.e., cross-validation, complezity optimization and
weight decay regularization term). In light of the results obtained, it is seen that the
use of the MLP, as a complementary approach to the band ratio polynomial regression
for the implementation of empirical ocean colour algorithms, is of benefit. This is also
supported by the availability of effective routine libraries and advanced optimization
algorithms (Nabney, 2001) for the MLP implementation.

The range of applicability of the empirical algorithms has been investigated, for the

specific case of the chlorophyll-a concentration, through the novelty detection technique
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Bishop (1994). The novelty detection technique has also been extended to blend dif-
ferent algorithms avoiding discontinuity between the boundaries of individual regions of
applicability. Identified elements supporting the proposed scheme for the determination
of the range of applicability of algorithms are: i) the boundaries of the regions of applica-
bility are not geographically fixed and they follow the changes of water properties so that
both seasonal and spatial variations as well as occasional events can be dealt with, ii) the
areas where new data should be included in the training data sets, to more efficiently
extend the range of applicability of the algorithms, are highlighted and iii) the accu-
racy of the computed Chl-a maps (as resulting from the algorithm validation process)
can be directly associated to the range of applicability of the corresponding algorithm.
The novelty detection has been recognized to be an effective approach to evaluating the
algorithm applicability. Thus, both the validity of the results obtained, as well as the

simplicity of its implementation, suggest the operational use of the novelty detection.

7.3 Future work

The present study has investigated effective approaches for better exploiting in situ data
collected in optically complex coastal regions. The scientific area of the current research
is both vast and complex. It is inevitably the subject of continuing research, some

aspects of which are discussed hereafter.

7.3.1 The empirical versus the analytical approach

Whereas O’Reilly et al. (1998) already investigated the effectiveness of some analytical
and semi-analytical models, showing that the empirical ones were providing more ac-
curate results, nevertheless relevant issues leaved open by the present study are i) to
extend the comparison between the neural network models here developed and other
analytical solutions derived from the CoASTS data set, and ii) to extend such a com-

parison to the retrieval of optically active water components other than the pigmented
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part (i.e., CDOM and NPPM). The relevance of such a study is that the analytical
solution is based on a physical model of the underlying radiative transfer process, while
the empirical algorithms do not depend on any physical assumption regarding the data

generating process.

An element that may partially justify the higher accuracy shown, up to now, by the
empirical solution is the complexity of the analytical approach with respect to the em-
pirical one. In fact, the analytical approach requires i) to introduce some simplification
in order to make the forward model computationally tractable, ii) to identify a set of
parameters to characterise the model on the basis of a set of experimental measurements
(and in such a case the model is also called semi-analytical) and finally iii) to identify
an effective numerical approach for the inversion of the forward model. Each step in-
evitably introduces some additional uncertainty that contributes to reduce the accuracy
of the final solution. Another factor possibly limiting the application of the analytical
approach is that the inversion of the forward model has to be carried on a pixel by pixel
basis, and this can be time consuming when processing large remote sensing images.
Efforts to improve the accuracy of the analytical solution have to address all the here

above mentioned items.

It is once more pointed out that, whereas less straight forward, the analytical solu-
tion has to be in principle preferred because it is part of a theoretical framework in
which data are used to validate hypotheses aiming to explain a natural process. Con-
trary, empirical solutions such as the band ratio polynomial regression or the neural
network based methods, even when more accurate, only allow to optimally exploit the
statistical information content embodied in the data but without improving the physical

understanding of the data generating process.

7.3.2 Algorithms assessment with data from other oceanographic areas

The study has addressed the applicability of empirical algorithms without investigating

aspects related to the accuracy of atmospheric corrections in other coastal regions (the
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processing scheme applied to the SeaWiFS images, proposed by Sturm and Zibordi
(2002), was assessed by Mélin et al. (2003) for the northern Adriatic Sea). Moreover, the
application of ocean colour algorithms developed with the CoASTS data to areas other
than the Northern Adriatic Sea presumes the uniqueness of the relationship between
R,s and the optically active seawater components. These are key aspects to be verified
with experimental data from other coastal regions before relying on algorithm products.
High quality #n situ measurements collected in coastal European waters to be used for
further validation exercises are represented by the COLORS? and the COASTIOOK?

data sets.

7.3.3 Reduction of the dimensionality of the input space

The identification of the lowest dimension of the input space still ensuring the algorithm
performance, is motivated by the problem of the curse of the dimensionality and by the
robustness of the resulting algorithm (see Section 4.1.5.1). In this study, the reduction of
the dimensionality of the input space has been based on a trial-error approach. From a
minimum set of inputs (R,s at some wavelengths), additional inputs (R,s at wavelengths
unused in the minimal input set) have been added one at a time, and that giving an
effective improvement of the algorithm performance has been retained for the next step.
This approach allows a direct use of prior knowledge on the relevance of the R, at
some specific wavelengths with respect to the water components being modelled. 1t also
provides information on the final set of relevant inputs. The latter outcome could not
directly be obtained by applying methods for feature extraction based on projection
(linear or non linear) of the initial input quantities on a low dimensional latent space.
Nevertheless, among these projection methods, the Independent Component Analysis
(ICA, see Hyvirinen et al. (2000)) seems to be well addressed to the problem of ocean

colour. In fact, ICA was developed with the specific aim of separating the contribution

2Details on the COLORS data set can be found in the COLORS “Final Report”, European
Commission, contract MAS3-CT97-0087.

3Details on the COASTIOOK data set can be found in the COASTIOOK “Final Report”,
European Commission, contract ENV4-CT96-0310
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of independent sources from the signal resulting from their combination. That is exactly
what happens to the R, spectra due to the independent variability of the optically active
components in Case 2 waters. As it has been already observed for the MLP, routine

4

libraries® are available for the application of the ICA, simplifying their implementation.

7.3.4 Modelling of the algorithms accuracy

Further improvements in the determination of the algorithm applicability are expected
by directly modelling the algorithm accuracy as a function of the input data. It has been
observed that specific combinations of the individual seawater components are likely to
constrain the algorithm performance, in spite of the statistical density of the training
data. An approach to express the algorithm accuracy as a function of the input data is
represented by the modelling of the distribution of the algorithms output in a Bayesian
framework (Bishop, 1995). Alternatively, a MLP algorithm could be directly trained to

learn the difference between measured and modelled values.

7.3.5 Modelling of the noise affecting input data

In this work, the development of the algorithms has been carried out without consid-
ering the effects of the additional uncertainty that affect actual remotely sensed data
(i.e., mainly due to the atmospheric correction processing scheme). This additional un-
certainty presumably affects both the accuracy of the algorithm products, as well as the
effectiveness in identifying their range of validity. Also, the MLP is likely to be more
sensitive to the uncertainty affecting the input quantities than regressional algorithms
based on band ratios. In fact, the former use the R,s at individual wavelengths, while
the latter use band ratios, thus automatically reducing the effect of the uncertainty
correlated at different wavelengths. Thus, a possible approach to improve the MLP
effectiveness in operational applications would be to add to the training data additive

noise having the same spectral distribution as that affecting actual remote sensing data.

4A MATLAB toolbox for the ICA is downloadable from http://www.cis.hut.fi/projects/ica
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7.3.6 Range of applicability and algorithm blending

The modelling of the probability density of the input values of the training data set has
been realized in the present work through a single multivariate Gaussian distribution.
This is supported by the lognormal distribution of the bio-optical quantities (Camp-
bell, 1995), and allows an immediate identification of the range of applicability of the
algorithms through the Mahalanobis distance (see Chapter 6). The identification of the
range of applicability could alternatively be obtained by modelling the pdf of the input
data through a Gaussian Mixture Model (GMM) (Nabney, 2001). The advantage of
this approach is that it does not need the assumption that the input data are Gaussian
distributed. Nevertheless, the operational application of this approach is more costly in
time, as it requires the evaluation of the probability density function for each pixel of

the image to be classified.

Finally, the accuracy of the result obtained by the combination of different algorithms
representative of specific water types could be improved through a Mixture of Expert
(ME) approach (Bishop, 1995). The blending method developed in the present study
as an extension of the novelty detection technique, is exclusively based on the statis-
tical representativeness of the input R,;. Conversely, the ME approach would define
the mixing coeflicient for the various algorithms through a minimization process. This
should further reduce the difference between the result of the algorithm blending and

the corresponding measured value.
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