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Partitioning of the total non-water absorption coefficient of seawater, anw(!), 

into phytoplankton, aph(!), and non-phytoplankton, adg(!), components is important to 

research in ocean optics, biology, and biogeochemistry.  I developed a partitioning 

model based on stacked-constraints approach, which requires weakly restrictive 

assumptions about the spectral slope of adg(!) and the spectral shape of aph(!).  With a 

comprehensive set of inequality constraints, the model first derives a wide range of 

speculative solutions for adg(!) and aph(!) and then identifies feasible solutions.  Final 

model outputs include the optimal solutions that agree well with measurements (with 

biases typically within ±5%), and a range of feasible solutions that encompasses the 

measured adg(!) and aph(!) with a probability > 90% at most wavelengths.  I also 

developed another model for partitioning the spectral absorption coefficient of 



 

xvii 

suspended marine particles, ap(!), into phytoplankton, aph(!), and non-algal, ad(!), 

components based on the stacked-constraints approach.  Partitioning results of the 

model generally agree well with measurements and are superior in terms of error 

statistics compared with previous partitioning models.  These results support the 

prospect for the applications of the partitioning models using the input data of anw(!) 

and ap(!) collected from various oceanographic and remote-sensing platforms. 

I also evaluated the performance of the Quasi-Analytical Algorithm (QAA) for 

deriving the spectral total absorption, a(!), and backscattering, bb(!), coefficients of 

seawater from input spectrum of remote-sensing reflectance, Rrs(!), using field data 

collected in the Arctic and lower-latitude open waters.  The performance of QAA for 

estimating a(!) varies from very good to fair (bias on the order of ±10%) depending 

on light wavelength and the oceanic region.  For bb(!), the QAA typically shows 

overestimation from small to as large as about 35%.  A sensitivity analysis shows that 

the parameter u ["bb/(a+bb)] at the reference wavelength of 555 nm generally 

contributes the most significant bias to bb(!) at all wavelengths within the spectrum of 

visible light, whereas the interplay between u(555) and u(!) generally dominates the 

errors of QAA-derived a(!) except for the reference wavelength.  Our findings 

provide guidance for future efforts towards refinement of the QAA and potentially 

also development of other inverse models. 
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Introduction 

 

 

Light that propagates through natural seawater interacts with water molecules, 

dissolved materials, and suspended particles.  Such interactions can be characterized 

by the inherent optical properties (IOPs) [Preisendorfer, 1976] of seawater such as the 

absorption and scattering coefficients.  As an example, the theoretical definition of the 

spectral absorption coefficient, a(!), can be written as [Mobley, 1994], 

 

where F0(!) and Fa(!) denote the radiant power of the incident light and the absorbed 

light, respectively, and "r is a pathlength within a medium.  Operationally, a(!) is 

defined on the basis of the Beer-Lambert law, 

 

where Ft(!) and Fs(!) is the radiant power of the directly transmitted light and the 

scattered light respectively, over the pathlength of #r, and the conservation of energy 

gives F0(!) = Ft(!) + Fs(!) + Fa(!).  Other IOPs such as the spectral scattering 

coefficient, b(!), can be defined in a similar fashion. 

In the visible spectral region, the optical properties of pure water plus 

dissolved inorganic ions are well-established [e.g., Morel, 1974; Pope and Fry, 1997].  

Variability in total IOPs of natural seawater is largely driven by its constituents 

consisting of very many substances.  These substances include colored dissolved 
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organic matter (CDOM) (i.e., materials operationally defined to cover a size range 

from ~0.1 nm to ~0.2 µm), colloids (i.e., very small particles typically defined within 

a size range from ~1 nm to ~1 µm), and suspended particles (often operationally 

defined within the size range of ~0.2 µm – ~1 cm but can also include colloids smaller 

than 0.2 µm) [e.g., Stramski et al., 2004]. 

In open ocean waters, the dynamics of IOPs associated with these various 

constituents originate primarily from biogenic sources, namely various marine 

organisms and their activities.  For instance, the nutrient uptake and photosynthesis of 

phytoplankton lead to growth of phytoplankton biomass and hence increased 

attenuation of light in the water column.  Grazing and decomposition of phytoplankton 

result typically in a decrease of phytoplankton attenuation coefficient but increase of 

detrital and dissolved organic attenuation coefficients.  Viral infection of bacteria is 

expected to decrease the particulate attenuation coefficient but increase the absorption 

coefficient of dissolved organic materials.  Thus, observations and understanding of 

the variability of seawater IOPs provides information that can be linked to changes in 

the abundance and composition of a wide range of biogeochemically important 

seawater constituents. 

The studies of IOPs, especially the properties associated with specific seawater 

constituents, play an important role in advancing many topics and areas in 

oceanography, such as primary production, marine ecology, and biogeochemistry.  For 

instance, the knowledge of phytoplankton absorption coefficient may advance the 

development of absorption-based approaches for estimating the chlorophyll-a 

concentration ([Chl-a]) [e.g., Lee and Carder, 2004].  The existing ocean color 
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algorithms for estimating [Chl-a] typically utilize spectral band ratios of ocean 

reflectance [e.g., O'Reilly et al., 1998] and the performance of such algorithms 

depends largely on the degree of covariation between chlorophyll-a, CDOM, and non-

algal particles (often referred to as detritus).  Because variations in [Chl-a] are often 

decoupled from variations in CDOM and/or detritus, such algorithms can be subject to 

significant uncertainties.  One potential approach to reduce these uncertainties is to 

derive [Chl-a] from light absorption coefficient of phytoplankton, which in turn can be 

determined from field absorption measurements or estimated from optical remote 

sensing of ocean color, in particular satellite observations of ocean color. 

An improved capability to quantify phytoplankton absorption spectrum may 

also advance the models for estimating marine primary productivity.  Phytoplankton 

absorption coefficient is an essential parameter in primary productivity (PP) models.  

However, in the PP models this coefficient is generally unknown and typically 

expressed as the product of [Chl-a] and chlorophyll-specific absorption coefficient of 

phytoplankton [e.g., Behrenfeld and Falkowski, 1997; Falkowski and Raven, 1997].  

Such an approach has important limitations for providing robust estimates of 

phytoplankton absorption, and hence affects the performance of PP models. As 

indicated above in the context of ocean color algorithms for determining [Chl-a], the 

estimates of [Chl-a] can be subject to significant errors.  Furthermore, even if [Chl-a] 

is known with good accuracy, some assumption about the chlorophyll-specific 

absorption coefficient of phytoplankton is required.  The chlorophyll-specific 

absorption coefficient of phytoplankton varies significantly in the ocean depending on 

phytoplankton cell size, intracellular pigment concentration, and pigment composition 
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[Bricaud et al., 1995].  Because this variability is not easily predictable, the 

assumption about this coefficient is also a source of error in the PP models.  Therefore, 

the PP models can benefit from direct utilization of phytoplankton absorption 

coefficient instead of the product of [Chl-a] and chlorophyll-specific absorption 

coefficient [Marra et al., 2007], and hence from improved capabilities to determine 

the phytoplankton absorption coefficient from field and remote-sensing optical 

measurements. 

Another research area that can benefit from improved ability to estimate 

spectral absorption coefficient of phytoplankton is associated with assessing the 

composition of phytoplankton assemblages.  The absorption spectrum of a given 

phytoplankton assemblage carries information about pigment composition and cell 

size distribution of all species in the assemblage.  Because different phytoplankton 

species and taxonomic groups are often characterized by distinct pigment composition 

and range of cell size, the absorption spectrum of a phytoplankton assemblage can be 

used to infer the presence of different phytoplankton functional groups [e.g., Ciotti et 

al., 2002; Hirata et al., 2008; Nair et al., 2008; Devred et al., 2011; Torrecilla et al., 

2011]. 

Optical properties of seawater can be determined from measurements made 

with various sensors deployed on a variety of oceanographic platforms [e.g., Dickey et 

al., 2006].  Whereas the optical instruments are generally designed to measure the 

total inherent optical properties of bulk seawater including dissolved organic matter 

and suspended particulate matter, there is a great interest in quantifying separate 

contributions of major seawater constituents to the bulk IOPs.  Specifically, a classical 
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concept for partitioning the total absorption coefficient of seawater, a(!), is a four-

component model (! denotes light wavelength in vacuo).  This model can be written 

as,  

! 

a(") = aw (") + aph (") + ad (") + ag (")  

where the subscript “w” stands for pure water, “ph” stands for phytoplankton, “d” 

stands for non-algal particles (also referred to as detritus), and “g” stands for CDOM 

(also referred to as gelbstoff).  The absorption coefficient of CDOM, ag(!), can be 

measured after appropriate filtration of seawater samples [Mitchell et al., 2002].  

There also exists an experimental approach for the determination of absorption 

contributions by two major particulate components, aph(!) and ad(!).  These 

determinations can be, however, quite challenging.  The difficulty arises largely from 

the fact that natural seawater is a complex mixture of phytoplankton cells, 

heterotrophic organisms, and non-living particulate matter including organic detritus 

and minerals, which requires an adequate methodology for separating the absorption 

contributions associated with different particulate components.  For a few decades 

now, oceanographers have been using an experimental method for partitioning the 

absorption coefficient of particulate matter, ap(!), into aph(!) and ad(!) components.  

This method is based on the so-called quantitative filter-pad technique combined with 

depigmentation (bleaching) treatment of particulate samples retained on the filter pad 

[Mitchell, 1990; Mitchell et al., 2002; Kishino et al., 1985; Ferrari and Tassan, 1999]. 

The quantitative filter-pad method is laborious and involves laboratory 

measurements of discrete water samples, which limits the amount of data that can be 

collected.  It is therefore important to advance the development of methodologies for 
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providing much more comprehensive characterization of phytoplankton and non-

phytoplankton absorption coefficients within the world's oceans than presently 

available.  One such methodology that can be envisioned involves the use of extensive 

datasets of total absorption coefficient derived from satellite measurements of ocean 

color or from in situ measurements as input to appropriate partitioning models for 

estimating phytoplankton and non-phytoplankton absorption coefficients.  Another 

methodology is to use extensive datasets of total particulate absorption coefficient 

estimated from in situ measurements as input to appropriate partitioning models for 

estimating phytoplankton and non-algal particulate absorption coefficients. 

Both of these methodologies are pursued in this dissertation, which involves a 

development of two types of absorption partitioning models.  Specifically, one type of 

model aims at partitioning the total non-water absorption coefficient, anw(!) (i.e., the 

light absorption coefficient after subtraction of pure water contribution), into 

phytoplankton absorption coefficient, aph(!), and non-phytoplankton absorption 

coefficient, adg(!), where adg(!) is the sum of non-algal particulate absorption 

coefficient, ad(!), and the CDOM absorption coefficient, ag(!).  The second type of 

model partitions the input data of particulate absorption coefficient, ap(!), into 

phytoplankton aph(!), and non-algal particulate, ad(!), components.  Chapter 1 is 

focused on the first type of partitioning model and Chapter 2 is focused on the second 

type.  We note that because the spectra of ad(!), ag(!), and adg(!) can usually be 

approximated by an exponential spectral shape, the two types of models are 

conceptually similar in a sense that the derived results include the phytoplankton 
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absorption spectrum, aph(!), and the non-phytoplankton exponential spectrum for ad(!) 

or adg(!). 

One major advantage of partitioning models over experimental partitioning 

methods is that they can be used to enhance our capabilities for determining aph(!), 

ad(!), and adg(!) over extended spatial and temporal scales within the world's oceans.  

Most importantly, data of anw(!) can be derived from satellite imagery of ocean color, 

which opens the possibility for obtaining large-scale and global information about 

phytoplankton and non-phytoplankton absorption coefficients if appropriate 

partitioning model is available.  In addition, data of anw(!) and ap(!) amenable for 

further partitioning can be obtained from in situ techniques and instruments, such as 

ac-9 [Moore et al., 1992], ac-s [Rhoades et al., 2004], a-Sphere [Dana and Maffione, 

2006], and PSICAM [Röttgers et al., 2007].  As the technologies of optical sensors for 

in situ observations from various oceanographic platforms advance, there are 

significant prospects for development of large datasets that include absorption data 

from various oceanic environments [e.g., Twardowski et al., 2005; Dickey et al., 

2006]. 

The existing models for partitioning anw(!) and ap(!) have significant 

limitations.  Most importantly, the existing models involve highly restrictive 

assumptions about the model outputs, i.e., the spectral shapes of phytoplankton and 

non-phytoplankton absorption coefficients.  For example, the magnitude of the 

spectral slope of the exponential spectrum of adg(!) or ad(!) is typically assumed to be 

constant [Roesler et al., 1989; Cleveland and Perry, 1994; Lee et al., 2002].  For 

aph(!) the assumptions involve a single fixed spectral shape or a linear combination of 
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a small number of predefined spectral shapes [Morrow et al., 1989; Hoepffner and 

Sathyendranath, 1993; Gallegos and Neale, 2002; Schofield et al., 2004; Ciotti and 

Bricaud, 2006].  Because aph(!) and adg(!) are highly variable in magnitude and 

spectral shape within the world's oceans, such restrictive assumptions greatly reduce 

the accuracy of the model estimates of these coefficients [e.g., Varela et al., 1998; 

Chang and Dickey, 1999; Oliver et al., 2004]. 

The various weaknesses of extant partitioning algorithms emphasize the need 

for models that are less restrictive to ensure their applicability to most marine 

environments within the world's oceans.  In Chapter 1, we describe and validate such a 

model that partitions anw(!) into adg(!) and aph(!) with no stringent assumptions about 

the slope of the adg(!) spectrum and the shape of the aph(!) spectrum.  The model 

utilizes the input data of anw(!) at a minimum of six light wavelengths: 412 nm, 443 

nm, 490 nm, 510 nm, 555 nm, and 670 nm.  These wavelengths are generally 

consistent with the spectral bands available on the satellite ocean color sensors and are 

also routinely measured with modern techniques for determining the absorption 

coefficients in field experiments at sea.  Therefore, the model can be applied using the 

input data of anw(!) collected from various oceanographic and remote-sensing 

platforms.  The key attribute of our model is that we use no empirical 

parameterizations expressed in terms of equality constraints.  Instead, our model first 

finds a very wide range of speculative solutions for adg(!) and aph(!) and then utilizes 

several inequality constraints to identify a relatively narrow range of feasible solutions 

from which optimal solutions are determined.  Because the boundaries of inequality 

constraints are defined on the basis of large field dataset covering various geographic 
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regions, the model is applicable to most marine environments within the world's 

oceans. 

In Chapter 2, we use essentially the same concept as described in Chapter 1 to 

develop a model for partitioning the total particulate absorption coefficient, ap(!), into 

phytoplankton, aph(!), and non-algal particulate, ad(!), components.  This model 

requires the input data of ap(!) measured in the visible spectral region at hyperspectral 

resolution.  Therefore, the model is designed for applications using the input of ap(!) 

obtained from in situ techniques and instruments, such as ac-s [Rhoades et al., 2004], 

a-Sphere [Dana and Maffione, 2006], and PSICAM [Röttgers et al., 2007].  The 

performance of this model is evaluated and its superiority compared with other models 

is demonstrated using a comprehensive set of field data.0

Another research direction pursued in this dissertation is the estimation of IOPs 

of surface seawater from measurements of spectral remote-sensing reflectance of the 

ocean, i.e., ocean color.  Such measurements are taken with satellite or airborne 

sensors.  The remote-sensing reflectance is most directly associated with two IOPs, the 

total absorption coefficient and the total backscattering coefficient of seawater.  The 

total spectral absorption coefficient, a(!), can be derived from spectral reflectance 

using inverse reflectance models, which can then be followed by partitioning of a(!) 

into absorption phytoplankton and non-phytoplankton components as described above.  

For the application of this whole concept, it is equally important to have good 

capabilities for both the derivation of total absorption from the inverse models and for 

partitioning of total absorption.  Example inverse reflectance models include the 

Quasi-Analytical Algorithm (QAA) [Lee et al., 2002], the Loisel and Stramski [2000] 
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model, and the model by Smyth et al. [2006].  Once the total absorption coefficient 

a(!), hence also anw(!) after subtraction of pure water contribution, is derived from 

one of such inverse models, our partitioning model presented in Chapter 1 can be 

applied to partition anw(!) into adg(!) and aph(!).  However, one potential issue that 

must be carefully examined when considering merging of our partitioning model with 

an inverse reflectance model is the accuracy of a(!) derived from the inverse model.  

Therefore, a thorough evaluation of the performance of inverse reflectance models and 

development of potential refinements represent an important research goal that is 

partially addressed in this dissertation. 

In Chapter 3 we evaluate the performance of QAA for Arctic and lower-

latitude waters using field datasets collected in these regions.  We have chosen to 

evaluate the QAA because this is one of the most widely used inverse algorithms for 

ocean color applications and is included in the standard codes for processing satellite 

ocean color data as part of NASA's SeaDAS (SeaWiFS Data Analysis System, 

http://seadas.gsfc.nasa. gov/).  This model derives the total absorption, a(!), and 

backscattering, bb(!), coefficients from reflectance measurements and also includes a 

capability for partitioning a(!) into phytoplankton, aph(!), and non-phytoplankton, 

adg(!), components.  In our evaluation analysis, we quantified errors in the QAA-

derived a(!) and bb(!) and also identified and quantified major error sources for the 

model outputs.  We also evaluated the performance of the partitioning part of QAA, 

which partitions a(!) into aph(!) and adg(!) components and we compared these results 

with the performance of our partitioning model developed in Chapter 1.  Our findings 

have important implications for an understanding of performance of QAA and 
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potential refinements of this and other inverse models for applications within the 

world’s ocean including high-latitude Arctic waters.0
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Chapter 1.  A Model Based on Stacked-Constraints Approach for Partitioning 

the Light Absorption Coefficient of Seawater into Phytoplankton and Non-

Phytoplankton Components 

 

 

1.0.  Abstract 

Partitioning of the total non-water absorption coefficient of seawater, anw(!) 

(i.e., the light absorption coefficient after subtraction of pure water contribution), into 

phytoplankton, aph(!), and non-phytoplankton, adg(!), components is important in the 

areas of ocean optics, biology, and biogeochemistry.  We propose a partitioning model 

based on stacked-constraints approach, which requires input of anw(!) at a minimum of 

six specific light wavelengths.  Compared with existing models, our approach requires 

much less restrictive assumptions about the spectral slope of adg(!) and the spectral 

shape of aph(!).  Our model is based on several inequality constraints determined from 

an extensive, quality-verified set of field data covering oceanic and coastal waters 

from low to high-latitudes.  With these constraints, the model first derives a wide 

range of speculative solutions for adg(!) and aph(!) and then identifies feasible 

solutions.  Final model outputs include the optimal solution and a range of feasible 

solutions for adg(!) and aph(!).  The optimal solutions agree well with measurements.  

For example, the median ratio of the model-derived optimal solutions to measured 

adg(!) and aph(!) at 443 nm is very close to 1, i.e., 1.004 and 0.988, respectively.  The 

mean absolute percent difference between the optimal solutions and measured values 

of adg(443) and aph(443) is 6.5% and 12%, respectively.  The range of feasible 
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solutions encompasses the measured adg(!) and aph(!) with a probability > 90% at 

most wavelengths.  Our results support the prospect for the applications of the 

partitioning model using the input data of anw(!) collected from various oceanographic 

and remote-sensing platforms. 

 

1.1.  Introduction 

Phytoplankton, nonalgal particulate matter, and colored dissolved organic matter 

(CDOM) are the major seawater components which drive the variability of light 

absorption in the ocean.  The spectral absorption coefficients by phytoplankton, aph(!), 

nonalgal particles, ad(!), and CDOM, ag(!), are of significant interest to studies of 

many biological and biogeochemical processes in the upper ocean (! stands for light 

wavelength in vacuum).  For example, light absorption by phytoplankton plays a key 

role in aquatic primary production [Behrenfeld and Falkowski, 1997a, 1997b; 

Falkowski and Raven, 1997].  Nonalgal particulate matter, which is often referred to 

as detritus in the context of absorption, includes various types of nonliving organic 

and minerogenic particles as well as heterotrophic microorganisms.  These particles 

play important roles in remineralization and vertical flux of particulate matter [e.g., 

Eppley and Peterson, 1979; Karl et al., 1988; Azam, 1998; Nelson et al., 1998].  

CDOM, also known as the yellow substance or gelbstoff, represents a dynamic part of 

the dissolved organic carbon (DOC) pool, which strongly absorbs ultraviolet and blue 

radiation.  This absorption drives most aquatic photochemistry with important 

implications to biogeochemical processes, for example carbon cycling is affected by 

photochemical oxidation of DOC [Armstrong et al., 1966; Miller and Zepp, 1995; 

Vodacek et al., 1997; Bissett et al., 2001].  Clearly, further advances in upper ocean 

biology and biogeochemistry can benefit from improved capabilities for partitioning 
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the total absorption coefficient of seawater into separate contributions by 

phytoplankton and non-phytoplankton matter. 

Direct determinations of spectral absorption coefficients by total particulate 

matter, phytoplankton, nonalgal particles, and CDOM have been routinely made over 

the past decades on the basis of measurements taken on discrete water samples 

[Bricaud et al., 1981; Kishino et al., 1985; Mitchell, 1990; Tassan and Ferrari, 1995].  

These determinations are generally tedious and time-consuming, especially if 

significant number of samples is analyzed.  In addition, the associated methodology 

has some limitations; most importantly the resulting observations are limited in terms 

of spatial and temporal coverage.  However, the estimates of total absorption 

coefficient, a(!), or the total non-water absorption coefficient, anw(!), which represents 

a(!) after subtraction of known contribution of pure water aw(!), can be derived from 

measurements carried out from platforms that provide oceanographic observations 

over extended spatial and temporal scales, such as satellites, airplanes, in situ 

moorings, and autonomous underwater vehicles.  Therefore, the development of 

capabilities to partition the measured total absorption, a(!), or non-water absorption 

coefficient, anw(!), into phytoplankton and non-phytoplankton components is 

important, particularly within the context of potential applications in optical remote 

sensing.  As the estimation of total absorption from satellite imagery of ocean color 

appears possible [e.g., Carder et al., 1999; Loisel and Stramski, 2000; Lee et al., 2002; 

Smyth et al., 2006], the estimation of contributions by phytoplankton and non-

phytoplankton components from satellite imagery is also possible if an appropriate 

partitioning model is available [Ciotti and Bricaud, 2006]. 

There are two main types of partitioning models.  One type of models aims at 

partitioning the input data of particulate absorption coefficient, ap(!), into 

phytoplankton absorption coefficient, aph(!), and non-algal particulate (often referred 
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to as detrital) absorption coefficient, ad(!).  The other type partitions the total non-

water absorption coefficient, anw(!), into phytoplankton, aph(!), and non-

phytoplankton, adg(!), components, where adg(!) is the sum of ad(!) and the CDOM 

absorption coefficient ag(!).  Our interest in this study is focused on that second type 

of partitioning model.  We note, however, that ad(!), ag(!), and adg(!) can usually be 

approximated by an exponential spectral shape, so the two types of models are 

conceptually similar in a sense that the derived results include the phytoplankton 

spectrum and the exponential spectrum for ad(!) or adg(!). 

The existing models for partitioning anw(!) have significant limitations. 

Specifically, in addition to the primary input of anw(!), the models require ancillary 

input variables, such as chlorophyll-a concentration or remote-sensing reflectance 

[Roesler et al., 1989; Lee et al., 2002, 2007; Ciotti and Bricaud, 2006], or have been 

parameterized for applications in particular coastal regions [Gallegos and Neale, 2002; 

Schofield et al., 2004].  Ancillary input variables can be a source of additional errors 

and regional parameterization precludes successful applications of models to various 

marine environments on a global scale.  Importantly, the existing models also involve 

highly restrictive assumptions about the model outputs, i.e., the spectral shapes of 

phytoplankton and non-phytoplankton absorption coefficients.  For example, the 

magnitude of the spectral slope S of the exponential spectrum of adg(!) is typically 

assumed to be constant [Roesler et al., 1989; Lee et al., 2002].  For aph(!) the 

assumptions involve a single fixed spectral shape [Gallegos and Neale, 2002] or a 

linear combination of a small number of predefined spectral shapes [Schofield et al., 

2004; Ciotti and Bricaud, 2006].  Because aph(!) and adg(!) are highly variable in 

magnitude and spectral shape within the world's oceans, such restrictive assumptions 

greatly reduce the accuracy of the model estimates of these coefficients [e.g. Chang 

and Dickey, 1999; Oliver et al., 2004]. 
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The various weaknesses of extant partitioning algorithms emphasize the need 

for a less restrictive and more general model that would be applicable to most marine 

environments within the world's oceans with the sole input of total absorption 

coefficient, or equivalently the non-water absorption coefficient.  In this paper, we 

describe and validate such a model. The model partitions anw(!) into adg(!) and aph(!) 

with no stringent assumptions about the slope S of the adg(!) spectrum and the shape 

of the aph(!) spectrum.  We utilize the input data of anw(!) at six light wavelengths: 

412 nm, 443 nm, 490 nm, 510 nm, 555 nm, and 670 nm.  These wavelengths are 

generally consistent with the spectral bands available on the satellite ocean color 

sensors and are also routinely measured with modern techniques for determining the 

absorption coefficients in field experiments at sea.  Therefore, the requirement of six 

input wavelengths does not represent a limitation for the common use of our model. 

The key attribute of our model is that we use no empirical parameterizations expressed 

in terms of equality constraints.  Instead, our model first finds a very wide range of 

speculative solutions for adg(!) and aph(!) and then utilizes several inequality 

constraints to identify a relatively narrow range of feasible solutions.  A statistical 

analysis is used to characterize the probability structure of feasible solutions and to 

select the final optimal solutions from the range of feasible solutions.  The constraints 

of the model utilize typically the spectral ratios involving aph(!), adg(!), and anw(!) at 

several wavelengths.  Each constraint represents a wide range of natural variability in 

the absorption spectra with the lower and upper bounds determined from an extensive 

set of field data covering various regions including coastal and open ocean waters 

from low to high-latitudes.  This dataset is also used to evaluate the performance of 
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the model, which indicates reliability and applicability of the model to various marine 

environments on a global scale. 

 

1.2.  General Description of Field Data of Absorption Coefficients 

The development of our partitioning model, which is described in section 1.3, 

required the analysis of field data of absorption coefficients with a purpose of 

determining the inequality constraints of the model.  In addition, the field data are 

used in this study for the evaluation of the performance of our model (section 1.4).  

For these analyses we selected 18 sets of data, each consisting of spectral absorption 

coefficients of particulate matter ap(!), phytoplankton aph(!), detritus ad(!) (i.e., 

depigmented particulate component), and CDOM, ag(!) (see Appendix A for details).  

These data were collected at near-surface depths (less than about 10 m) in various 

environments within the world’s oceans (Figure 1.1 and Table 1.1).  Our analysis is 

limited to surface data to ensure the suitability of our model to remote-sensing 

applications.  The data were measured at high spectral resolution (1 or 2 nm).  To 

ensure uniform spectral resolution of 1 nm for all data, we applied a linear 

interpolation to data with original spectral resolution of 2 nm. 

The assembled dataset includes measurements which were taken at 505 stations 

in various geographic locations ensuring a wide range of the magnitude and 

proportions of phytoplankton and non-phytoplankton absorption coefficients (Figure 

1.2).  For example, at ! = 443 nm the ranges for anw, aph, and adg are 0.0065–1.05, 

0.0018–0.51, and 0.0023–0.70 m
-1

, respectively.  The proportion of non-

phytoplankton to phytoplankton absorption coefficient at 443 nm, adg(443):aph(443), 
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varies from about 0.2 to 25.  The spectra of anw(!) corresponding to these extreme 

values are highlighted in Figure 1.2a.  The detrital-to-phytoplankton ratio, 

ad(443):aph(443), ranges from about 0.05 to 2.5, and the CDOM-to-phytoplankton 

ratio ag(443):aph(443) from about 0.04 to 24.  The blue-to-red band ratio for 

phytoplankton, aph(443):aph(670), ranges from 1.38 to 8.99.  The aph(!) spectra 

corresponding to these extreme values are highlighted in Figure 1.2b.  The spectral 

slope S of adg(!) ranges from 0.006 to 0.03  nm
-1

 and the corresponding adg(!) spectra 

are highlighted in Figure 1.2c.  At blue wavelengths, the CDOM absorption typically 

dominates the non-phytoplankton absorption.  The value for the ratio ag(443):adg(443) 

falls within the range from 0.5 to nearly 1 in 470 cases out of 505 measurements 

(Figure 1.2d).  The surface chlorophyll-a concentrations span 3 orders of magnitude 

from 0.02 to over 13 mg m
$3

 in the dataset. 

One of our goals in the process of assembling the entire dataset was to ensure a 

reasonable balance in the number of data representing three major types of 

environments, low and mid-latitude open ocean environments, low and mid-latitude 

coastal environments, and high-latitude environments.  Another goal was to select 

only those data that satisfy certain quality criteria (see Appendix A).  Owing to such a 

comprehensive, balanced, and quality controlled dataset, the critical inequality 

constraints of our partitioning model encompass a wide range of absorption variability 

within the world’s oceans with a high level of confidence.  Therefore, our model can 

aim at applications over a wide range of marine environments.  We expect, however, 

that the model will not be applicable for some extreme cases, such as the absorption 
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properties of water dominated by absorbing mineral particles with negligible or very 

small contribution of phytoplankton. 

 

1.3.  Description of the Stacked-Constraints Model 

The motivating question for the development of our model is whether the input 

data of non-water absorption coefficient, anw(!), can be reliably partitioned into 

phytoplankton, aph(!), and non-phytoplankton, adg(!), contributions with essentially 

only one major assumption that the spectral shape of adg(!) is exponential within the 

visible spectral range.  This assumption is expected to be quite well satisfied in most 

oceanic environments, so it is weakly restrictive.  It is noteworthy that the absorption 

spectra of particulate assemblages dominated by mineral particles that exhibit 

considerable light absorption can depart significantly from a single exponential fit 

[e.g., Babin and Stramski, 2004; Stramski et al., 2004, 2007; Bowers and Binding, 

2006].  These cases are excluded from our considerations and our model is not 

designed for applications in waters with sizable contribution of absorbing mineral 

particles to adg(!).  Importantly, the occurrence of such cases within the world's oceans 

is expected to be limited both geographically and temporally. 

The additional and also weakly restrictive assumptions in our model are that 

the values of the spectral slope S of adg(!), two band ratios of aph(!), and several other 

parameters involving the absorption coefficients must be contained within predefined 

broad ranges encountered in various oceanic environments.  The primary challenge for 

such model development results from the fact that no specific assumptions are 

involved about the magnitude and spectral slope of adg(!) as well as the magnitude and 
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spectral shape of aph(!), which are all highly variable within the world’s oceans.  To 

address this challenge we propose a model which combines a modified partitioning 

algorithm based on the work of Bricaud and Stramski [1990] with a set of 

observational inequality constraints encompassing a wide range in the absorption 

spectra of aph(!) and adg(!). 

Below we describe the model in detail, which is also illustrated as a flowchart 

in Figure 1.3. The model includes two major parts, the modified Bricaud and Stramski 

algorithm (referred to as the MBS algorithm) and a stacked-constraints algorithm.  As 

a whole our model is referred to as the stacked-constraints model.  The model requires 

the input data of anw(!) for a minimum of six wavelengths that include 412 nm, 443 

nm, 490 nm, 510 nm, 555 nm, and 670 nm.  The first four wavelengths are utilized in 

the MBS algorithm as described in section 1.3.1.  All six wavelengths are involved in 

the inequality constraints and the determination of final solutions (see section 1.3.2).  

The input data of anw(!) with higher spectral resolution can also be used.  The spectral 

resolution of output aph(!) is consistent with that of input anw(!).  The final output of 

adg(!) can be reported at arbitrarily high spectral resolution because this absorption 

coefficient is described analytically as an exponential function of wavelength. 

 

1.3.1.  MBS Algorithm 

As proposed by Bricaud and Stramski [1990], aph(!) and ad(!) can be derived 

from ap(!) if the values of two band ratios of aph(!) are given.  The original Bricaud 

and Stramski model (BS model) assumes specific constant values for the ratios 

aph(380):aph(505) and aph(580):aph(692.5).  In our model the basic idea of the BS 
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model is applied to partitioning anw(!) into adg(!) and aph(!), but we make no specific 

assumptions about the values for two band ratios of aph(!) with the exception of 

constraining the ratios within a broad range of realistic values.  In our MBS algorithm 

the two constant ratios of the original BS model are replaced with variable ratios x and 

y defined as 

                                                              (1.1)

 

                                                              (1.2)

 

where !1 = 412 nm, !2 = 443 nm, !3 = 490 nm, and !4 = 510 nm.  Note that the 

wavelengths used in the original BS model have been here replaced with other 

wavelengths.  We selected these wavelengths for two main reasons.  First, these 

wavelengths have been typically utilized in ocean color research and applications 

associated with the use of data from satellite ocean color missions.  Second, because 

phytoplankton typically exhibit stronger absorption at 443 nm than at 412 nm and also 

stronger absorption at 490 nm than at 510 nm, both x and y are expected to vary within 

the well-defined range, 0 < x % 1 and 0 < y % 1.  These are the two initial inequality 

constraints (i.e., constraints #1 and #2) used in our model (see Figure 1.3 and Table 

1.2).  We can thus create a set of numbers for both x and y, i.e., {xi} and {yj} where i = 

1, 2, …, n and j = 1, 2, …, n, each consisting of n values increasing from 0 to 1 at a 

sufficiently small step, and then expect that one pair of xi and yj will be nearly 

identical to the actual values of x and y for any given sample of water.  For the purpose 
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of calculations with our model we find that a step of 0.01 is sufficiently small.  

Accordingly, we assume that all possible values of x and y can be represented with the 

identical sets, {0.01, 0.02, …, 1}, each of which contains 100 numbers (i.e., n = 100).  

The number of possible combinations of (xi, yj) pairs is therefore 10000, which can be 

represented by a 100 # 100 matrix B or visualized as grid points in a unit square on the 

x-y plane.  The generation of matrix B is the first step in our model as shown in Figure 

1.3. 

The second step of the model (see Step 2 in Figure 1.3) involves the 

calculation of the parameters of the exponential spectrum adg(!) for each element of 

the matrix B.  We describe this procedure for one arbitrary element (xi, yj).  

Specifically, for a given set of input values of non-water absorption coefficient, anw(!), 

at light wavelengths of 412 nm, 443 nm, 490 nm, and 510 nm, the spectral slope Si,j 

and the scale factor Ai,j of the exponential spectrum adg(!)i,j can be calculated for (xi, 

yj) by solving a system of eight equations involving the four light wavelengths !m 

    (1.3)
 

,     (1.4)
 

where m = 1, 2, 3, 4.  Upon combining with equations (1.1) and (1.2), this 

system can be simplified into two equations (1.5) and (1.6) with two unknowns, Si,j 

and Ai,j, 

   (1.5) 

   (1.6) 
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These equations can be solved numerically using a residual function, fres, 

defined as  

                    

                     (1.7) 

where s is a variable representing possible values of Si,j. 

Details of the calculations of Si,j using the fres function are as follows.  First, we 

create a vector of s values ranging from 0.006 to 0.03 nm
-1

 with a sufficiently small 

step of 0.001 nm
-1

.  This range represents the inequality constraint #3 used in our 

model (see Figure 1.3 and Table 1.2), and it covers the variation in the exponential 

slope of adg(!) in the blue to green spectral region within the field dataset analyzed in 

this study.  The fres function is evaluated for each s.  The solution of the equation 

system is the value of s at which fres = 0, provided that s is within the range of 0.006 – 

0.03 nm
-1

.  The linear interpolation between discrete data points is used to determine 

the value of s that corresponds to fres = 0 (Figure 1.4).  This value of s is subsequently 

assigned to Si,j.  We verified that such solution for Si,j is unique for the four 

wavelengths selected in our algorithm in a sense that a given element (xi, yj) of matrix 

B yields a single solution for Si,j under the condition that the solution exists and 

satisfies the constraint #3.  If no such solution is found for a given pair of (xi, yj), then 

both Si,j and Ai,j are undetermined and ‘NaN’ (i.e., ‘not a number’) is assigned to Si,j 

and Ai,j.  For the cases when real number is determined for Si,j, the scale factor Ai,j is 

readily obtained either from equation (1.5) or (1.6).  Because there are 10000 pairs of 

(xi, yj) values, the above-described calculations yield respectively 10000 pairs of (Si,j, 
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Ai,j) which are represented by a 100 # 100 matrix C.  Note that the matrix C includes 

the pairs (Si,j, Ai,j) represented by real numbers (i.e., the valid elements) and by NaN 

(i.e., the undetermined elements).  Naturally, no computations in the following steps of 

the model are made for the undetermined elements of matrix C.  The computation of 

matrix C completes the second step of our model as shown in Figure 1.3. 

In the next step of our model (see Step 3 in Figure 1.3), the spectra of adg(!) 

and aph(!) are calculated for each valid element of matrix C.  The calculations for any 

valid element (Si,j, Ai,j) of matrix C utilize the following equations 

     (1.8)
 

 .
    (1.9)

 

Such calculations for all valid elements of matrix C yield the valid part of a 100 # 100 

matrix D, whereas the remaining part of matrix D is undetermined.  Each valid 

element (adg(!)i,j, aph(!)i,j) of matrix D is a pair of non-phytoplankton and 

phytoplankton absorption spectra, which represents one of the speculative solutions of 

the partitioning problem corresponding to a given element (xi, yj) of the matrix B.  We 

note that the valid part of matrix D is typically a contiguous region of speculative 

solutions with boundaries defined by the constraint #3.  This is because the speculative 

spectra of adg(!)i,j and aph(!)i,j are calculated from the valid pairs (Si,j, Ai,j) that are 

determined in step 2 using the constraint #3. 
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1.3.2.  Stacked-Constraints Algorithm and Final Optimal Solutions 

1.3.2.1.  Determination of Feasible Solutions 

The valid part of matrix D contains a large number of speculative solutions for 

adg(!) and aph(!), which correspond to a large range of combinations for the band-

ratios of aph(!) and slopes S satisfying the constraints #1, #2, and #3.  In the next step, 

our model applies five additional inequality constraints to speculative solutions within 

matrix D to identify a relatively small solution area within the matrix, which contains 

a narrow range of feasible solutions (see Step 4 in Figure 1.3).  These five constraints 

are referred to as the constraints #4, #5, #6, #7, and #8, and are defined in Table 1.2 

along with the three initial constraints described above.  Each of the feasible solutions 

concurrently satisfies all eight inequality constraints of the model. 

The physical meaning of the constraint parameters is provided in Table 1.2.  

The constraint #4 ensures that the derived aph(!) assumes reasonable values at both 

sides of the major phytoplankton absorption maximum in the blue spectral region.  

The wavelength 467 nm is selected because it is often located more or less 

symmetrically relative to the wavelength of 412 nm on the other side of the absorption 

maximum.  The value of aph(467) can be estimated from linear interpolation between 

aph(443) and aph(490) in the case when 467 nm is not available from input anw(!).  This 

will be a typical scenario for inputs consistent with currently available satellite ocean 

color bands.  The constraint #5 ensures realistic values for the ratio of derived aph(!) at 

510 and 555 nm, which implies a reasonable spectral behavior of aph(!) within the 

long-wavelength tail of blue absorption maximum.  For example, the derived ratio 

aph(510):aph(555) will be higher than its reasonable values when the derived slope of 
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the adg(!) spectrum is not sufficiently steep.  The constraint #6 accounts for the 

variability in the blue-to-red ratio of phytoplankton absorption associated with 

variations in pigment composition and package effect.  In general, lower intracellular 

pigment concentration, smaller cell size, and higher proportion of accessory pigments 

relative to chlorophyll-a will contribute to higher values of aph(443):aph(670).  The 

constraint #7 is defined on the basis of the observation that while adg(!) decreases, 

aph(!) increases with light wavelength between 412 nm and 443 nm.  Therefore, the 

band ratio of anw(!) at these two wavelengths is affected by the relative contribution of 

adg(!) to anw(!) as represented by the ratio adg(412):anw(412).  Finally, the constraint 

#8 defines the variation in the linear spectral slope of aph(!) between 510 nm and 555 

nm, where both aph(510) and aph(555) are normalized by aph(443).  We note that we 

also tested several other constraints, but found no significant improvement in further 

constraining the area of feasible solutions. 

The upper and lower bounds for the inequality constraints are defined in such a 

way that a wide range of natural variability in phytoplankton and non-phytoplankton 

absorption properties is covered.  To achieve this goal we examined the statistical 

probability distributions of constraint parameters within the comprehensive dataset of 

absorption measurements described in section 1.2 and the Appendix.  The lower and 

upper bounds of constraints #4, #5, #7, and #8 were calculated as the 1st and 99th 

percentiles of the relevant histograms obtained from this field dataset (Figure 1.5).  

For the determinations of lower and upper bounds of constraint #6, we have 

additionally included phytoplankton culture data from literature.  The lower theoretical 

limit of the blue-to-red ratio aph(443):aph(670) is expected to be larger than 1 because 
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of the presence of accessory pigments absorbing in the blue but not in the red, and 

because the intracellular chlorophyll-a absorbs more strongly at 443 nm than at 670 

nm [Bricaud et al., 1999].  For samples in our field dataset, the 1st and 99th 

percentiles of constraint #6 are 1.6 and 6.8, respectively.  For phytoplankton cultures 

grown under relatively high irradiance, the blue-to-red absorption ratio is larger than 

1.4 and lower than 3.4 [SooHoo et. al., 1986; Mitchell and Kiefer, 1988; Cleveland 

and Perry, 1994; Culver and Perry, 1999; Stramski et al., 2001; Fujiki and Taguchi, 

2002; Morrison and Nelson, 2004].  Thus, on the basis of the examined field dataset 

and the literature data on cultures, we selected the values of 1.4 and 6.8 for the lower 

and upper bounds of constraint #6 respectively. 

The application of the model to 505 input spectra of anw(!) from the field 

dataset indicates that the constraints #3, #4, and #5 are primary determinants of the 

general location of the constrained solution area within the matrix D.  Whereas the 

constraint #4 typically defines the approximate upper and lower boundaries, the 

constraints #3 and #5 typically define the approximate right and left boundaries of the 

solution area, respectively.  The constraints #6, #7, and #8 usually refine the location 

of the upper-right and lower-left corners of the solution area.  Figure 1.6 provides an 

example which illustrates the process of applying the five constraints (i.e., #4, #5, #6, 

#7, and #8) for determining the constrained solution area of feasible solutions within 

the region of speculative solutions determined by the constraint #3.  For this 

illustration we use the matrix B defined by the constraints #1 and #2 as a background 

for two main reasons.  First, it would be impractical to make such graphical 

illustration with the matrix D as a background because each element of matrix D is a 
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pair of many spectral values of adg(!) and aph(!).  Second, each element within the 

matrix D can be traced back to the corresponding element within the matrix B. 

The application of the model to the field dataset indicated that the number of 

feasible solutions varies from one case to another.  In general, it is also possible that 

no feasible solutions exist for certain cases.  Although such cases were not identified 

for our quality-verified field dataset, they may potentially be encountered in future 

applications of the model.  For example, when the input spectra of anw(!) are subject to 

large errors with clearly unrealistic values, our model will provide no feasible 

solutions rather than erroneous output.  Also, no feasible solutions will be found if 

absorption properties do not satisfy the exponential assumption for adg(!) or are 

outside the boundaries of inequality constraints.  However, to address the latter issue 

the constraints can be refined to account for even larger variability in the absorption 

properties than in the present version of the model. 

 

1.3.2.2.  Determination of Final Optimal Solutions 

The primary objective of the final step of our model (see Step 5 in Figure 1.3) 

is to find satisfactory final solutions for adg(!) and aph(!) within the constrained area of 

feasible solutions.  These final solutions can be referred to as the optimal solutions.  

To identify the optimal solutions we use a heuristic trial-and-error approach, in which 

different statistical descriptors of feasible solutions are compared with the measured 

values of adg(!) and aph(!).  Such comparisons allow us to identify the statistical 

descriptor that generally provides the best agreement with the measurement, and that 

descriptor is ultimately used as the optimal solution in our model.  In this approach, 



33 

 

we first examined the frequency histograms of feasible solutions (not shown), which 

characterize the probability distributions of spectral values of adg(!) and aph(!) within 

the constrained solution area.  We made this analysis for the feasible values of adg(!) 

and aph(!) at several wavelengths from different parts of the spectrum, including 443 

nm and 670 nm where phytoplankton exhibit major absorption maxima.  We found, 

for instance, that for most input data of anw(!) from 505 field measurements examined 

in this study, the probability distributions of model-derived feasible solutions for 

adg(443) are skewed to the left with the bulk of the values larger than the mean.  In 

contrast, the probability distributions for aph(443) are generally right-skewed with the 

bulk of the values smaller than the mean.  For the wavelength of 670 nm, the 

distributions generally do not display clear asymmetry as for most model runs the 

absorption values are relatively evenly distributed on both sides of the mean. 

The statistical descriptors that were examined as potential candidates for 

optimal solutions include the standard statistical measures of central tendency (i.e., 

mean, median, and mode) and some percentiles (i.e., 40th, 45th, 55th, and 60th 

percentiles) of the probability distributions of feasible solutions for adg(!) and aph(!).  

These statistical descriptors were calculated by running the model with anw(!) inputs 

from all 505 measurements in our dataset.  The differences between each of these 

statistical descriptors of feasible solutions and the corresponding measured values of 

adg(!) and aph(!) were then analyzed for the entire dataset.  As these differences can be 

considered to represent an error in the model, the purpose of this analysis was to 

identify the model-derived statistical descriptors which provide the smallest errors.  

On a sample-by-sample basis no single statistical descriptor of feasible solutions 
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consistently showed the best agreement with the measurements.  At the level of the 

entire dataset (i.e., 505 measurements), the overall degree of uncertainty in the model 

was examined by comparing the systematic and random components of error for each 

of the seven statistical descriptors. 

As an example, this comparative analysis showed that the median values of 

adg(443) and aph(443) derived from the feasible solutions of the model provided the 

smallest systematic error among the examined statistical descriptors.  Specifically, the 

median ratio (MR) of model-derived median values to measured values as obtained 

from the entire dataset is 1.004 and 0.988 for adg(443) and aph(443) respectively.  This 

result indicates that the use of median values as optimal solutions for adg(!) and aph(!) 

generally yields a very small bias in the estimates of non-phytoplankton and 

phytoplankton absorption coefficients in the blue spectral region.  This is the primary 

reason for selecting the median values of feasible solutions for adg(!) and aph(!) as 

final optimal solutions throughout the remainder of this study.  We note, however, that 

the median values do not necessarily provide the smallest random errors in the model.  

For example, the values of the root mean square deviation (RMSD) between the 

model-derived and measured values of adg(443) and aph(443) were somewhat smaller 

when the mean is used as the model-derived statistical descriptor of feasible solutions 

compared with the use of median.  For both adg(443) and aph(443) the RMSD is 0.0181 

m
-1

 for the mean values and 0.0203 m
-1

 for the median values of feasible solutions.  

This somewhat larger random error for the median is not a cause for major concern for 

using the median values as optimal solutions because minimizing the systematic error 

is here considered being more important. 
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Our analysis also showed that no single statistical descriptor of feasible 

solutions provided the best agreement with measurements across the entire spectrum 

of light wavelengths under consideration.  However, the potential improvements in the 

performance of the model associated with the use of different statistical descriptors at 

different wavelengths as compared with the use of median at all wavelengths are 

generally very small. Therefore, the final optimal solutions of non-phytoplankton 

absorption coefficient, adg(!), were obtained by finding the median value of adg(!) 

within the range of feasible solutions at each light wavelength independently.  The 

final optimal solutions for phytoplankton absorption coefficient, aph(!), were obtained 

as a difference between the input values of non-water absorption coefficient, anw(!), 

and the optimal solutions (i.e., the median values) of adg(!).  We note that these 

optimal solutions of aph(!) also correspond to the median values of phytoplankton 

absorption within the range of feasible solutions. 

An important ramification of the determinations of the optimal solutions at 

each wavelength independently is that the final output of spectral adg(!) is essentially 

decoupled from concrete values of the spectral slope S and scaling factor A within the 

solution area of matrix C.  We tested, however, that for all 505 cases in our dataset the 

spectral values of adg(!) representing the optimal solution of non-phytoplankton 

absorption coefficient are very well approximated by an exponential function, which is 

consistent with the primary assumption of the model.  Because the knowledge of the 

exponential parameters of adg(!), especially the spectral slope, can be of interest and 

useful to certain science questions, this information can be readily obtained by fitting 
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the exponential function to the optimal solutions of adg(!) and included as an 

additional output of our model. 

It is also of interest to note that an alternative way for determining the final 

solutions of the model would be to identify first the optimal solutions of the 

exponential parameters S and A within the range of feasible solutions of matrix C, then 

calculate adg(!) from these parameters, and finally calculate aph(!).  We found, 

however, that this alternative approach provided generally somewhat larger 

differences between the model-derived and measured values of adg(!) and aph(!) in 

comparison to our primary approach in which the optimal solutions of absorption 

coefficients are determined in terms of the median values of feasible solutions within 

matrix D at each wavelength separately.  As mentioned above, the results presented in 

the remainder of this study were obtained with the primary approach. 

 

1.3.2.3.  Characterization of Range of Feasible Solutions 

In addition to providing the single, in a statistical sense optimal, solution for 

adg(!) and aph(!), the construct of our model offers a useful capability to characterize 

the range of feasible solutions which exhibit significant probability to represent the 

best solution closest to the actual values of adg(!) and aph(!).  This range can be 

estimated from the probability distributions of feasible solutions by calculating 

percentiles that are lower and higher than the median.  We selected the 10th and 90th 

percentiles as adequate measures for characterizing the range of feasible solutions 

around the median-based optimal solution.  The spectral values of phytoplankton and 
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non-phytoplankton absorption coefficients corresponding to these percentiles are 

included in the output of our model. 

The rationale for using these two percentiles is illustrated in Figure 1.7.  For 

adg(!) and aph(!) at the six basic wavelengths of the model, namely 412 nm, 443 nm, 

490 nm, 510 nm, 555 nm, and 670 nm, we determined the probability, P50±p, that the 

actual measured values of these absorption coefficients fall within the interval between 

two percentiles located symmetrically around the median.  The probability P50±p is 

calculated based on the 505 measurements from our dataset.  We also calculated the 

average ratios, AR50±p, between the upper and lower percentiles to quantify the range 

of variation.  As shown in Figure 1.7, both P50±p and AR50±p increase as the 

interpercentile interval expands, which simply means that the increase in the 

probability P50±p is achieved at the expense of increasing variation in feasible solutions 

as quantified by AR50±p.  The choice of the 10th and 90th percentiles (i.e., 50 ± 40 

marked by gray dash lines in Figure 1.7) provides good compromise between 

maximizing the probability P50±p and minimizing the ratio AR50±p.  For these 

percentiles, the probability P50±40 is > 0.9 for all model outputs of adg(!) and aph(!) 

considered in this analysis except for adg(670) and aph(670).  The ratio AR50±40 is < 3 

except for adg(670) and aph(555).  The use of larger interpercentile interval than that 

defined by the 10th and 90th percentiles would not be effective because the further 

increase in P50±p is slower whereas AR50±p increases very rapidly.  The P50±p curve at 

670 nm departs significantly from the remaining P50±p curves corresponding to shorter 

wavelengths, which is likely associated with potential systematic differences between 

the model-derived and measured adg at 670 nm.  We note that the measured values of 
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adg(670) can be affected by residual phytoplankton pigments that are present in the 

detrital component after incomplete methanol/bleaching treatment.  This potential 

experimental artifact does not affect the model-derived values.  The departure of the 

AR50±p curves for adg(670) and aph(555) from the remaining AR50±p curves at other 

wavelengths is likely attributable to comparatively low magnitudes of adg at 670 nm 

and aph at 555 nm. 

 

1.4.  Evaluation of Model Performance  

In this section we evaluate the performance of the model by comparing the 

non-phytoplankton, adg(!), and phytoplankton, aph(!), absorption spectra derived from 

the model with those obtained from 505 field measurements, as described in section 

1.2 and the Appendix A.  The input data for the model, anw(!), were obtained as a sum 

of the measured ap(!) and ag(!).  Although the same 505 measurements were used to 

determine the boundaries of inequality constraints of the model, these measurements 

can be considered as a source of independent data for validating the model.  This is 

because the boundaries of inequality constraints represent merely a few extreme cases 

within our field dataset and all the remaining data make no contributions to the model 

development and formulation.  Thus, these data have essentially no influence on the 

performance of the model within the predefined large range of the absorption 

properties of seawater. 
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1.4.1.  Comparison of Model-Derived and Measured adg(!) and aph(!) 

The most important outputs of our model are the optimal (i.e., the median-

based) solutions and the 10th – 90th percentile range of feasible solutions for adg(!) 

and aph(!) at all wavelengths of input anw(!).  Figure 1.8 shows example results for 

three different oceanic situations.  Each of these examples is selected randomly from 

each of the three major subsets of field data to represent low-latitude open ocean 

waters, temperate-latitude coastal waters, and high-latitude waters.  Although the 

model can operate with input anw(!) at only six wavelengths, we show full spectra with 

high spectral resolution in agreement with the input anw(!) data.  The magnitude and 

relative contribution of phytoplankton and non-phytoplankton components to total 

absorption coefficient vary significantly among the three examples.  The optimal 

solutions of adg(!) and aph(!) agree well with the measured spectra and the 10th – 90th 

percentile ranges encompass the measured spectra. 

We now turn to comparative analysis of model-derived and measured values of 

adg(!) and aph(!) for the entire field dataset consisting of 505 measurements.  Figures 

1.9 and 1.10 show results from this analysis for the six basic wavelengths of the 

model, namely 412 nm, 443 nm, 490 nm, 510 nm, 555 nm, and 670 nm.  These figures 

compare the optimal solutions and 10th – 90th percentile ranges derived from the 

model with the measured values for adg(!) and aph(!).  The presentation of these 

results is adequate for general characterization of the performance of the model across 

the visible spectrum.  Assuming that the differences between the model-derived and 

measured absorption coefficients can be considered to represent errors of the model, 

we calculated several error parameters for evaluating model performance.  
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Specifically, the median of the ratio of model-derived optimal solutions to measured 

values, MR, was calculated to provide a measure of overall bias in the modeled data 

relative to measurements.  The semi-interquartile range, SIQR, calculated for the ratio 

of modeled-derived to measured values indicates the spread of the modeled data.  The 

overall degree of agreement between the model and measurements is provided by the 

median value of the absolute percent difference, MPD, between the model-derived and 

measured data, and also by the root mean square deviation, RMSD, between these 

data.  The correlation coefficient, R, provides additional information on how well the 

model-derived data agree with the measurements over their dynamic range.  All these 

error statistics are listed in Table 1.3 for adg(!) and aph(!) at two selected wavelengths, 

443 nm and 670 nm.  The formulas for calculating the error parameters are also given 

in Table 1.3. 

Figures 1.9 and 1.10 as well as Table 1.3 show that the performance of our 

model is generally good.  The optimal solutions for adg(!) are mostly in good 

agreement with measured values (Figure 1.9).  The systematic component of the error 

represented by the MR of the model-derived optimal solutions to measured adg(!) is 

generally small.  For example, at the wavelength of 443 nm, the MR for adg is 

essentially 1, which indicates no bias at all (Table 1.3).  The random components of 

the error represented by MPD or RMSD are also generally quite small for adg(!).  The 

MPD is only 6.5% and RMSD is 0.0203 m
-1

 for adg(443) (Table 1.3).  The errors tend, 

however, to increase with increasing wavelength and can be significant in the long-

wavelength portion of the spectrum.  For example, the MR is 0.81 and MPD is 21.4% 

for adg(670) (Table 1.3).  The larger errors in the red portion of the spectrum are not 
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unexpected because the non-phytoplankton absorption coefficient decreases 

exponentially with wavelength so its magnitude is generally very low within that part 

of the spectrum.  We also recall that the increased differences between the model and 

measurements in the red can be partly caused by imperfect experimental partitioning 

of particulate absorption into phytoplankton and detrital absorption. 

The optimal solutions for aph(!) are also generally in good agreement with the 

measured values (Figure 1.10).  This is expected on the basis of results for adg(!) 

because the modeled aph(!) is derived simply by subtracting the modeled adg(!) from 

input anw(!).  The systematic error of optimal solutions for aph(!) is only -1.2% at 443 

nm and +4.3% at 670 nm, as indicated by the MR values in Table 1.3.  The random 

error of optimal solutions for aph(!) represented by MPD is ~12% at 443 nm and ~5% 

at 670 nm (Table 1.3).  These statistical values indicate that phytoplankton absorption 

coefficients at the blue and red peaks are derived with very good accuracy by our 

model.  The model-derived values of aph(!) at other wavelengths also compare well 

with the measured values although the errors are generally larger in the spectral region 

of minimum phytoplankton absorption that includes the 550 nm waveband, as shown 

in Figure 1.10. 

In addition to the optimal solutions for adg(!) and aph(!), Figures 1.9 and 1.10 

show the range of feasible solutions as defined by the 10th and 90th percentiles.  As 

discussed in section 1.3.2.3, the probability that the measured values fall within this 

range is >90% at 412 nm, 443 nm, 490 nm, 510 nm, and 555 nm, and ~70% at 670 

nm.  Such high probabilities are reflected in Figures 1.9 and 1.10 where the vertical 

bars depicting the range of feasible solutions cross the 1:1 lines in most cases.  For the 
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entire dataset examined, the range of feasible solutions can be characterized by the 

average ratio (AR50±40) of the 90th percentile to 10th percentile, which has been 

introduced above within the context of presenting Figure 1.7.  For adg(!) the AR50±40 is 

as low as about 1.4 at 412 nm as shown by the shortest vertical segments at that 

wavelength in Figure 1.9 (see also Figure 1.7).  For aph(!) the smallest values of 

AR50±40 of about 1.34 and 2 are observed at 670 nm and 443 nm, respectively (see the 

relatively short vertical segments in Figure 1.10 and also the results in Figure 1.7).  

The range of feasible solutions and the average ratio AR50±40 are generally highest 

within the spectral bands where the magnitude of the absorption coefficients is lowest, 

i.e., at 670 nm for adg(!) and 555 nm for aph(!) (Figures 1.9 and 1.10, see also Figure 

1.7 for AR50±40). 

To provide further insight into the performance of the model, we show the MR 

values along with the first and third quartile ratios (QR1 and QR3, respectively) of 

model-derived optimal solutions to the measured values of adg(!) and aph(!) as a 

function of light wavelength (Figure 1.11).  These results are based on the entire 

dataset of 505 measurements.  The MR values (which are naturally equivalent to the 

second quartile) for the derived-to-measured ratio of adg(!) vary within a narrow range 

of 1 ± 0.02 between 400 nm and about 550 nm.  With further increase in light 

wavelength, the MR shows a spectral trend to decrease below the value of 1 down to 

0.81 at 670 nm (Figure 1.11a).  The QR1 and QR3 values for adg(!) follow a similar 

spectral behavior.  One reason for the spectral trend observed at longer wavelengths 

can be attributed to a decrease in the magnitude of adg(!) with wavelength.  Such 

decrease is expected to reduce the performance of the model.  Another potential cause 
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for this trend is the fact that whereas the spectral slope of measured adg(!) may change 

to some extent with wavelength, the slope of the model-derived optimal solutions of 

adg(!) is essentially invariant throughout the spectrum.  Specifically, a closer 

inspection of the experimental data suggests that the slope of measured adg(!) often 

shows a tendency to be less steep at longer wavelengths compared with shorter 

wavelengths.  This can contribute to a trend of smaller modeled-derived values 

compared with the measured values of adg(!) with increasing wavelength, especially 

above 550 nm.  The possible influence of the presence of residual phytoplankton 

pigments on the measured non-algal particulate absorption, ad(!), represents yet 

another effect that can play a role in the red portion of the adg(!) spectrum.  Although 

the selection of field data for our analysis was conducted in such a way that markedly 

problematic ad(!) spectra were excluded (see Appendix A), minor effects of residual 

pigments are still present in some ad(!) spectra included in our dataset. 

Figure 1.11b shows that the MR values for aph(!) exhibit generally an opposite 

spectral pattern compared with that of adg(!).  The MR for aph(!) is essentially 1 within 

the blue absorption peak (~440 nm) of phytoplankton.  The MR values are also close 

to 1 throughout much of the blue-green portion of the spectrum and only slightly 

above 1 within the red absorption band (~670 nm).  Between about 550 and 660 nm, 

the MR differs more from 1, assuming the values generally between 1.04 and 1.12.  

The range defined by the QR1 and QR3 values for aph(!) is quite limited within the 

blue portion of the spectrum (QR1 is ~0.85 and QR3 is ~1.14), as well as within the red 

absorption band (QR1 is ~1.01 and QR3 is ~1.11).  The positive, albeit small, bias of 

model-derived aph(!) around 670 nm is associated directly with the negative bias of 
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derived adg(!) at that spectral band.  The performance of the model for estimating 

aph(!) is reduced at wavelengths where the magnitude of phytoplankton absorption 

coefficient is smallest, i.e., between about 550 and 650 nm. 

The evaluation of the performance of the model with a relatively 

comprehensive, quality-verified dataset from field measurements of absorption 

coefficients provides also the means to examine the postulation that adg is negligible 

within the red band of phytoplankton absorption, and hence anw can be assumed to 

approximate aph with sufficient accuracy [e.g., Roesler et al., 1989].  The dataset of 

505 absorption measurements considered in this study shows that adg is not always 

negligible compared with aph, and therefore anw does not necessarily provide a good 

estimate of aph at these red wavelengths.  In fact, as shown in Figure 1.12, the 

magnitude of anw(670) is often significantly higher than that of aph(670).  The first, 

second, and third quartiles for the ratio of measured anw(670) to measured aph(670) is 

about 1.11, 1.20, and 1.40, respectively, as calculated from the entire field dataset.  

Therefore, it is important to use our partitioning model throughout the entire visible 

spectral range, including the red wavelengths where adg is typically small.  The 

partitioning model provides much better estimates of aph within the red absorption 

band compared to the oversimplifying assumption that aph equals to anw.  For 670 nm, 

the values of QR1, MR, and QR3 for the ratio of model-derived optimal solution to the 

measured value of aph(670) are about 1.01, 1.04, and 1.11, respectively.  Note that 

these values are significantly lower and much closer to 1 than the corresponding 

values given above for the ratio of measured anw(670) to measured aph(670). 
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1.4.2.  Comparison of Model-Derived and Measured Spectral Slopes of adg(!) 

In addition to the optimal solutions and the range of feasible solutions for 

adg(!) and aph(!), our model provides an output for the spectral slope S of adg(!).  This 

parameter is derived by fitting the exponential function of wavelength, adg(!) = adg(!0) 

exp[-S (! - !0)], to the spectral data of optimal solutions of adg(!) between 400 nm and 

550 nm using a nonlinear regression algorithm.  The symbol !0 denotes a reference 

wavelength that is generally arbitrary and assumed to be 443 nm in this study.  We 

note that this exponential formula for adg(!) is different from equation (1.4) as the 

scaling factor A is not explicitly expressed.  While A served as a useful parameter in 

the intermediate steps of our model, it is of no particular interest as a final output 

because the magnitude of adg(!) is derived by the model.  We verified that the optimal 

solutions of adg(!) produce a smooth function of wavelength, which can be fitted very 

well with an exponential function.  For all 505 stations examined in this study, the R
2
 

coefficient of determination for the exponential fit varies between 0.998 and 1 with the 

1st and 99th percentiles of 0.999 and 1, respectively. 

We also note that the spectral slope S can be derived in an alternative way.  

Specifically, each element of matrix D within the region of feasible solutions includes 

a spectrum of adg(!) with its spectral slope S.  This slope is defined by the 

corresponding element within the matrix C.  We can thus find the median value for the 

entire set of such feasible values of S and call it an alternatively derived result.  Figure 

1.13a compares the values of S derived from the primary method of fitting the 

exponential function to the optimal solutions of adg(!) with alternatively derived S.  

The two sets of S are highly consistent with R
2
 of 0.998.  The median value for the 
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ratio of the two estimates of S is 1.003, and the median absolute percent difference 

obtained from the differences between the two estimates of S is only 0.58%. 

The optimal solutions of S derived from the primary method generally agree 

well with the values of S representing the measured spectra of adg(!) (Figure 1.13b).  

The MR and MPD values characterizing the agreement between the model-derived and 

measured S for the entire dataset of 505 measurements are 1.017 and 4.7%, 

respectively (Table 1.3).  For most (>96%) data, the difference between the optimal 

solution and measured S is within ±20%.  There is a small portion of outliers (10 out 

of 505 points) for which the derived S is higher by 40–80%.  This appears, however, 

acceptable because the probability of encountering these outliers is < 2%. 

 

1.5.  Conclusions 

We have formulated a model for partitioning the total absorption coefficient of 

seawater with pure water contribution subtracted, anw(!), into phytoplankton, aph(!), 

and non-phytoplankton components, adg(!).  To our knowledge, this is the first 

partitioning model which requires the sole input of total absorption coefficient and is 

designed for applications within a broad range of marine environments covering most 

oceanic and coastal waters on a global scale from low to high-latitudes. We expect that 

one noteworthy exception where the model is not applicable will be within the 

geographically limited environments or limited periods of time when the non-algal 

particulate absorption coefficient contributes considerably to anw(!) and is dominated 

by mineral particles that exhibit significant absorption of light.  For example, this will 

be the case for mineral particles with substantial iron content that can produce distinct 
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spectral features in the non-algal particulate absorption [e.g., Babin and Stramski, 

2004].  Such conditions can be encountered in regions with significant terrestrial input 

of particulate matter, such as the riverine, glacier, and meltwater discharge, as well as 

atmospheric dust deposition.  We do not expect such potential problems for our model 

in waters with significant amounts of non-absorbing or very weakly absorbing 

minerals, for example calcite associated with coccolithophores. 

Our model requires the input data of anw(!) at a minimum of six wavelengths 

that have been typically available from measurements obtained with modern 

techniques for field determinations of absorption coefficients at sea as well as with 

satellite ocean color sensors. However, the model can also utilize input data with 

higher spectral resolution provided by field determinations of absorption coefficients 

or future satellite sensors.  The key attribute of our model ensuring its overall good 

performance is that no highly restrictive a priori assumptions about the spectral shape 

of aph(!) and the magnitude of spectral slope of adg(!) are used.  The comparisons with 

measurements show that both the systematic and random differences between the 

model-derived optimal solutions and measured values of adg(!) and aph(!) are small, 

generally around or less than 10%. 

One of the most important potential impacts of our partitioning model is its 

application in the context of satellite observations of ocean color.  For a number of 

years, efforts have been underway to use the ocean color observations for the 

estimation of the total absorption coefficient of seawater [e.g., Loisel and Stramski, 

2000; Lee et al., 2002, 2007; Maritorena et al., 2002; Loisel and Poteau, 2006; Smyth 

et al., 2006].  Once the total absorption coefficient, a(!), or anw(!), is estimated from 
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remote sensing data of ocean color, our model can then be applied to obtain satellite-

based imagery of phytoplankton and non-phytoplankton absorption coefficients within 

the world's oceans.  Such information will aid in advancing various optical and 

biogeochemical science questions.  As an example, the availability of phytoplankton 

absorption data may advance the development of absorption-based approaches for 

estimating the chlorophyll-a concentration [e.g., Lee and Carder, 2004] and assessing 

the composition of phytoplankton assemblages [e.g., Ciotti et al., 2002; Hirata et al., 

2008; Nair et al., 2008; Devred et al., 2011; Torrecilla et al., 2011] from remote 

sensing of ocean color.  Another potential application of our model is to partition the 

anw(!) data measured with in situ instruments, such as ac-9 [Moore et al., 1992] or ac-s 

[Rhoades et al., 2004].  This partitioning, in combination with in situ measurements of 

CDOM absorption coefficients which is possible with ac-9 or ac-s instruments, would 

yield the three major absorption components associated with phytoplankton, non-algal 

particles, and CDOM. 

Chapter 1, in full, is a reprint of material as it appears in Journal of 

Geophysical Research, doi:10.1029/2012JC008526, Zheng, Guangming; Stramski, 

Dariusz.  The dissertation author was the primary investigator and author of this paper. 
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1.7.  Figures 

 

 

 
 

 

Figure 1.1. Locations of stations where surface water samples were collected for 

hyperspectral measurements of absorption coefficients in different regions within the 

global ocean.  Black dots indicate 505 stations from 18 datasets selected for this study 

(see Table 1.1 for details). 
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Figure 1.2. Variability of (a) total non-water absorption coefficient, anw(!), (b) 

phytoplankton absorption coefficient, aph(!), (c) non-phytoplankton absorption 

coefficient, adg(!), and (d) contribution of CDOM to non-phytoplankton absorption, 

ag(!)/adg(!) for the entire field dataset consisting of 505 measurements shown as grey 

curves. In addition, panel (a) shows example spectra of anw(!) corresponding to 

maximum (black solid curve) and minimum (black dashed curve) values of 

aph(443):adg(443).  Similarly, panel (b) shows example spectra of aph(!) corresponding 

to maximum and minimum values of aph(443):aph(670), and panel (c) the example 

spectra of adg(!) corresponding to maximum and minimum values of spectral slope S. 
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Figure 1.3. Flowchart of the model for partitioning the spectral absorption coefficient 

of total non-water (i.e., particulate plus dissolved materials) absorption coefficient of 

seawater, anw(!), into phytoplankton, aph(!), and non-phytoplankton, adg(!), 

components.  The minimum requirement for the model input is anw(!) at six 

wavelengths, specifically 412 nm, 443 nm, 490 nm, 510 nm, 555 nm, and 670 nm, but 

the model can work with input anw(!) at higher spectral resolution.  The spectral 

resolution of output aph(!) is equivalent to that of input anw(!).  The spectral resolution 

of output adg(!) is arbitrarily high because it is described by an analytical function of 

wavelength.  The model includes two major components, the modified Bricaud and 

Stramski [1990] algorithm (MBS algorithm, Step 1 through 3) and the stacked-

constraints algorithm (Step 4 and 5).  See text in section 1.3 for detailed description of 

the model. 
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Figure 1.4. Example of residual function fres plotted versus the guess value of the 

spectral slope, s, of the non-phytoplankton absorption spectrum, adg(!), within a range 

of slopes specified by the constraint #3 (see Table 1.2). 

f r
e
s!
"#

!
$
%

s!"&#
!$
%

'!$(
!)

*!$(
!)

$!$(
!)

(

!$!$(
!)

!*!$(
!)

!'!$(
!)

(+($ (+(* (+('



54 

 

 

 
 

 

Figure 1.5. Histograms of parameters involved in the inequality constraints #4 

through #8 as obtained from the entire dataset of 505 measurements of absorption 

coefficients taken at different locations within the global ocean. 
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Figure 1.6. An example illustrating the determination of feasible solutions (the area 

indicated by the green color) within the matrix B.  This matrix is graphically 

represented by the area defined by the constraints #1 and #2 on the plane of the two 

spectral band ratios of phytoplankton absorption coefficient, x and y.  The region of 

speculative solutions defined by the constraint #3 is indicated as the dark gray area 

between the two black solid lines.  Within the region of speculative solutions, the 

boundaries defined by the application of constraints #4 through #8 are shown as color 

solid lines.  The actual measured values of the two spectral band ratios, x and y, 

indicated by the black cross are located within the area of feasible solutions.  The gray 

grid points represent all elements (xi, yi) of Matrix B (see text and Figure 3 for more 

details).  The presented example illustrates the application of the partitioning model 

using input data of total non-water absorption coefficient, anw(!), collected at one of 

the stations during the AMLR cruise in the Atlantic sector of the Southern Ocean (see 

Table 1.1). 
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Figure 1.7. (a) Probability P50±p (solid color lines and the left-hand vertical axis) that 

the actual measured value of non-phytoplankton absorption coefficient, adg(!), falls 

within specific ranges of feasible solutions around the median-based optimal solution 

of the partitioning model.  The specific range is defined by the (50-p)-th percentile and 

the (50+p)-th percentile of all feasible solutions, where the 50th percentile is the 

median-based optimal solution of the model and p stands for the percentage value 

ranging from 0 to 50.  For example, p = 10 indicates a range of feasible solutions 

between the 40th and 60th percentiles.  The value of P50±p for a given p is calculated as 

the ratio of the number of cases when the actual measured value of adg(!) falls in 

between the (50-p)-th percentile and the (50+p)-th percentile of feasible solutions, 

divided by the total number of measurements within the entire field dataset, i.e., 505 in 

this study.  The dashed color lines (and the right-hand vertical axis) represent the 

average ratio, AR50±p, of the (50+p)-th percentile to the (50-p)-th percentile of all 

feasible solutions as a function of percentage p.  The AR50±p is calculated as the 

average for the entire field dataset.  The results are presented for the six basic light 

wavelengths of the model as indicated.  (b) Same as panel (a) but for the 

phytoplankton absorption coefficient, aph(!). 
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Figure 1.8. Example comparisons of measured absorption coefficients and the results 

obtained with the partitioning model for surface seawater samples collected in low-

latitude open ocean (near Hawaii in the Pacific Ocean), temperate-latitude coastal 

waters (Chesapeake Bay), and high-latitude waters (Atlantic sector of the Southern 

Ocean). 
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Figure 1.9. Comparison of model-derived and measured values of non-phytoplankton 

absorption coefficient, adg(!), for six basic light wavelengths used in the partitioning 

model.  Dark gray points indicate the optimal solutions of the model, which were 

obtained with the use of input data of measured total non-water absorption 

coefficients, anw(!), for the entire dataset consisting of 505 measurements.  Light gray 

vertical bars represent the ranges of feasible solutions for all these cases.  The 1:1 

relationship is shown as the black diagonal lines. 
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Figure 1.10. Same as Figure 1.9 but for the phytoplankton absorption coefficient, 

aph(!). 
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Figure 1.11. (a) The spectral dependence of the median ratio, MR (solid gray line), of 

the model-derived optimal solutions to the measured values of the non-phytoplankton 

absorption coefficient, adg(!), as determined by the application of the model to the 

entire dataset of 505 absorption measurements.  The MR curve is accompanied by 

similar curves but representing the first and third quartile ratios, QR1 and QR3 (dashed 

gray lines), of the model-derived to measured values of adg(!).  (b) Same as panel (a) 

but for the phytoplankton absorption coefficient, aph(!).  The thin horizontal black 

lines corresponding to the ordinate of 1 represent no bias for the model-derived values 

relative to the measured values. 
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Figure 1.12. The measured values of the total non-water absorption coefficient, 

anw(670), plotted versus the measured phytoplankton absorption coefficient, aph(670), 

in the red spectral band.  The data points (open circles) for the entire dataset consisting 

of 505 measurements are shown along with the 1:1 line. 

!
"
#
$%
&"
'
(a
n
w
)*
+
,
-(
./

!
0
1

!"#$%&"'(a
ph
)*+,-(./

!0
1

0,
!2

0,
!3

0,
!0

0,
!2

0,
!3

0,
!0



62 

 

 

 
 

 

Figure 1.13. (a) Comparison of the spectral slope S of the non-phytoplankton 

absorption spectrum, adg(!), derived from the partitioning model using two different 

methods, i.e., a primary method (the vertical axis) and an alternative method (the 

horizontal axis, see text for more details).  (b) Comparison of the spectral slope S of 

adg(!) derived from the partitioning model using the primary method with the values 

of S calculated from the regression analysis applied to the measured adg(!) data.  The 

data (open circles) are shown for the entire dataset consisting of 505 measurements 

along with the 1:1 lines. 
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1.8.  Tables 

 

Table 1.1. Datasets used for the determination of inequality constraints and evaluation 

of the performance of the partitioning model.  The ANT-XXIII/1 stands for the 

expedition on R/V Polarstern from Bremerhaven to Cape Town; BIOSOPE for the 

BIo-geochemistry and Optics SOuth Pacific Experiment; BBOP for the Bermuda Bio-

Optics Project; ACE-Asia for the Asian Aerosol Characterization Experiment; 

CalCOFI for the California Cooperative Oceanic Fisheries Investigation; INDOEX for 

the Indian Ocean Experiment; CLIVAR for the Climate Variability and Predictability; 

MP for the NSF Biocomplexity MANTRA/PIRANA Project; PnB for the Plumes and 

Blooms; EcoHAB for the Ecology and Oceanography of Harmful Algal Blooms; CLT 

for the Chesapeake Light Tower; COASTlOOC for the Coastal Surveillance Through 

Observation of Ocean Color; FR1097 for the R/V Franklin cruise 10/97; AMLR for 

the Antarctic Marine Living Resources; JGOFS for the Joint Global Ocean Flux 

Study; SAZsense for the Sub-Antarctic Zone Sensitivity to Environmental Change; 

Lab97 for the Labrador Sea 1997 cruise; and MR04-05 for the R/V Mirai 2004 cruise.  

Most data were obtained from SeaWiFS Bio-optical Archive and Storage System 

(SeaBASS) [Werdell et al., 2003].  BIOSOPE data were obtained from the BIOSOPE 

database (http://www.obs-vlfr.fr/proof/), and ANT-XXIII/1, COASTlOOC, MR04-05, 

and SAZsense data were obtained from personal communications or our own 

measurements. 

 

Index Datasets Locations 

Number 

of 

Stations 

Date 
[Chl] 

(mg m
-3

) 

References or 

Principal 

Investigators 

1 ANT-

XXIII/1 

Atlantic 21 Oct – Nov 

2005 

0.089 – 

0.26 

Stramski et al. 

[2008]
 

2 BIOSOP

E 

Eastern South 

Pacific 

20 Oct – Dec 

2004 

0.020 – 

2.78 

Bricaud et al. 

[2010]
 

3 BBOP Atlantic 7 Aug 1994 – 

Oct 2006 

0.025 – 

0.091 

Morrison and 

Nelson [2004] 

4 ACE-

Asia 

Sea of Japan, East 

China Sea, 

Northwestern 

Pacific 

18 Mar – Apr 

2001 

0.30 – 

1.44 

G. Mitchell 

and M. Kahru 

5 CALCOF

I 

California Current 49 Oct 1996 – 

Apr 2002 

0.070 – 

1.55 

Mitchell and 

Kahru [1998] 

6 INDOEX Arabian Sea, 

Benguela Current 

16 Jan – Mar 

1999 

0.04 – 

0.60 

G. Mitchell 

and M. Kahru 

CLIVAR-

I8SI9N 

Indian and 

Southern Ocean 

16 Feb – Apr 

2007 

0.11 – 

0.62 

7 

CLIVAR-

P18 

Eastern Pacific and 

Southern Ocean 

16 Dec 2007 – 

Feb 2008 

0.017 – 

0.31 

Nelson et al. 

[2010]
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Table 1.1 continues 

Index Datasets Locations 

Number 

of 

Stations 

Date 
[Chl] 

(mg m
-3

) 

References or 

Principal 

Investigators 

MP 06, 

09 

Pacific (off 

Hawaii) 

10 Sep 2002 – 

Jul 2003  

0.068 – 

0.23 

8 

MP 01, 

03, 08 

Atlantic (off 

Amazon River 

mouth) 

26 Feb 2001 –

May 2003 

0.027 – 

3.46 

Del Vecchio 

and 

Subramaniam 

[2004] 

9 PnB Santa Barbara 

Channel 

28 Jan 2001 – 

Jan 2006 

0.30 – 

6.83 

Toole and 

Siegel [2001] 

10 EcoHAB Coastal Florida 

waters 

9 Mar 1999 – 

Oct 2001 

1.28 – 

10.69 

Cannizzaroa 

et al. [2008] 

11 CLT Chesapeake Bay 20 Apr 2005 – 

Apr 2006 

0.83 – 

9.30 

R. 

Zimmerman 

and  

G. Cota 

North Sea 26 Apr 1997 – 

Sep 1998 

0.57 – 

32.49 

English Channel 34 Apr 1997 – 

Sep 1998 

0.40 – 

30.23 

Atlantic (around 

Europe) 

13 Apr 1997 0.057 – 

0.60 

Mediterranean Sea 9 Sep 1997 0.096 – 

2.27 

12 COASTl

OOC 

Adriatic Sea 27 Jul 1997 0.83 – 

14.57 

Babin et al. 

[2003] 

13 FR1097 Coastal Tasmanian 

waters 

20 Dec 1997 0.18 – 

1.35 

Parslow et al. 

[1998] 

14 AMLR Southern Ocean 

(off Antarctic 

Peninsula) 

37 Mar 2000 – 

Feb 2002 

0.07 – 

2.28 

G. Mitchell 

and M. Kahru 

15 JGOFS Southern Ocean 

(Pacific sector, 

Ross Sea) 

15 Nov 1997 – 

Jan 1998 

0.16 – 

12.84 

Reynolds et 

al. [2001] 

16 SAZsense Southern Ocean 

(Australian sector) 

10 Jan 2007 0.45 – 

1.83 

L. 

Clementson 

17 Lab97 Labrador Sea 15 May 1997 1.54 – 

13.33 

Cota et al. 

[2003] 

18 MR04-05 Chukchi Sea and 

Western Beaufort 

Sea 

32 Sep – Oct 

2004 

0.10 – 

1.58 

Matsuoka et 

al. [2007, 

2011] 
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Table 1.2. Inequality constraints used in the partitioning model.  The normalized 

phytoplankton absorption coefficient aph,n(!) is calculated as aph(!)/aph(443). 

 

Constraints Description 

# 1 0 < aph(412)/aph(443) < 1 The ratio of phytoplankton absorption 

characterizing changes within the short-

wavelength portion of the blue 

absorption maximum. 

# 2 0 < aph(510)/aph(490) < 1 The ratio of phytoplankton absorption 

characterizing changes within the blue-

green portion of the spectrum. 

# 3 0.006 nm
-1

 < S < 0.03 nm
-1

 The spectral slope of exponential 

spectrum of non-phytoplankton 

absorption. 

# 4 0.74 < aph(467)/aph(412) < 

1.54 

The ratio of phytoplankton absorption 

involving both sides of the blue 

absorption maximum. 

# 5 1.3 < aph(510)/aph(555) < 10 The ratio of phytoplankton absorption 

within the green spectral region where 

the values approach the minimum. 

# 6 1.4 < aph(443)/aph(670) < 

6.8 

The ratio of phytoplankton absorption 

involving the blue and red maxima. 

# 7 0.33 < adg(412) anw(443) / 

[anw(412)]
2
 < 0.78 

 

Changes in the contribution of non-

phytoplankton component to total non-

water absorption at 412 nm constrained 

with the ratio of total non-water 

absorption at two bands, 412 nm and 443 

nm. 

# 8 0.003 < [aph,n
 
(510) - aph,n

 

(555)] / (555 - 510) < 

0.0087 

The linear slope of normalized 

phytoplankton absorption coefficients 

between 510 nm and 555 nm. 
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Table 1.3. Summary of error statistics for selected output variables of the partitioning 

model.  The value of R is the correlation coefficient between the model-derived 

optimal solutions and measured values.  The MR is the median ratio of model-derived 

optimal solutions to measured values and SIQR is the semi-interquartile range for this 

ratio calculated as SIQR = (QR3 – QR1)/ 2, where QR1 is the 1st quartile and QR3 is the 

3rd quartile of this ratio.  The MPD is the median absolute percent difference 

calculated as the median of the individual absolute percent differences PDi = 100 |Yi – 

Xi| / Xi where Yi are the model-derived optimal solutions and Xi are the measured 

values.  The RMSD is the root mean square deviation between the model-derived and 

measured values calculated as RMSD = [N
-1
&(Yi – Xi)

2
]

1/2
, with the summation from i 

= 1 to N.  N (=505) is the number of observations used for deriving the error statistics. 

 

Variable R MR SIQR (%) MPD (%) RMSD 

adg(443) 0.985 1.004 7.33 6.52 0.0203 m
-1

 

aph(443) 0.963 0.988 12.12 12.04 0.0203 m
-1

 

adg(670) 0.899 0.815 14.16 21.43 0.00355 m
-1

 

aph(670) 0.997 1.043 5.07 4.82 0.00355 m
-1

 

S 0.772 1.017 4.46 4.70 0.00195 nm
-1

 

  

 

 



67 

 

1.9.  Appendix A 

We here provide details about field data of absorption coefficients used in this 

study. The data selected for our study cover low and mid-latitude open ocean waters, 

coastal waters, as well as high-latitude environments.  The low and mid-latitude open 

ocean data from the Pacific, Atlantic, and Indian Oceans include the datasets that are 

identified by index numbers from 1 through 8 in Table 1.1.  The low and mid-latitude 

coastal data consist of datasets 8 through 13, which were collected in various coastal 

waters including those affected by river plumes and harmful algal blooms.  Finally, the 

high-latitude data comprise the datasets 14 through 18 and some stations in the dataset 

7.  These data were collected in the Southern Ocean, two Arctic seas (Chukchi and 

Beaufort Seas), and one subarctic sea (Labrador Sea).  The high-latitude data are 

essential for the completeness of our dataset because the optical properties of seawater 

in the polar regions have been reported to differ from those in lower-latitudes [e.g., 

Mitchell and Holm-Hansen, 1991; Mitchell, 1992; Dierssen and Smith, 2000; 

Sathyendranath et al., 2001; Reynolds et al., 2001; Cota et al., 2003; Stramska et al., 

2003; Matsuoka et al., 2007]. 

Spectra of particulate absorption coefficient, ap(!), were typically determined 

with a quantitative filter pad method by spectrophotometric measurements of the 

transmittance of light through a GF/F filter pad containing particles, i.e., T-technique 

[e.g., Mitchell, 1990; Mitchell et al., 2002], with the exception of samples from ANT-

XXIII/1 and COASTlOOC, for which the transmittance-reflectance (T-R) filter-pad 

technique was used [Tassan and Ferrari, 1995, 2002].  To convert the measured 

optical density of particles retained on the filters into the particulate absorption 
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coefficients, most investigators used the pathlength amplification factor (!-factor) 

reported by Mitchell [1990].  Other formulations of !-factor were used in the 

following datasets: ANT-XXIII/1 [Stramska et al., 2006], BIOSOPE [Allali et al., 

1997; Bricaud and Stramski, 1990], MP08 [Mitchell et al., 2002], EcoHAB [Carder et 

al., 1999], COASTlOOC [Tassan and Ferrari, 1995], and MR04-05 [Cleveland and 

Weidemann, 1993]. 

Spectra of detrital absorption coefficient, ad(!), were measured 

spectrophotometrically after subjecting the filter pads to cold methanol extraction 

[Kishino et al., 1985], except for samples from EcoHAB, which were extracted with 

hot methanol [Kishino et al., 1985; Roesler et al., 1989], and samples from ANT-

XXIII/1 and COASTlOOC, which were bleached with sodium hypochlorite treatment 

[Ferrari and Tassan, 1999].  Spectra of phytoplankton absorption coefficient, aph(!), 

were determined as a difference between ap(!) and ad(!). 

Spectra of CDOM absorption coefficient, ag(!), were typically measured in 10-

cm quartz cuvette with a laboratory spectrophotometer using a methodology described 

by Mitchell et al. [2002], except for samples from BIOSOPE and CLIVAR, which 

were measured with an UltraPath instrument (World Precision Instruments, Inc.) 

[Bricaud et al., 2010; Nelson et al., 2010], and samples from ANT-XXIII/1, which 

were measured with a PSICAM instrument [Röttgers et al., 2005; Röttgers and 

Doerffer, 2007].  The references listed in Table 1 provide more details on the 

methodology of absorption measurements.  We emphasize that the protocols of these 

measurements can differ in some aspects between different datasets. 
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Because the quality of field data is important to the determinations of 

inequality constraints and for validation of our model, we did not select all data 

indiscriminately from the original databases.  Instead, the absorption data from every 

station within the 18 original datasets were subject to quality control screening.  

Whether or not the specific data were selected for our dataset depended on the result 

of the screening tests.  The first of these tests examines the spectral shape of detrital 

absorption coefficient, ad(!).  For each station we fitted the spectral data of ad(!) with 

a single exponential function over the spectral region between 400 nm and some light 

wavelength within the 550–600 nm range.  The choice of the upper limit wavelength 

was made on a case-by-case basis depending on the signal-to-noise ratio within that 

range. The agreement between the measured data and the exponential fit was 

evaluated over the spectral range from 400 to 700 nm by visual inspection.  If the 

fitted curve did not follow closely the measured data of ad(!) or if significant spectral 

features (such as a maximum or shoulder) were observed in the measured data, for 

example in the red (around 670 nm) or the blue part of the spectrum (around 440 nm) 

where phytoplankton exhibits major absorption maxima, the data from the station 

under consideration were not selected for our dataset.  This is because the residual 

spectral features in the measured ad(!) spectra around 440 nm and 670 nm are likely 

indicative of incomplete removal of algal pigments, and hence inadequate 

performance of the pigment extraction/bleaching method for partitioning ap(!) into 

ad(!) and aph(!) experimentally.  The rationale for accepting only such ad(!) data that 

are well described by the exponential function is also associated with the purpose of 

satisfying the major assumption of our partitioning model, which is the exponential 
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spectral shape of non-phytoplankton absorption coefficient.  We note that the purpose 

of exponential curve fitting to the ad(!) data is solely for quality control.  For the 

determinations of inequality constraints and model validation we used the original 

ad(!) data but with some smoothing.  Specifically, when the measured ad(!) spectrum 

was deemed to have acceptable quality in a sense described above, the ad(!) data were 

smoothed with a 5-nm moving average.  The purpose of smoothing was to remove the 

small-scale irregularities in the spectra caused by the instrument noise.  As an 

exception, this procedure was not necessary for the ad(!) data from BIOSOPE, 

FR1097, and SAZsense because the original datasets from these cruises provided 

exponential fits rather than the actual measured values of ad(!). 

The next step of data quality control involved the verification of the level of 

instrument noise in the total particulate absorption spectra, ap(!).  If necessary, the 

ap(!) data were smoothed with the 3-nm moving average.  The 3-nm averaging 

interval provides adequate compromise between the removal of small-scale noise and 

preservation of spectral features associated with phytoplankton absorption bands.  An 

important quality test was also applied to the phytoplankton absorption spectra.  

Specifically, if the spectral shape of aph(!), which was calculated as a difference 

between ap(!) and ad(!), showed no well-defined maximum in the blue spectral region 

at 440±10 nm, especially no clear decrease of aph(!) from the peak towards shorter 

wavelengths, we rejected the data from that particular station.  With regard to the 

absorption by CDOM, the spectral data of ag(!) are typically described by a single 

exponential function of light wavelength.  In 66% of all cases, the exponential fits 

were provided in the original databases.  In the remaining cases, we calculated the 
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exponential functions by fitting the data within the spectral range from 400 to 450–550 

nm.  When the best fit showed significant departures from the measured ag(!), the data 

were rejected from our consideration. 

In summary, the absorption data from a given station were selected for our 

dataset when the ad(!), aph(!), and ag(!) all passed the pertinent quality tests.  The final 

absorption data in our dataset include the smoothed spectra of measured ap(!) and 

ad(!) (with the exception of ad(!) provided in the original databases as exponential fits 

rather than the actual measured values), the spectra of aph(!) calculated by subtracting 

ad(!) from ap(!), and the exponentially fitted spectra of ag(!).  The spectra of adg(!) 

were calculated as a sum of ad(!) and ag(!).  The spectra of anw(!), which serve as 

input to our partitioning model, were calculated as a sum of ap(!) and ag(!) 

[equivalently aph(!) + ad(!) + ag(!) or aph(!) + adg(!)].  Overall 505 measurements out 

of 1931 measurements available in the 18 original datasets passed our quality control 

criteria. The final dataset includes a large enough number of high-quality data from 

diverse environments to cover a large range of variability, which is critical for 

determining the inequality constraints of our model.  We also note that to achieve this 

goal, it was not necessary to use some quantitative criteria in the process of data 

quality control.  Our descriptive criteria applied in a conservative fashion through a 

case-by-case visual inspection of absorption spectra served its intended purpose well. 

By fitting the exponential function to the adg(!) spectra over the blue to green 

spectral region (400 nm to 550 nm) we found that the spectral slope S ranges from 

0.006 to 0.03 nm
-1

 for our dataset.  This range is also consistent with the reported 

values of the spectral slope Sd for ad(!) [i.e., the particulate component of adg(!)] 
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ranging from 0.005 to 0.0178 nm
-1

 [Bricaud and Stramski, 1990; Bricaud et al., 1998; 

Babin et al., 2003; Binding et al., 2008; Wang et al., 2008] as well as the reported 

values of the spectral slope Sg for ag(!) [i.e., the dissolved component of adg(!)] 

ranging from 0.007 to 0.042 nm
-1

 [Roesler et al., 1989; Babin et al., 2003; 

Twardowski et al., 2004; Nelson et al., 2010].  We note that although the extreme 

values of Sg were reported to be as high as 0.042 nm
-1

, they are generally driven by the 

steep slope at UV wavelengths that are not considered in our study.  In addition, as S is 

generally expected to be smaller than Sg, the range of S calculated over the blue-green 

spectral region for the present dataset extend only to about 0.03 nm
-1

, which provides 

a reasonable upper bound of S for the purpose of our partitioning model (see constraint 

#3 in Table 1.2). 

Because we use the field data as a reference in the evaluation of the 

performance of our partitioning model, it is important to recall that the measurements 

of the absorption coefficients of particulate and soluble materials are subject to several 

sources of uncertainties.  Whereas it is beyond the scope of our study to review these 

uncertainties in detail, we can provide a few examples.  The measurements of 

particulate absorption on filters are subject to errors associated with the requirement to 

apply the correction for pathlength amplification factor and other errors related to light 

scattering [e.g., Bricaud and Stramski, 1990].  The measured absorption coefficient by 

detritus, ad(!), is defined operationally as particulate fraction that is non-extractable in 

methanol [Kishino et al., 1985] or non-bleachable with sodium hypochlorite [Ferrari 

and Tassan, 1999].  As a consequence, the phytoplankton absorption coefficient, 

aph(!), which is obtained as a difference between ap(!) and ad(!), represents the 
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absorbing compounds that are extractable in methanol or bleachable with sodium 

hypochlorite.  These methods for determining ad(!) and aph(!) have specific 

implications such as a deceptive attribution of non-extractable pigments (e.g., 

phycobilins) to ad(!) or methanol-extractable pigments present in non-phytoplankton 

particles to aph(!). 
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Chapter 2.  A Model for Partitioning the Light Absorption Coefficient of 

Suspended Marine Particles into Phytoplankton and Non-Algal Components 

 

 

2.0.  Abstract 

 We developed a model for partitioning the spectral absorption coefficient of 

suspended marine particles, ap(!), into phytoplankton, aph(!), and non-algal, ad(!), 

components based on the stacked-constraints approach.  The key aspect of our model 

is the use of a set of inequality constraints which account for large variability in the 

aph(!) and ad(!) coefficients within the world's oceans.  The bounds of inequality 

constraints were determined from the analysis of a comprehensive set of 505 field 

determinations of absorption coefficients in various oceanic environments.  The 

feasible solutions of the model are found by simultaneously satisfying all inequality 

constraints.  The optimal solutions represented by the median values of feasible 

solutions for aph(!) and ad(!) generally agree well with field measurements and are 

superior in terms of error statistics compared with previous partitioning models.  For 

example, on the basis of comparisons of optimal model solutions with field 

determinations of absorption coefficients, the systematic error calculated as the 

median ratio of model-derived to measured values for both aph(443) and ad(443) is 

within ±1% for our model.  The random error represented by the mean absolute 

percent difference for aph(443) and ad(443) is <5% and <20%, respectively.  This 

study suggests that our model has the potential for successful applications with input 

data of ap(!) which can be collected from various oceanographic platforms.   
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2.1.  Introduction 

The spectra of light absorption coefficients of marine phytoplankton and non-

algal particles contain important information for research in hydrologic optics, 

biology, and biogeochemistry.  Accurate determination of these component absorption 

coefficients in natural waters has been a challenging task.  The difficulties arise 

mainly from two problems.  First, phytoplankton cells always co-exist with a variety 

of non-algal particles, including heterotrophic organisms and non-living particulate 

matter such as organic detritus and minerals.  Therefore, an adequate methodology to 

separate the absorption contributions of phytoplankton and non-algal particles is 

required.  Second, most oceanic waters contain relatively low concentrations of 

suspended particles, which entail methodological requirements for achieving sufficient 

signal-to-noise ratio in absorption measurements. 

In recent decades the most commonly used method for determining the 

absorption coefficients of phytoplankton and non-algal particles from measurements 

has been the so-called quantitative filter-pad technique (QFT) [e.g., Yentsch, 1962; 

Mitchell, 1990; Mitchell et al., 2002].  The first step of QFT is to measure the spectra 

of total particulate absorption coefficient, ap(!), of particles concentrated by water 

filtration onto a filter pad using a laboratory spectrophotometer (! denotes light 

wavelength in vacuo).  The second step is to measure the spectral absorption 

coefficient of non-algal (often referred also to as detrital) particles, ad(!), after 

subjecting the sample filter to depigmentation treatment [Kishino et al., 1985; Ferrari 

and Tassan, 1999].  The spectral absorption coefficient of phytoplankton, aph(!), is 
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calculated as a difference between ap(!) and ad(!).  The QFT approach provided 

reasonable determinations of aph(!) in many types of marine environments [e.g., 

Bricaud et al., 1995; Babin et al., 2003].  However, this method has some limitations: 

(i) it is applicable only to discrete water samples; (ii) it is labor-intensive; and (iii) 

removal of phytoplankton pigments by depigmentation treatment of samples may be 

incomplete and some absorbing compounds that do not belong to phytoplankton can 

be removed, which introduces some degree of mismatch between the desired 

absorption coefficients of ad(!) and aph(!) and the actual particle types that contribute 

to the measured coefficients [e.g., Bricaud and Stramski, 1990; Nelson et al., 1993; 

Binding et al., 2008]. 

An alternative approach for partitioning ap(!) is to use models.  The advantage 

of models over experimental partitioning methods is that they can be used to enhance 

our capabilities for determining aph(!) and ad(!) over extended spatial and temporal 

scales in the ocean.  This is because the data of hyperspectral ap(!) can be obtained 

from techniques and instruments without partitioning ap(!) into aph(!) and ad(!), such 

as ac-s [Rhoades et al., 2004], a-Sphere [Dana and Maffione, 2006], and PSICAM 

[Röttgers et al., 2007].  As the technologies of optical sensors for in situ observations 

from various oceanographic platforms advance, there are significant prospects for 

development of large datasets that include absorption data from various oceanic 

environments [e.g., Twardowski et al., 2005; Dickey et al., 2006].  However, existing 

partitioning models involve highly restrictive a priori assumptions about the outputs of 

the models, in particular the spectral shapes of aph(!) and ad(!) coefficients.  For 

example, the spectrum of phytoplankton absorption, aph(!), has been assumed to 
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consist of predefined linear or quadratic functions of aph(!0), where !0 is a certain 

reference wavelength of light [Morrow et al., 1989; Hoepffner and Sathyendranath, 

1993; Wang et al., 2008].  Some models also assume that non-algal particulate 

absorption, ad(!), can be described by specified linear functions of ad(!0) [Morrow et 

al., 1989] or by an exponential function of wavelength with a fixed value of spectral 

slope [Cleveland and Perry, 1994].  In natural waters, however, the spectral shapes of 

aph(!) and ad(!) exhibit large spatial and temporal variability. 

Because of these restrictive a priori assumptions about the aph(!) and ad(!) 

spectra, the performance of existing partitioning models is limited, which is 

demonstrated by Varela et al. [1998].  These investigators evaluated and compared the 

performance of three partitioning models; a model of Morrow et al. [1989] referred 

hereafter to as MCK, a model of Bricaud and Stramski [1990] referred to as BS, and a 

model of Hoepffner and Sathyendranath [1993] referred to as HS.  In their study 

Varela et al. [1998] used field absorption data collected in the Atlantic Ocean, 

Southern Ocean, and Mediterranean Sea.  The slope of the regression line between the 

model-derived and measured values of ad(440), which represents the systematic error, 

was found to typically deviate significantly from 1.  This slope was reported to range 

from about 0.68 to 1.60 for the BS model, from 0.78 to 1.75 for the HS model, and 

from 0.64 to 4.74 for the MCK model.  The error statistics for aph(!) was not reported.  

The results of this comparative analysis also suggested that the BS model generally 

provides the smallest errors, which most likely can be attributed to the least restrictive 

assumptions involved in the BS model among the compared models.  For example, 

whereas the BS model allows the spectral slope of ad(!) to vary and restricts the 
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variation in the spectral shape of aph(!) through the fixed values of two band ratios of 

aph(!) involving four light wavelengths, the MCK model requires predefined spectral 

shapes for both ad(!) and aph(!) at all input wavelengths. 

The generally inadequate performance of existing models and a need for 

expanding observational capabilities of light absorption, especially by phytoplankton, 

within the world’s oceans necessitate a model that can reliably partition the total 

particulate absorption coefficient into phytoplankton and non-algal components across 

various oceanic environments.  It is clear that development of models that efficiently 

relax restrictive assumptions about the spectral shapes of aph(!) and ad(!) is the most 

promising research direction within that context. 

In our recent work, we presented a new concept for partitioning the total non-

water absorption coefficient, anw(!), i.e., the sum of absorption coefficients by 

phytoplankton aph(!), non-algal particles ad(!), and colored dissolved organic matter 

ag(!) [Zheng and Stramski, 2013].  The results of the partitioning are the 

phytoplankton, aph(!), and non-phytoplankton, adg(!), absorption coefficients.  This 

concept is based on the stacked-constraints approach which utilizes a number of 

inequality constraints that must be simultaneously satisfied by the solutions of the 

partitioning model.  The main advantage of this approach is that the model-derived 

absorption coefficients are subject only to weakly restrictive assumptions because the 

inequality constraints cover a large range of variability in the magnitude and spectral 

shape of these coefficients in natural waters.  In the present study, we use essentially 

the same concept based on the use of a number of adequately defined inequality 

constraints to develop a model for partitioning the total particulate absorption 
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coefficient, ap(!), into phytoplankton, aph(!), and non-algal, ad(!), components.  We 

describe the model and evaluate its performance using a comprehensive set of field 

data from various oceanic environments.  The performance of our model is also 

compared with the BS model. 

 

2.2.  Field Data for Model Development and Evaluation 

The development of our partitioning model, which is described in detail in 

section 2.3, required the analysis of field data of absorption coefficients with a purpose 

of determining the bounds of inequality constraints of the model.  In addition, this 

field dataset is used for evaluating the performance of our model, which involves 

comparisons of our model-derived absorption coefficients with measurements as well 

as comparisons with values derived by the BS model.  For these purposes we 

assembled a dataset of spectral absorption coefficients of suspended marine particles 

ap(!), phytoplankton aph(!), and non-algal particles ad(!), which satisfy certain criteria.  

First, the dataset is comprehensive to account for large variability in the absorption 

coefficients within the world's oceans.  This ensures that the inequality constraints of 

the model determined from these data are adequate for global applications across most 

oceanic environments.  Second, the selected data passed special quality tests to 

eliminate the possibility of including measurements that are potentially subject to 

significant experimental errors resulting in questionable or unrealistic spectral shapes 

of aph(!) and ad(!). 

The assembled global dataset used in this study has been utilized and described 

in detail in our recent work [Zheng and Stramski, 2013].  Therefore, here we only 
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briefly summarize some important aspects related to the dataset.  Spectra of the total 

particulate absorption coefficient, ap(!), included in our dataset were determined with 

a quantitative filter pad method by spectrophotometric measurements using the 

transmittance or transmittance/reflectance technique [Mitchell et al., 2002; Tassan and 

Ferrari, 1995].  Spectra of the non-algal particulate absorption coefficient, ad(!), were 

measured spectrophotometrically after subjecting the filter pads to methanol extraction 

[Kishino et al., 1985] or sodium-hypochlorite bleaching [Ferrari and Tassan, 1999].  

Spectra of phytoplankton absorption coefficient, aph(!), were determined as a 

difference between ap(!) and ad(!).  Final estimates of the absorption coefficients in 

our dataset are reported at high spectral resolution of 1 nm. 

The entire global dataset includes these absorption measurements taken by 

different investigators at 505 stations during 18 different field programs in various 

geographic locations (see Table 1 in [Zheng and Stramski, 2013]).  The locations of 

stations cover low- and mid-latitude open ocean waters, low- and mid-latitude coastal 

waters, as well as high-latitude environments.  The low- and mid-latitude open ocean 

data are representative of oligotrophic and mesotrophic waters in the Pacific, Atlantic, 

and Indian Oceans.  The low- and mid-latitude coastal data were collected at various 

coastal environments around the world including those affected by river plumes, 

coastal upwelling, and harmful algal blooms.  The high-latitude data were collected in 

the Southern Ocean, two Arctic seas (Chukchi and Beaufort Seas), and one subarctic 

sea (Labrador Sea).  The number of data is reasonably balanced among the three major 

types of marine environments (i.e., low- and mid-latitude open ocean waters, low- and 

mid-latitude coastal waters, and high-latitude waters), so this dataset provides good 
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representation of variability in light absorption properties of particulate matter within 

the world's oceans. 

Owing to a wide range of oceanic conditions, this dataset accounts for large 

variability with respect to the magnitude and spectral shape of absorption coefficients, 

as well as proportions of phytoplankton and non-algal absorption components.  For 

example, at ! = 443 nm the ranges for ap, aph, and ad in the dataset are 0.0025–0.72 m
-

1
, 0.0018–0.51 m

-1
, and 0.00046–0.33 m

-1
, respectively.  The blue-to-red band ratio of 

phytoplankton absorption, aph(443):aph(670), ranges from 1.38 to 8.99.  The spectral 

slope, Sd, for the ad(!) coefficient ranges from 0.0056 to 0.0176 nm
-1

.  The ratio of 

detrital-to-phytoplankton absorption, ad(443):aph(443), ranges from about 0.05 to 2.5.  

The chlorophyll-a concentrations span 3 orders of magnitude from 0.02 to over 13 mg 

m
$3

 in the dataset. 

An important aspect of the process of assembling the dataset is that the 

absorption data from the final selection of 505 stations successfully passed certain 

quality criteria.  These 505 stations were selected out of the total of 1931 stations 

available in various historical datasets which we originally considered.  As described 

in detail by Zheng and Stramski [2013], the quality-screening criteria were defined to 

ensure that only data with reasonable spectral shapes of phytoplankton absorption and 

nearly exponential spectral shape of non-algal particulate absorption are included in 

the final dataset.  Specifically, if the spectral shape of aph(!) showed no well-defined 

maximum in the blue spectral region at 440±10 nm, especially no clear decrease of 

aph(!) from the peak towards shorter wavelengths, the data from that particular station 

were not included in our final dataset.  With regard to ad(!) we did not include stations 
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where these spectra showed significant deviations from an exponential function of 

wavelength.  Such deviations can be indicative of incomplete removal of algal 

pigments during the measurement procedure, and hence inadequate performance of the 

pigment extraction/bleaching method for partitioning ap(!) into aph(!) and ad(!) 

experimentally.  Another potential reason for deviations from an exponential shape are 

real spectral absorption features of non-algal particulate assemblages, especially those 

dominated by mineral particles that exhibit significant absorption of light [e.g., Babin 

and Stramski, 2004; Stramski et al., 2004; Stramski et al., 2007].  Such cases are 

excluded from our dataset to satisfy the assumption about the exponential spectral 

shape of ad(!), and therefore our model is not designed to be generally applicable to 

waters with significant contribution of absorbing minerals to ad(!). 

We emphasize that assembling a comprehensive, balanced, and quality 

controlled dataset was essential to our study for the following reasons.  Such dataset 

allowed us to determine the boundaries of critical inequality constraints of our model, 

which encompass a wide range of absorption variability within the world’s oceans.  

Therefore, our model can aim at applications over a wide range of marine 

environments.  The applied quality control ensured exclusion of measurements with 

potentially gross experimental errors and hence ensures relatively high level of 

confidence in the determinations of bounds of inequality constraints.  Another 

important attribute of the assembled dataset is that it is appropriate for the evaluation 

of the performance of our model.  This is because these data are not used for any 

critical parameterizations of our model.  Only a very small number of extreme data 
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from the entire dataset is used just to determine the bounds of inequality constraints of 

our model. 

 

2.3.  Description of Model for Partitioning the Particulate Absorption Coefficient 

The proposed model for partitioning ap(!) into ad(!) and aph(!) is conceptually 

based on the same approach as that used in our recently developed model for 

partitioning the total non-water absorption coefficient, anw(!), into adg(!) and aph(!) 

[Zheng and Stramski, 2013].  The key beneficial attribute of this approach is the 

utilization of inequality constraints that typically involve various band ratios of the 

absorption coefficients considered in the partitioning model.  The bounds of inequality 

constraints are defined on the basis of the assembled global field dataset to account for 

large variability in seawater absorption properties within the world's oceans, which 

enable us to relax restrictive a priori assumptions about the spectral shape for the 

model-derived absorption coefficient aph(!) and the magnitude of exponential spectral 

slope for the model-derived absorption coefficient ad(!) [or analogously adg(!) in our 

previous model for partitioning anw(!)].  This concept of using inequality constraints 

represents an important advancement in the absorption partitioning models.  This is 

because the restrictive a priori assumptions about the model outputs used in previous 

models reported in the literature have generally detrimental effect on the performance 

of models because the large variability in the desired absorption coefficients is not 

adequately accounted for by the restrictive assumptions. 

The partitioning model presented in this study requires input data of total 

particulate absorption coefficient, ap(!), at light wavelengths from 400 nm to 700 nm 



92 

 

with high spectral resolution.  The use of high spectral resolution data as input is 

reasonable and justifiable.  First, the common spectrophotometric methods for 

measuring ap(!) on discrete water samples provide hyperspectral data with a resolution 

as high as 1 nm.  The in situ and flow-through online absorption instruments with 

hyperspectral capability such as ac-s [Rhoades et al., 2004], a-Sphere [Dana and 

Maffione, 2006], and PSICAM [Röttgers et al., 2007; Wollschläger et al., 2012] have 

recently emerged, making the hyperspectral data of ap(!) even more readily available 

on a routine basis.  Second, the availability of absorption data at many wavelengths is 

beneficial to determining the inequality constraints, improving the performance of 

model, and enhancing informational value of its outputs.  With regard to the spectral 

resolution of output variables, the resolution of aph(!) is the same as that for the model 

input of ap(!).  The model output of ad(!) can be reported at arbitrarily high spectral 

resolution because this coefficient is assumed to conform to an exponential function of 

wavelength. 

Our model for partitioning the input data of ap(!) into aph(!) and ad(!) 

combines a modified partitioning algorithm based on the work of Bricaud and 

Stramski [1990] with a set of inequality constraints which encompass a wide range in 

the absorption spectra of aph(!) and ad(!) within the world's oceans.  The model 

includes two major parts, the modified algorithm of Bricaud and Stramski [1990], 

referred hereafter to as the MBS algorithm, and a stacked-constraints algorithm.  A 

step-by-step computational procedure used by the model is illustrated as a flowchart in 

Figure 2.1.  A general logic of this procedure is essentially the same as that used in our 

previous model for partitioning anw(!) into aph(!) and adg(!) [Zheng and Stramski, 



93 

 

2013].  The differences are only in the details.  For example, our present model uses 

the input of ap(!) as opposed to anw(!), derives the exponential spectrum of ad(!) as 

opposed to the exponential spectrum of adg(!), and utilizes a number of additional 

inequality constraints.  The objective of the first major component of the model, the 

MBS algorithm, is to use the input of ap(!) to calculate a wide range of speculative 

solutions for ad(!) and aph(!), which satisfy three initial inequality constraints.  The 

second major component of the model, the stacked-constraints algorithm, determines a 

relatively narrow range of feasible solutions for ad(!) and aph(!) within the large set of 

speculative solutions.  The feasible solutions simultaneously satisfy ten additional 

inequality constraints.  Final optimal solutions for ad(!) and aph(!) are selected from 

the feasible solutions on the basis of statistical criteria.  Below we describe the 

inequality constraints in section 2.3.1 and the major components of the model in 

section 2.3.2. 

 

2.3.1.  Determination of Inequality Constraints 

The determination of inequality constraints is an essential component of the 

development of our partitioning model.  The model utilizes 13 inequality constraints 

(Table 2.1).  This table also provides a short description of physical interpretation of 

each constraint.  The constraint variables are defined usually in terms of ratios of 

aph(!) or ap(!) with a purpose to capture specific spectral features or spectral behavior 

of these absorption coefficients.  The upper and lower bounds for most inequality 

constraints were determined from a comprehensive set of 505 field measurements of 

absorption coefficients described in section 2.2 by examining the statistical probability 
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distributions of constraint variables within the dataset.  For a few constraints, other 

data from literature were also used.  The bounds of constraints are defined in such a 

way that a wide range of natural variability in phytoplankton and non-algal particulate 

absorption properties is covered.  The large range of variability allowed by the 

inequality constraints supports significant potential for broad applications of our 

model to diverse oceanic environments. 

Two initial inequality constraints used in our model (i.e., constraints #1 and #2 

in Table 2.1) are the band ratios of phytoplankton absorption coefficients, 

aph(410):aph(443) and aph(510):aph(490).  These ratios, denoted as x and y respectively, 

play a key role in the model as they are used in the basic system of equations of the 

MBS algorithm (see section 2.3.2 for more details).  Because phytoplankton typically 

exhibit stronger absorption at 443 nm than at 412 nm and also stronger absorption at 

490 nm than at 510 nm, both x and y are expected to vary between 0 and 1.  Allowing 

x and y to vary over such broad range of values is critical to calculating a very large 

number of speculative solutions for ad(!) and aph(!) from the MBS algorithm.  We 

also note that setting the bounds at 0 and 1 yields the ranges of x and y, which are 

actually wider than the respective ranges observed in our dataset of 505 

measurements. 

The constraint #3 is associated with the assumption of the exponential spectral 

shape of non-algal particulate absorption coefficient, ad(!), and it defines the range of 

variation in the spectral slope, Sd, for this coefficient.  The slope Sd is one of two 

parameters describing the exponential spectrum of ad(!), which is calculated from the 

MBS system of equations (see section 2.3.2).  For our dataset of 505 measurements 
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the slope Sd determined by fitting the exponential function to the measured ad(!) 

spectra over the blue to green spectral region (400 nm to 550 nm) ranges from 0.0056 

to 0.0176 nm
-1

.  This is consistent with the range of 0.005 - 0.0178 nm
-1

 reported in 

the literature [e.g., Bricaud and Stramski, 1990; Bricaud et al., 1998; Babin et al., 

2003; Binding et al., 2008; Wang et al., 2008], which provides a basis for the assumed 

bounds of constraint #3. 

The remaining constraints, i.e., the constraints #4 through #13, are used by the 

stacked-constraints algorithm to identify a relatively small set of feasible solutions 

from the large number of speculative solutions (see section 2.3.2 for more details).  

The constraint #4 ensures that the model-derived aph(!) assumes reasonable values at 

both sides of the major phytoplankton absorption maximum in the blue spectral 

region.  The band ratio of aph(!) utilizing the wavelengths of 412 nm and 467 nm is 

considered in this constraint because these wavelengths are located almost 

symmetrically around the blue absorption peak.  The constraint #5 further constrains 

the phytoplankton band ratio aph(467):aph(412) with respect to the same band ratio but 

involving the total particulate absorption coefficient.  The constraint #6 ensures 

realistic values for the ratio of model-derived aph(!) at 510 and 555 nm, which implies 

a reasonable spectral behavior of aph(!) within the long-wavelength tail of blue 

absorption maximum.  The upper bound of this ratio is further constrained by the 510-

to-555 nm band ratio of total particulate absorption coefficient (constraint #7).  For the 

determinations of the lower and upper bounds of constraints #4 and #6, we used the 

1st and 99th percentiles of relevant histograms based on the 505 field measurements.  

To determine the upper bounds of constraints #5 and #7, we utilized the empirical 
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relationship between the band ratios of ap(!) and aph(!) based on 505 field 

measurements (Figure 2.2).  Most data points are below the upper bounds depicted by 

the dashed lines in Figure 2.2, so only a small number of outliers in our dataset does 

not satisfy the constraints #5 and #7. 

The constraint #8 accounts for the variability in the blue-to-red ratio of 

phytoplankton absorption associated with variations in pigment composition and 

package effect.  In general, higher proportion of accessory pigments relative to 

chlorophyll-a and weaker package effect due to smaller cell size and/or lower 

intracellular pigment concentration will contribute to higher values of 

aph(443):aph(670).  The determinations of bounds for the aph(443):aph(670) ratio are 

based on the 1st and 99th percentiles of relevant histograms of the field dataset, and 

also on laboratory measurements of phytoplankton cultures, which has been discussed 

in greater detail by Zheng and Stramski [2013]. 

The constraint #9 is defined on the basis of the observation that while ad(!) 

decreases, aph(!) increases with light wavelength between 412 nm and 443 nm.  

Therefore, the band ratio of ap(!) at these two wavelengths is affected by the relative 

contribution of ad(!) to ap(!) as represented by the ratio ad(412):ap(412).  The 

constraint #10 accounts for the variation in the linear spectral slope of aph,n(!) between 

510 nm and 555 nm, where aph,n(!) is obtained by normalizing aph(!) to aph(443).  The 

constraint #11 aims at maintaining a reasonable spectral shape of model-derived aph(!) 

between the spectral region where phytoplankton generally exhibits low absorption 

(from 550 nm to 630 nm) and the spectral region that encompasses the red peak of 

phytoplankton absorption (from 650 nm to 700 nm).  The constraint #12 ensures that 
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the absorption signal of phytoplankton accessory pigments in the spectral region 

between 450 nm and 490 nm declines to sufficiently low level in the spectral region 

between 510 nm and 550 nm where phytoplankton generally exhibits low absorption.  

Finally, the constraint #13 addresses the difference in absolute values of linear slope 

of aph,n(!) between the right (i.e., long-wavelength) side and left (i.e., short-

wavelength) side of the blue absorption maximum.  The wavelengths involved in 

calculating the slopes for each side of the maximum were selected dynamically to 

ensure that the calculation of each slope is based on the largest interval of wavelengths 

over which aph(!) is monotonic for a given seawater sample.  The bounds of 

constraints #9 through #13 were calculated as the 1st and 99th percentiles of the 

relevant histograms obtained from our field dataset.  We note that we also tested 

several other constraints, but found no significant improvement in further constraining 

the range of feasible solutions.  

 

2.3.2.  MBS and Stacked-Constraints Algorithms 

The first component of the model, the MBS algorithm, uses the input spectrum 

of ap(!) to calculate a large number of speculative solutions, each consisting of a pair 

of ad(!) and aph(!) spectra that satisfy the constraints #1, #2, and #3 (Figure 2.1).  The 

basis for these calculations is provided by a system of two equations with two 

unknowns, i.e., the exponential slope Sd and the scaling factor Ad of the ad(!) 

spectrum.  This system of equations, which was originally proposed by Bricaud and 

Stramski [1990], can be solved for Sd and Ad for given spectral values of ap(!) at 

specified four wavelengths and for given values of two band ratios of phytoplankton 
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absorption coefficient aph(!), which involve these four wavelengths.  In the original 

BS model, specific constant values for the ratios aph(380):aph(505) and 

aph(580):aph(692.5) were assumed [Bricaud and Stramski, 1990].  In contrast, our 

modified algorithm called the MBS algorithm, utilizes different wavelengths for the 

band ratios of phytoplankton absorption, x = aph(412):aph(443) and y = 

aph(510):aph(490).  Importantly, each of these ratios is allowed to vary independently 

from one another within a large range of realistic values as defined by the constraints 

#1 and #2 (Table 2.1).  This modification relaxes restrictive assumptions of the 

original BS model about the spectral shape of aph(!).  The key system of equations of 

the MBS algorithm is: 

 

 

where the subscripts i and j identify one possible pair of x and y values.  We 

assume that all possible values for both x and y can be represented with the identical 

sets of 100 values ranging from 0.01 to 1 with a step of 0.01.  Therefore the number of 

possible combinations of xi and yj pairs is 10000, which can be represented by a 100 # 

100 matrix B (Figure 2.1).  We note that the step between the x and y values within the 

matrix B can be arbitrarily small but we find that 0.01 is sufficiently small from a 

practical standpoint of model applications. 

For every pair of xi and yj from matrix B, one speculative solution for Sd,i,j and 

Ad,i,j is derived for given input data of ap(!), provided that the constraint #3 is satisfied.  

These calculations are repeated with the same input data of ap(!) for all 10000 
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combinations of xi and yj, which yields a large number of speculative estimates of Sd,i,j 

and Ad,i,j that satisfy the constraint #3.  These calculations produce the matrix C in 

Figure 2.1.  The correspondingly large number of speculative solutions for the ad(!) 

coefficient is subsequently obtained from the estimates of Sd,i,j and Ad,i,j.  The 

speculative solutions for the aph(!) coefficient are calculated as a difference between 

the input ap(!) and the speculative solutions of ad(!).  This step produces the matrix D 

(Figure 2.1).  Each element of this matrix is a pair of ad(!)i,j and aph(!)i,j spectra, which 

represent the speculative solutions satisfying the constraints #1, #2, and #3 as obtained 

with the MBS algorithm. 

Under highly probable scenario that our weakly restrictive assumptions, 

namely the exponential spectral shape of ad(!) and the constraints #1 through #3, are 

satisfied for a given water sample characterized by the ap(!) spectrum, the desired true 

solution of the partitioning model is expected to be almost identical to one of the 

speculative solutions within the matrix D.  Therefore, the next critical step of our 

model is to reduce the large set of speculative solutions to a much smaller subset of 

candidate solutions that all appear to be realistic and most feasible.  This new confined 

domain of feasible solutions is determined by applying 10 additional inequality 

constraints (i.e., the constraints #4 through #13 in Table 2.1) to every case of the 

speculative solution.  If the ap(!), ad(!), and aph(!) data corresponding to a given 

speculative solution satisfy simultaneously the constraints #4 through #13, then this 

speculative solution is identified as a feasible solution within the matrix D (see step 4 

in Figure 2.1).  This procedure is accomplished by the part of the model which is 

referred to as the stacked-constraints algorithm.  Note that as a result of applying both 
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the MBS and the stacked-constraints algorithms, each feasible solution for ad(!) and 

aph(!) within the matrix D simultaneously satisfies all 13 inequality constraints 

involved in our model.  The portion of matrix D containing the feasible solutions can 

be referred to as the constrained solution area. 

The size of the constrained solution area, i.e., the number of feasible solutions, 

varies on a case-by-case basis.  It is also possible that no feasible solutions are found, 

in particular when the absorption properties of a given seawater sample are outside the 

predefined boundaries of inequality constraints of the model.  We note, however, that 

bounds of inequality constraints of our model can be rather easily redefined if further 

studies of absorption properties of seawater samples from various marine 

environments justify the modification of these bounds.  The scenario of no feasible 

solutions can also occur when the input spectra of ap(!) are subject to large 

experimental errors with clearly unrealistic values or when the spectrum of ad(!) 

departs considerably from an exponential spectral shape.   

The last step of our model (see Step 5 in Figure 2.1) generates the final outputs 

which include the optimal solutions for ad(!) and aph(!) within the constrained area of 

feasible solutions and a range of feasible solutions characterized by the 10th and 90th 

percentiles of all feasible solutions.  The optimal solutions for ad(!) and aph(!) are 

determined in terms of the median values of feasible solutions within matrix D at each 

wavelength separately.  The choice of median values to represent optimal solutions is 

based on the analysis in which different statistical descriptors (namely median, mean, 

mode, as well as 40th, 45th, 55th, and 60th percentiles) of model-derived feasible 

solutions of ad(!) and aph(!) were compared with the corresponding measured values 
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of ad(!) and aph(!) for our entire global dataset of 505 measurements.  The median 

values of feasible solutions generally provided the best agreement with the measured 

values and were therefore selected to represent the optimal solutions. 

The unique construct of the stacked-constraints approach also offers a useful 

capability to characterize the range of feasible solutions.  We have chosen to use the 

10th and 90th percentiles as adequate measures for characterizing the range of feasible 

solutions of ad(!) and aph(!).  The range of feasible solutions between the 10th and 

90th percentiles exhibits significant probability to encompass the actual measured 

spectra of ad(!) and aph(!).  The rationale for using the 10th and 90th percentiles is 

supported by results illustrated in Figure 2.3 for six example wavelengths covering the 

visible spectral region, namely 412 nm, 443 nm, 490 nm, 510 nm, 555 nm, and 670 

nm.  For ad(!) and aph(!) at these six wavelengths we determined the probability, 

P50±p, that the actual measured values of these absorption coefficients fall within the 

interval between two percentiles, 50th-p and 50th+p where p varies between 0 and 50.  

This interval is symmetric around the median, i.e., the 50th percentile.  The probability 

P50±p was calculated based on the 505 measurements from our global dataset.  We also 

calculated the average ratios, AR50±p, between the upper and lower percentiles of 

feasible solutions of ad(!) and aph(!) to quantify the range of variation in these 

solutions.  The choice of the 10th and 90th percentiles (i.e., 50 ± 40 marked by gray 

dash lines in Figure 2.3) provides good compromise between maximizing the 

probability P50±p and minimizing the ratio AR50±p.  For these percentiles, the 

probability P50±40 is > 0.8 for all output ad(!) and aph(!) considered in this analysis.  

The ratio AR50±40 is < 3 for all output ad(!) except for ad(670) and < 1.5 for all output 
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aph(!) except for aph(555).  The use of larger interpercentile interval than that defined 

by the 10th and 90th percentiles would not be effective because the further increase in 

P50±p is slower whereas AR50±p increases very rapidly.  The departure of the AR50±p 

curves for ad(670) and aph(555) from the remaining AR50±p curves at other wavelengths 

is likely attributable to comparatively low magnitudes of ad at 670 nm and aph at 555 

nm. 

 

2.4.  Evaluation of the Model 

In this section we evaluate the performance of the model using the global field 

dataset described in section 2.2.  Specifically, for the input data of ap(!) we compare 

the non-algal particulate, ad(!), and phytoplankton, aph(!), absorption spectra derived 

from the model with those obtained from the 505 measurements.  We also compare the 

performance of our model with the BS model using this field dataset.  Note that only 

454 out of the original 505 measurements are included in the comparison of the 

models in terms of error statistics because the remaining measurements do not provide 

absorption data at 380 nm, which is a required input for the BS model.  Our global 

dataset can be considered as a source of independent field data for evaluation of our 

model because these data were involved only in the determination of the bounds of 

inequality constraints of the model.  These bounds represent merely a few extreme 

cases within the dataset and all the remaining data make no contributions to the model 

development and formulation. 

The outputs of our model are the optimal (i.e., the median-based) solutions and 

the 10th – 90th percentile range of feasible solutions for ad(!) and aph(!) at all 
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wavelengths of input ap(!).  Figure 2.4 shows example results for two different 

oceanic situations.  Each example is selected randomly from the field dataset to 

represent detritus-dominated waters and phytoplankton-dominated waters.  The 

magnitude and relative contributions of phytoplankton and non-algal particulate 

components to total particulate absorption coefficient differ significantly between the 

two examples.  The model-derived optimal solutions of ad(!) and aph(!) agree well 

with the measured spectra and the 10th – 90th percentile ranges encompass the 

measured spectra for these two examples. 

We now turn to comparative analysis of model-derived and measured values of 

ad(!) and aph(!).  Figures 2.5 and 2.6 compare the optimal solutions and 10th – 90th 

percentile ranges derived from our model with the measured values of ad(!) and aph(!), 

respectively, for the 505 measurements from our field dataset.  These results are 

shown for six example wavelengths, namely 412 nm, 443 nm, 490 nm, 510 nm, 555 

nm, and 670 nm, which is adequate for general characterization of model performance 

across the visible spectrum.  Assuming that the differences between the model-derived 

and measured absorption coefficients can be considered to represent errors of the 

model, we calculated several error parameters for evaluating performance of our 

model.  Specifically, the median of the ratio of model-derived optimal solutions to 

measured values, MR, was calculated to provide a measure of overall bias in the 

modeled data relative to measurements.  The semi-interquartile range, SIQR, 

calculated for the ratio of modeled-derived to measured values indicates the spread of 

the modeled data.  The overall degree of agreement between the model and 

measurements is provided by the median value of the absolute percent difference, 
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MPD, between the model-derived and measured data, and also by the root mean 

square deviation, RMSD, between these data.  The correlation coefficient, R, provides 

additional information on how well the model-derived data agree with the 

measurements over their dynamic range.  All these error statistics are listed in Table 

2.2 for ad(!) and aph(!) at two selected wavelengths, 443 nm and 670 nm.  The 

formulas for calculating the error parameters are also given in Table 2.2.  Note that 

454 out of 505 measurements are included in the calculation of these error statistics to 

ensure consistency of comparison with the BS model, which is discussed later in this 

section. 

Figures 2.5 and 2.6 as well as Table 2.2 show that our model performs 

generally well in terms of partitioning ap(!) into ad(!) and aph(!).  The optimal 

solutions for ad(!) are mostly in good agreement with the measured values (Figure 

2.5).  The systematic component of the error represented by the median ratio, MR, of 

the model-derived optimal solutions to measured ad(!) is generally small.  For 

example, at the wavelength of 443 nm, MR for ad is essentially 1, which indicates no 

bias at all (Table 2.2).  The random components of the error represented by MPD and 

RMSD are also reasonably small for ad(!).  Specifically, MPD is 19.5% and RMSD is  

0.00686 m
-1

 for ad(443) (Table 2.2).  The errors for ad(!) tend, however, to increase 

with increasing wavelength and can be significant in the long-wavelength portion of 

the spectrum.  For example, MR is 0.87 and MPD is 31.6% for ad(670) (Table 2.2).  

The larger errors in the red portion of the spectrum are not unexpected because the 

ad(!) coefficient decreases exponentially with wavelength so its magnitude is 

generally very low within that part of the spectrum.  We also recall that the increased 
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differences between the model and measurements in the spectral region of 

phytoplankton absorption maximum in the red can be partly caused by imperfect 

experimental partitioning of particulate absorption into phytoplankton and detrital 

absorption. 

The optimal solutions for aph(!) are generally also in good agreement with the 

measured values (Figure 2.6).  This is expected on the basis of results for ad(!) 

because the modeled aph(!) is derived simply by subtracting the modeled ad(!) from 

input ap(!).  The systematic error of optimal solutions for aph(!) is essentially zero at 

443 nm and only about +1% at 670 nm, as indicated by the MR values that are very 

close to 1 (Table 2.2).  The random error of optimal solutions for aph(!) represented by 

MPD is only ~4.9% at 443 nm and ~2.4% at 670 nm (Table 2.2).  These measures of 

error indicate that the phytoplankton absorption coefficient at the blue and red maxima 

is derived with very good accuracy by our model.  The model-derived values of aph(!) 

at other wavelengths also compare well with the measured values although the errors 

are generally larger in the spectral region of minimum phytoplankton absorption that 

includes the 550 nm waveband, as shown in Figure 2.6. 

In addition to the optimal solutions for ad(!) and aph(!), Figures 2.5 and 2.6 

show the range of feasible solutions as defined by the 10th and 90th percentiles.  As 

discussed in section 2.3.2, the probability that the measured values fall within this 

range is generally >80%.  Such high probabilities are reflected in Figures 2.5 and 2.6 

where the vertical bars depicting the range of feasible solutions cross the 1:1 lines in 

most cases.  For the entire dataset examined, the range of feasible solutions can be 

characterized by the average ratio (AR50±40) of the 90th percentile to 10th percentile, 
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which has been introduced above in section 2.3.2 within the context of presenting 

Figure 2.3.  The range of feasible solutions and AR50±40 are generally highest within 

the spectral bands where the magnitude of the absorption coefficients is lowest, i.e., at 

670 nm for ad(!) and 555 nm for aph(!) among the six example wavelengths being 

considered (Figures 2.5 and 2.6, see also Figure 2.3 for AR50±40).  For ad(!) the AR50±40 

values are typically between 2 and 3 for the six wavelengths except for 670 nm where 

the values are higher.  For aph(!) the AR50±40 values are 1.1 to 1.5 for the six 

wavelengths except for a higher value at 555 nm.0

The results discussed above indicate that our model performs generally very 

well for the global dataset characterized by large variability in the absorption 

properties.  We attribute such good performance primarily to the fact that the model 

does not involve highly restrictive assumptions about the spectral shapes of ad(!) and 

aph(!).  To further demonstrate the potential advantages resulting from relaxing the 

restrictive assumptions about ad(!) and aph(!), it is of interest to compare the 

performance of our model with other models that involve such assumptions.  For the 

purpose of this comparison we selected the BS model to represent the previous 

partitioning models presented in the literature.  One important rationale for this choice 

is that the BS model requires the least restrictive assumptions among previous models 

and was reported to perform better than other models reported in the literature [Varela 

et al., 1998].  In addition, the MBS algorithm in our model builds upon the original 

concept of the BS model but with one major modification associated with the 

relaxation of fixed aph(!) band ratios at four wavelengths.  It is thus useful to quantify 
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the potential improvements of model performance caused by this modification 

compared with the original BS model. 

For this comparison, Table 2.2 includes the error statistics for both our model 

and the BS model as calculated for the same 454 measurements from our field dataset.  

As seen, the partitioning results of the BS model show significantly larger systematic 

and random errors.  For example, the systematic error, as quantified by MR, of the BS 

model-derived ad(443) is +30%, in contrast to only +0.7% of our model-derived 

values.  The systematic error of BS-derived aph(443) is -8.7%, as opposed to only -

0.2% of our model-derived values.  The random components of the error, MPD and 

RMSD, also indicate that the performance of our model is superior to that of the BS 

model.  For instance, MPD is 33.6% and 19.5% for the BS and our model-derived 

values of ad(443), respectively.  The MPD of BS-derived aph(443) is about 10%, 

which is about twice as much as that for our model. 

To provide further insight into the performance of our model in comparison to 

the BS model, we show the MR values along with the first and third quartile ratios 

(QR1 and QR3, respectively) of model-derived values to the measured values of ad(!) 

and aph(!) as a function of light wavelength (Figure 2.7).  These results are also based 

on the same set of 454 measurements.  For our model, the MR values (which are 

equivalent to the second quartile) for the derived-to-measured ratio of ad(!) vary 

within a narrow range of 1 ± 0.02 between 410 nm and about 530 nm (Figure 2.7a).  

With further increase in light wavelength, MR shows a spectral trend to increase up to 

values in the range 1.04 – 1.08 between 550 nm and 640 nm.  For the BS model, MR 

of the derived-to-measured ratio of ad(!) is consistently much higher than 1 and 
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remains around 1.3 between 400 nm and 630 nm.  In the red band of the spectrum, the 

MR values for both models show a local minimum around 670 nm (Figure 2.7a), 

which is about 0.87 and 1.07 for our model and the BS model, respectively. 

The QR1 and QR3 values for ad(!) derived by both models follow a similar 

spectral behavior to the MR values.  The spectral trend observed in Figure 2.7a can be 

attributed primarily to a decrease in the magnitude of ad(!) with increasing 

wavelength.  Such decrease is expected to reduce the performance of the models.  It is 

also important to note that the local minimum in the red portion of the MR spectra for 

ad(!) can be associated with possible deficiencies of the experimental partitioning 

methods.  These deficiencies may result in the influence of residual effects associated 

with phytoplankton pigments on the measured ad(!).  Although the selection of field 

data for our analysis was conducted in such a way that problematic ad(!) spectra with 

such obvious deficiencies were excluded, minor residual effects of pigments can still 

be present in some ad(!) spectra included in our dataset. 

Figure 2.7b shows that the MR values for aph(!) exhibit generally an opposite 

spectral pattern compared with that of ad(!).  For our model, MR for aph(!) is 

essentially 1 throughout the whole spectrum except for wavelengths where the 

magnitude of aph(!) is low, in particular in the green band centered around 570 nm.  

The range defined by the QR1 and QR3 values for aph(!) is quite limited within the 

blue portion of the spectrum (QR1 is ~0.95 and QR3 is ~1.05), as well as within the red 

absorption band of chlorophyll-a (QR1 is ~0.98 and QR3 is ~1.04).  For the BS model, 

the MR values for aph(!) are generally around or lower than 0.9 throughout the whole 

spectrum except for the region of the red absorption peak of aph(!).  In this spectral 
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region the BS model performs quite well as the total particulate absorption coefficient 

is dominated by phytoplankton contribution. 

Our results showing that the BS model generally tends to overestimate ad(!) 

and underestimate aph(!) are consistent with the results reported by Varela et al. 

[1998].  These investigators evaluated the performance of the BS model using field 

data collected in open ocean waters of the Atlantic (42 stations), coastal waters around 

Spain (85 stations), and high-latitude waters in the Southern Ocean (41 stations).  For 

this dataset the systematic error of the BS model-derived ad(440) was about +21% 

relative to the measured values.  The errors for aph(!) are not reported by Varela et al. 

[1998].  Our analysis and the results of Varela et al. [1998] suggest that such 

systematic errors are common for the BS model in its general applications across 

various oceanic environments.  The underlying cause for these errors is associated 

with the predefined constant values of two band ratios of aph(!) in the original BS 

model, i.e. aph(505):aph(380) = 0.99, and aph(580):aph(692.5) = 0.92.  In actuality, these 

band ratios vary considerably.  The mean and median values of these ratios for both 

our global dataset and the dataset used by Varela et al. [1998] are significantly 

different from the constant values assumed in the BS model.  Specifically, for the 454 

measurements in our field dataset, the mean and median values of aph(505):aph(380) 

are 0.81 and 0.77, respectively.  The mean and median values of aph(580):aph(692.5) 

are 1.03 and 0.96, respectively.  We also found that the systematic errors of the BS 

model for our dataset could be substantially reduced by assuming that the two aph(!) 

band ratios equal to the median values of these ratios for the 454 measurements.  

However, this reduction would occur at the expense of significant increase in the 



110 

 

random error.  For instance, whereas the bias of ad(443) would be reduced from 30% 

to 3%, RMSD would increase from 0.0154 m
-1

 to 0.0732 m
-1

 and the correlation 

coefficient R would decrease greatly from 0.963 to 0.422.  These results emphasize the 

weaknesses of assuming constant values for highly variable band ratios of aph(!) in the 

partitioning model. 

In contrast to such assumption, our model employs a different concept that 

allows the determination of a range of feasible solutions corresponding to a range of 

aph(!) band ratios with subsequent identification of optimal feasible solutions based on 

statistical criteria, which is all done for each water sample separately on a case-by-

case basis.  As a result of this approach, our model is able to achieve both lower 

systematic error and lower random error than previous models. 

 

2.5.  Conclusions 

We developed a model for partitioning the total particulate absorption 

coefficient, ap(!), into phytoplankton, aph(!), and non-algal, ad(!), components based 

on the stacked-constraints approach.  Our approach is advantageous over previous 

models because the spectral shapes of model-derived aph(!) and ad(!) are subject to 

only weakly restrictive assumptions in the form of inequality constraints that account 

for a large variability in aph(!) and ad(!) in oceanic environments.  The performance 

of our model was evaluated and compared to the Bricaud and Stramski [1990] model 

(BS model) using a comprehensive global field dataset.  This analysis shows that the 

optimal solutions of our model generally agree well with measurements with 

essentially no or very low systematic error in model-derived aph(!) and ad(!) at most 
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light wavelengths.  Because increased errors occur only within limited portions of the 

spectrum where aph(!) and ad(!) are very low, this feature of model performance is not 

expected to be restraining for most applications.  In contrast to our model, the BS 

model shows much larger errors.  These results indicate that our approach of using 

inequality constraints to relax restrictive assumptions about aph(!) and ad(!) is 

successful.  Also, because earlier analyses showed that the BS model performs better 

than other existing models [Varela et al., 1998], we can conclude that our model 

represents an overall advancement in modeling efforts for partitioning ap(!). 

On the basis of evaluation results, we expect that our model can be applied to 

hyperspectral data of ap(!) collected in most marine environments within the world's 

oceans with robust performance.  Our model can be particularly valuable for 

application to field data of ap(!) collected with instruments such as ac-s [Rhoades et 

al., 2004], a-Sphere [Dana and Maffione, 2006], and PSICAM [Röttgers et al., 2007; 

Wollschläger et al., 2012].  The robust partitioning capability of our model 

complements the efficient data-acquisition capacity of these instruments.  Thus, the 

combination of our model and data from such instruments has the potential to 

significantly extend the observational capabilities to characterize light absorption 

coefficients of phytoplankton and non-algal particles within the world’s oceans. 

It is also noteworthy that one important challenge for partitioning models 

deserves special attention in future research.  This challenge results from considerable 

departures of non-algal absorption spectra from the exponential spectral shape which 

can possibly be accompanied by significant non-algal absorption in the red and near-

infrared part of the spectrum.  Such scenarios can be observed in certain aquatic 
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environments, in particular some coastal and inland environments where mineral 

particles with significant absorption of light represent a substantial component of 

suspended matter.  Further studies are needed to develop the absorption partitioning 

models for such environments. 

Chapter 2, in full, has been submitted for publication as it may appear in 

Journal of Geophysical Research, Oceans 2013, Zheng, Guangming; Stramski, 

Dariusz.  The dissertation author was the primary investigator and author of this paper. 
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2.7.  Figures 

 

  
 

 

Figure 2.1. Flowchart of the model for partitioning the spectral absorption coefficient 

of total particulate absorption coefficient of seawater, ap(!), into phytoplankton, aph(!), 

and non-algal, ad(!), components.  The model includes two major components, the 

modified Bricaud and Stramski [1990] algorithm (MBS algorithm, Step 1 through 3) 

and the stacked-constraints algorithm (Step 4 and 5).  See text in section 2.3 for 

detailed description of the model.   
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Figure 2.2. Empirical determination of the upper boundaries of constraint #5 (a) and 

#7 (b) based on the global field dataset consisting of 505 measurements of absorption 

coefficients.  Dashed lines represent the upper bounds of the two constraints (see text 

and Table 2.1 for details). 
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Figure 2.3. (a) Probability P50±p (solid color lines and the left-hand vertical axis) that 

the actual measured value of non-algal particulate absorption coefficient, ad(!), falls 

within specific ranges of feasible solutions around the median-based optimal solution 

of the partitioning model.  The specific range is defined by the (50-p)-th percentile and 

the (50+p)-th percentile of all feasible solutions, where the 50th percentile is the 

median-based optimal solution of the model and p stands for the percentage value 

ranging from 0 to 50.  For example, p = 40 indicates a range of feasible solutions 

between the 10th and 90th percentiles.  The value of P50±p for a given p is calculated as 

the ratio of the number of cases when the actual measured value of ad(!) falls in 

between the (50-p)-th percentile and the (50+p)-th percentile of feasible solutions, 

divided by the total number of measurements within the entire global field dataset, i.e., 

505 in this study.  The dashed color lines (and the right-hand vertical axis) represent 

the average ratio, AR50±p, of the (50+p)-th percentile to the (50-p)-th percentile of all 

feasible solutions as a function of percentage p.  The AR50±p is calculated as the 

average value on the basis of the entire field dataset.  The results are presented for the 

six example light wavelengths as indicated.  (b) Same as panel (a) but for the 

phytoplankton absorption coefficient, aph(!). 
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Figure 2.4. Example comparisons of measured absorption coefficients and the results 

obtained with the partitioning model for surface seawater samples with particulate 

absorption dominated by: (a) non-algal (detrital) particles in waters of English 

Channel and (b) phytoplankton in waters off Tasmania. 
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Figure 2.5. Comparison of model-derived and measured values of non-algal 

particulate absorption coefficient, ad(!), for six example light wavelengths.  Dark gray 

points indicate the optimal solutions of the model, which were obtained with the use of 

input data of measured total particulate absorption coefficients, ap(!), for 505 

measurements from the global field dataset.  Light gray vertical bars represent the 

range of feasible solutions for all these cases.  The 1:1 relationship is shown as the 

black diagonal lines. 
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Figure 2.6. Same as Figure 2.5 but for the phytoplankton absorption coefficient, 

aph(!). 
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Figure 2.7. (a) The spectral dependence of the median ratio, MR (solid black line), of 

our model-derived optimal solutions to the measured values of the non-algal 

particulate absorption coefficient, ad(!), as determined by the application of the model 

to 454 absorption measurements from the global field dataset.  The MR curve is 

accompanied by similar curves but representing the first and third quartile ratios, QR1 

and QR3 (dashed black lines), of our model-derived to measured values of ad(!).  For 

comparison, the ratios MR (solid gray line), QR1, and QR3 (dashed gray lines) of the 

BS model-derived to measured values of ad(!) are also shown.  (b) Same as panel (a) 

but for the phytoplankton absorption coefficient, aph(!).  The thin horizontal gray lines 

corresponding to the ordinate of 1 represent no bias for the model-derived values 

relative to the measured values. 
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2.8.  Tables 

 

Table 2.1. Inequality constraints used in the partitioning model.  Normalized 

phytoplankton absorption coefficient aph,n(!) is calculated as aph(!)/aph(443). 
 

Constraints Physical meaning 

#1 0 < aph(412)/aph(443) < 10 The band ratio of phytoplankton 

absorption characterizing changes 

within the short-wavelength portion of 

the blue absorption maximum. 

#2 0 < aph(510)/aph(490) < 1 The band ratio of phytoplankton 

absorption characterizing changes 

within the blue-green portion of the 

spectrum. 

#3 0.005 nm
-1

 < Sd < 0.018 nm
-1

 The spectral slope of exponential 

spectrum of non-algal particulate 

absorption. 

#4 0.74 < aph(467)/aph(412) < 1.54 The band ratio of phytoplankton 

absorption involving both sides of the 

blue absorption maximum. 

#5 aph(467)/aph(412) < 

ap(467)/ap(412) + 0.38 

Similar to constraint #4 but the upper 

boundary is defined in terms of the 

band ratio of total particulate 

absorption. 

#6 1.3 < aph(510)/aph(555) < 10 The band ratio of phytoplankton 

absorption within the green spectral 

region where the absorption values 

approach the minimum. 

#7 aph(510)/aph(555) < 

2.3 ap(510)/ap(555) – 1.3 

Similar to constraint #6 but the upper 

boundary is defined in terms of the 

band ratio of total particulate 

absorption. 

#8 1.4 < aph(443)/aph(670) < 6.8 The band ratio of phytoplankton 

absorption involving the blue and red 

maxima.0
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Table 2.1 continues 

Constraints Physical meaning 

#9 0.1 ap(412)/ap(443) < 

ad(412)/ap(412) < 0.7 

ap(412)/ap(443) 

Changes in the contribution of non-

algal particulate component to total 

particulate absorption at 412 nm 

constrained with the ratio of total 

particulate absorption at two bands, 412 

nm and 443 nm. 

#10 0.003 nm
-1

 < [aph,n
 
(510) - aph,n

 

(555)]/(555 - 510) < 0.0087 nm
-10

The linear slope of normalized 

phytoplankton absorption coefficients 

between 510 nm and 555 nm. 

#11  < 1.28 The ratio of integrals of phytoplankton 

absorption coefficient with the 

integration intervals corresponding to 

the spectral region where 

phytoplankton generally exhibits 

minimum absorption (550 nm to 630 

nm) and the spectral region that 

encompasses the red absorption 

maximum (650 nm to 700 nm). 

#12 
 > 2 

The ratio of integrals of phytoplankton 

absorption coefficient with the 

integration intervals corresponding to 

the spectral region with typically 

significant role of accessory pigments 

(450 nm to 490 nm) and the spectral 

region where phytoplankton generally 

exhibits very low or minimum 

absorption (510 nm to 550 nm). 

 

> -0.0047 nm
-1

 

#13 

The difference between the absolute values of linear slopes of normalized 

phytoplankton absorption coefficient within the long-wavelength portion 

(first term) and the short-wavelength portion (second term) of the blue 

absorption maximum. 
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Table 2.2. Summary of error statistics for selected output variables of our partitioning 

model and the Bricaud and Stramski [1990] (BS) model.  The value of R is the 

correlation coefficient between the model-derived and measured values.  The MR is 

the median ratio of model-derived to measured values and SIQR is the semi-

interquartile range for this ratio calculated as SIQR = (QR3 – QR1)/ 2, where QR1 is the 

1st quartile and QR3 is the 3rd quartile of this ratio.  The MPD is the median absolute 

percent difference calculated as the median of the individual absolute percent 

differences PDi = 100 |Yi – Xi| / Xi where Yi are the model-derived and Xi are the 

measured values.  The RMSD is the root mean square deviation between the model-

derived and measured values calculated as RMSD = [N
-1
&(Yi – Xi)

2
]

1/2
, with the 

summation from i = 1 to N.  N is the number of observations used for deriving the 

error statistics.  The model-derived values involved in the calculations of error 

statistics for our model refer to the optimal solutions.  In total 454 measurements of 

ap(!) spectra were used as input to both models for calculating the presented statistical 

parameters.  Our model found feasible solutions for 447 measurements and the BS 

model found solutions for 439 measurements. 

 

Variable Model R MR 
SIQR 

(%) 

MPD 

(%) 

RMSD 

(m
-1

) 
N 

ad(443) SCM 0.985 1.007 20.28 19.49 0.00686 447 

 BS  0.962 1.301 31.53 33.60 0.0151 439 

aph(443) SCM 0.995 0.998 4.87 4.94 0.00686 447 

 BS 0.988 0.911 7.94 9.96 0.0151 439 

ad(670) SCM 0.907 0.872 29.55 31.56 0.00163 447 

 BS 0.791 1.074 52.87 44.31 0.00283 439 

aph(670) SCM 0.999 1.010 2.70 2.37 0.00163 447 

 BS 0.998 0.994 4.19 3.65 0.00283 439 
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Chapter 3.  Evaluation of the Quasi-Analytical Algorithm for Estimating the 

Inherent Optical Properties of Seawater from Ocean Color: Comparison of 

Arctic and Lower-Latitude Waters 

 

 

3.0.  Abstract 

We evaluated the performance of the Quasi-Analytical Algorithm (QAA) for 

deriving the spectral total absorption, a(!), and backscattering, bb(!), coefficients of 

seawater from input spectrum of remote-sensing reflectance, Rrs(!), using field data 

collected in the Arctic and lower-latitude open waters from the Atlantic and Pacific 

Oceans.  We found that the performance of QAA for estimating a(!) varies from very 

good to fair (bias on the order of ~10%) depending on light wavelength and the 

oceanic region.  For bb(!), the QAA typically shows overestimation from small to as 

large as about 35%.  The overestimation of bb(!) is found to be attributable to the 

failure of QAA to account for Raman scattering effect, which is important for 

relatively clear waters.  We also did a sensitivity analysis to identify major sources of 

errors for output variables a(!) and bb(!).  The results show that, for both Arctic and 

lower-latitude data, the parameter u ["bb/(a+bb)] at the reference wavelength of 555 

nm generally contributes the most significant bias to bb(!) at all wavelengths within 

the spectrum of visible light, whereas the interplay between u(555) and u(!) generally 

dominates the errors of QAA-derived a(!) except for the reference wavelength.  At 

short wavelengths, QAA-derived power spectral slope, $, of the particulate 

backscattering coefficient, bbp(!), as well as the choice of formula for calculating the 
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pure water backscattering coefficient, bbw(!), are also important sources of bias for 

both bb(!) and a(!).  The latter source is particularly important in clear waters.  Our 

findings provide guidance for future efforts towards refinement of the QAA and 

potentially also development of other inverse models. 

 

3.1.  Introduction 

The Arctic environment has been experiencing some of the most rapid change 

on Earth in the last few decades [Arctic Climate Impact Assessment, 2004].  The 

environmental changes in the Arctic are supported by various observations such as sea 

ice retreat [e.g. Stroeve et al., 2007; Kwok and Rothrock, 2009], increase of river 

discharge [Peterson et al., 2002], and permafrost melting [Arctic Climate Impact 

Assessment, 2004].  These changes are expected to alter the ecosystem and 

biogeochemical cycles in the Arctic Ocean (e.g. [Frey and McClelland, 2009; Li et al., 

2009; Arrigo et al., 2012]).  It is of interest to study the ecosystem response and 

feedback to the environmental change, but such studies require large sampling efforts 

in this region.  Remote sensing of ocean color has the potential to be a powerful tool 

for monitoring critical components of the ecosystem, e.g., phytoplankton, detritus, and 

colored dissolved organic matter (CDOM).  However, one of important prerequisites 

is the availability of appropriate inverse algorithms for estimating the inherent optical 

properties of seawater and associated seawater constituents from remotely sensed 

spectral reflectance of the ocean.  In view of anticipated future increase in the sea ice 

melt and areas of ice-free waters, optical remote-sensing of the Arctic waters can 

become even more useful in the future than today. 
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In addition to several limiting factors occurring in the Arctic such as sea ice, 

cloud cover, relatively low sun angle, and polar night, the application of ocean color 

remote sensing is challenging at these high polar latitudes because Arctic waters are 

optically complex, especially within the shelf regions.  These regions receive 

significant terrestrial input of CDOM and suspended particulate matter.  The Arctic 

Ocean is surrounded by a large watershed that is about 1.5 times the size of its own 

surface area.  This oceanic basin accounts for 2.5% of global ocean in area, 1% of 

global ocean in volume, but receives 11% of global river discharge [Shiklomanov, 

1993].  As a result, the Arctic Ocean is the most land-affected ocean on Earth, and so 

are its optical properties.  Another process that adds complexity to the optical 

properties of the Arctic is the transport of particulate matter with sea ice movement.  

Sea ice redistributes significant loads of particulate matter from shelf regions to 

central Arctic [Nürnberg et al., 1994].  During melt season, sediments contained in 

“dirty” ice can substantially change the optical properties of open waters in the Arctic.  

As a result, the optical properties of the Arctic waters are quite different from those of 

the lower latitudes [e.g., Mitchell and Holm-Hansen, 1991; Stramska et al., 2003; 

Wang and Cota, 2003; Matsuoka et al., 2007; 2011]. 

The optical complexity of Arctic waters imposes significant challenges for the 

development of adequate inverse reflectance algorithms.  Current inverse reflectance 

algorithms have been typically developed for lower-latitude waters.  Therefore, the 

accuracy of these algorithms must be thoroughly evaluated and the algorithms refined, 

if necessary, before they can be reliably applied to the Arctic waters.  Progress has 

been made for refining the estimation of chlorophyll-a concentration from ocean 
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reflectance in the Arctic waters [e.g., Cota et al., 2004; Matsuoka et al., 2007].  

However, the study of marine ecosystems requires monitoring of many other 

parameters in addition to chlorophyll-a such as the concentrations of dissolved and 

particulate organic carbon.  The seawater constituents are tightly linked to the inherent 

optical properties of seawater which characterize the absorption and scattering of light 

by seawater.  Therefore, inverse reflectance models or algorithms that use the 

measured ocean reflectance as input to derive the inherent optical properties of 

seawater that have the dominant effect on variations in ocean reflectance, specifically 

the spectral absorption, a(!), and spectral backscattering, bb(!), coefficients of 

seawater are essential tools in applications of ocean color remote sensing.  Example 

inverse models that have been in use include the Quasi-Analytical Algorithm (QAA) 

[Lee et al., 2002], the Garver-Siegel-Maritorena model (GSM) [Maritorena et al., 

2002], the Loisel and Stramski [2000] model, and the model by Smyth et al. [2006].  

Wang and Cota [2003] showed that GSM-derived particulate backscattering 

coefficient, bbp, at 443 nm is overestimated by 23% compared with measured data 

collected in the Chukchi and western Beaufort Seas, while errors in GSM-derived 

absorption coefficient of the non-phytoplankton materials, adg, i.e., detritus plus 

CDOM, are even larger.  Matsuoka et al. [2007] compared QAA-derived and 

measured total absorption coefficient a(!) using field data collected in the Chukchi 

and western Beaufort Seas.  They concluded that the QAA-derived a(!) correlates 

well with measurements, and speculated that model-derived particulate backscattering 

bbp(!) can be trusted in this region.  However, field datasets employed in these studies 

are either small in size or lacking concurrent measurements of important parameters 
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required for a comprehensive analysis.  Consequently, conclusions based on the 

analysis of such limited datasets provide limited information about the performance of 

inverse reflectance models and limited guidance as regards the actual applicability of 

these models in the Arctic waters. 

Recently, a large set of field data with concurrent measurements of both 

inherent optical properties (IOPs) and radiometric quantities that enable 

determinations of apparent optical properties (AOPs) including the reflectance of the 

ocean were collected in the Chukchi and Beaufort Seas during three oceanographic 

cruises, the French-Canadian expedition MALINA (MAckenzie LIght aNd cArbon) in 

2009, and the US expeditions ICESCAPE (Impacts of Climate on the Eco-Systems 

and Chemistry of the Arctic Pacific Environment) in 2010 and 2011.  To our 

knowledge, the collected data form the most comprehensive bio-optical dataset from 

the Arctic region to date.  Using this dataset, in this study we evaluated the 

performance of QAA for these Arctic waters.  We have chosen to evaluate the QAA 

because this is one of the most widely used inverse algorithms for ocean color 

applications and is included in the standard codes for processing satellite ocean color 

data as part of NASA's SeaDAS (SeaWiFS Data Analysis System, 

http://seadas.gsfc.nasa.gov/).  This model derives the total absorption, a(!), and 

backscattering, bb(!), coefficients from reflectance measurements, and also includes a 

capability for partitioning a(!) into phytoplankton, aph(!), and non-phytoplankton, 

adg(!), components.  In our evaluation analysis, we quantified errors in the QAA-

derived a(!) and bb(!) and also identified and quantified major error sources for the 

model outputs.  We also compared the results characterizing the performance of the 
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model for the Arctic data with those from lower-latitude open waters of the Atlantic 

and Pacific Oceans.  This comparison provides additional insights into the factors 

controlling the performance of QAA in various oceanic waters differing in their 

optical properties.  As part of our analysis, we also evaluated the performance of the 

second part of QAA that partitions a(!) into aph(!) and adg(!) components and 

compared these results with the performance of our recently developed partitioning 

model [Zheng and Stramski, 2013].  Our findings have important implications for an 

understanding of performance of QAA and potential refinements of this and other 

inverse models for applications within the world’s ocean including high-latitude 

Arctic waters. 

 

3.2.  Field Data of Inherent and Apparent Optical Properties 

In the present study we use field data of inherent and apparent optical 

properties of the ocean collected in Arctic and lower-latitude waters.  The Arctic data 

were collected mostly within the shelf areas with smaller number of data collected in 

open waters within the Arctic basin.  The data from lower latitudes were collected 

mostly in oligotrophic and mesotrophic waters of the eastern South Pacific and eastern 

Atlantic Oceans.  The lower-latitude data were also collected at a few stations in 

eutrophic waters within the coastal upwelling zone off Chile. 

The ocean optical properties are generally quite different for the Arctic and 

lower-latitude waters.  For instance, the remote-sensing reflectance at 443 nm, 

Rrs(443), ranges between 0.000965 and 0.00454 sr
-1

 for the Arctic dataset and between 

0.00221 and 0.0171 sr
-1

 for the lower-latitude dataset.  The total absorption 
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coefficient, a(443), is within the range 0.0331–0.444 m
-1

 for the Arctic dataset and 

0.00906–0.142 m
-1

 for the lower-latitude dataset.  The total backscattering coefficient, 

bb(443), ranges between 0.00257 and 0.0394 m
-1

 for the Arctic dataset and between 

0.00237 and 0.00621 m
-1

 for the lower-latitude dataset.  The exponential spectral 

slope, S, of non-phytoplankton absorption coefficient, adg(!), varies from 0.00995 to 

0.0221 nm
-1

 for the Arctic data, and from 0.00958 to 0.0207 nm
-1

 for the lower-

latitude data, so these ranges are similar to one another.  The power spectral slope of 

total backscattering coefficient, bb(!), varies from 0.416 to 3.72 in the Arctic, and 

from 1.60 to 3.68 in lower-latitude waters.  The utilization of data from both high-

latitude and low-latitude marine environments provides a basis for a comprehensive 

evaluation of the QAA model. 

The Arctic data were collected during three oceanographic cruises (Figure 3.1).  

In July-August 2009 the French-Canadian expedition MALINA was conducted 

onboard CCGS Amundsen in the Beaufort Sea.  In June-July of 2010 and 2011 the 

cruises onboard USCGS Healy took place in the Chukchi Sea as part of the US 

program ICESCAPE.  For the MALINA cruise, we excluded from our considerations 

the data collected at 11 stations in highly turbid waters in the vicinity of the 

Mackenzie River mouth.  After excluding these stations totally dominated by river 

discharge, we have in total 77 stations in our final Arctic dataset, which includes 26 

stations from MALINA and 51 stations from ICESCAPE.  The majority of stations 

(75 out of 77) provide concurrent determinations of both IOPs and AOPs, including 

hyperspectral measurements of absorption coefficients of particulate and colored 

dissolved organic matter, multispectral measurements of backscattering coefficients, 
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and multispectral data of remote-sensing reflectance.  This MALINA/ICESCAPE 

dataset represents the largest set of optical measurements conducted so far in the 

Arctic Ocean in terms of the number of stations that have concurrent determinations of 

these optical properties with consistent methodology.  This feature of the dataset is 

particularly important for pursuing our goal of thorough and robust evaluation of 

performance of QAA. 

The lower-latitude field data were collected during two cruises; one in open 

waters of the eastern South Pacific and the other in the eastern Atlantic Ocean.  The 

BIOSOPE expedition in the Pacific was conducted onboard French R/V l’Atalante 

from October through December, 2004.  Details about oceanographic work conducted 

on this cruise, which are most relevant to this study, can be found elsewhere [Stramski 

et al., 2008; Bricaud et al., 2010].  The ANT-XXIII/1 expedition in the Atlantic was 

conducted onboard German R/V Polarstern in October - November, 2005 [see 

Stramski et al., 2008 for relevant details].  In total 54 lower-latitude stations are 

selected for the present study including 30 BIOSOPE stations and 24 ANT-XXIII/1 

stations.  Concurrent determinations of remote-sensing reflectance, absorption 

coefficients, and backscattering coefficients are available at 39 stations. 

 

3.2.1.  Absorption Coefficients of Seawater Constituents 

The evaluation of QAA requires measurements of spectral absorption and 

backscattering coefficients of surface seawater.  Determinations of spectral absorption 

coefficient of seawater and its constituents essentially involves direct measurements of 

three quantities, namely the particulate absorption coefficient, ap(!), the non-algal 
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particulate (also referred to as detritus) absorption coefficient, ad(!), and the 

absorption coefficient of CDOM (also known as gelbstoff or yellow substance), ag(!).  

All these coefficients in our dataset were measured within the spectral range from 

200–300 nm to 735–850 nm with high spectral resolution of 1 nm. 

Based on these directly measured quantities, the spectral total absorption 

coefficient of seawater, a(!), is calculated as the sum of ap(!), ag(!), and the 

absorption coefficient of pure seawater, aw(!), which is assumed to be known.  In our 

study the values of aw(!) are taken from the study of Pope and Fry [1997].  The 

phytoplankton absorption coefficient, aph(!), is calculated by subtracting the non-algal 

particulate component, ad(!), from total particulate absorption, ap(!).  The total non-

phytoplankton absorption coefficient, adg(!), is calculated as the sum of ad(!) and 

ag(!).  Below we describe methods and procedures of data acquisition and processing 

for the three directly measured absorption coefficients. 

Spectra of particulate absorption coefficient, ap(!), were measured 

spectrophotometrically for discrete water samples collected with CTD rosette during 

all cruises using the quantitative filter-pad technique [e.g., Mitchell et al., 2002] but 

with some important methodological differences between the Arctic and lower-latitude 

cruises.  For the MALINA and ICESCAPE cruises, ap(!) was obtained by measuring 

the spectral absorbance [i.e., optical density, OD(l)] of sample GF/F filters positioned 

inside an integrating sphere of the spectrophotometer.  The inside-sphere setup is a 

recent advancement towards a goal of determining the absorption coefficient of 

particles with the highest possible accuracy [Babin and Stramski, 2002; Röttgers and 

Gehnke, 2012].  For the lower-latitude cruises, ap(!) was measured with traditional 
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set-up of the filter-pad technique.  Specifically, the transmittance (T) filter-pad 

technique [e.g., Mitchell, 1990; Mitchell et al., 2002] was used on the BIOSOPE 

cruise and the transmittance-reflectance (T-R) filter-pad technique [Tassan and 

Ferrari, 1995, 2002] was used on the ANT-XXIII/1 cruise.  Details about methods of 

ap(!) measurement for these two cruises can be found in Bricaud et al. [2010] and 

Torrecilla et al. [2011]. 

To convert the measured spectral optical density, OD(l), of particles retained 

on the filters into the particulate absorption coefficients, the same formula to correct 

for pathlength amplification factor (typically referred to as b factor) was used for all 

three Arctic cruises.  The formula is OD(l)suspension = 0.3233 OD(l)filter
1.0877

, where 

OD(l)suspension is the optical density that would be measured if particles were in a 

hypothetical suspension without being subject to multiple-scattering effects, and 

OD(l)filter stands for the measured optical density of particles retained on the filter.  

This formula was determined based on experiments with six diverse particle samples 

in the Stramski's Ocean Optics Research Laboratory at Scripps Institution of 

Oceanography (data unpublished).  These samples are: (i) coastal water sampled from 

the pier of the Scripps Institution of Oceanography, San Diego; (ii) coastal water 

sampled from the Imperial Beach Pier in San Diego; (iii) surface water sampled 

offshore San Diego; (iv) a red tide water sampled off the Scripps Institution of 

Oceanography during a bloom of Lingulodinium polyedrum; (v) particle-rich ice 

sample collected in the Chukchi Sea in the Arctic; and (vi) mixed phytoplankton 

cultures containing four species (Nannochloropsis sp., Chlorella vulgaris, 

Thalassiosira pseudonana, and Porphyridium sp.).  Other formulas correcting for the 
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!-factor were used for the BIOSOPE [Allali et al., 1997; Bricaud and Stramski, 1990] 

and ANT-XXIII/1 [Stramska et al., 2006] data from lower latitudes. 

Spectra of non-algal particulate absorption coefficient, ad(!), were measured 

on the same sample filters as ap(!) after subjecting the filters to cold methanol 

extraction [Kishino et al., 1985], except for samples from ANT-XXIII/1 which were 

bleached with sodium hypochlorite [Ferrari and Tassan, 1999].  After measuring the 

OD(l) values for non-algal particulate component, spectral smoothing, and conversion 

to absorption coefficient ad(!), the spectra of ap(!) and ad(!) were further processed by 

making infrared-baseline adjustment.  These adjustments were made on the basis of 

assumptions that differ between the different experimental setups.  For the Arctic data 

obtained with inside-sphere measurements, the spectrum of ad(!) was shifted with an 

offset to ensure that the average value of measured ad(!) within the spectral range of 

800–820 nm is equal to the average value of corresponding ap(!) in this spectral range.  

The spectrum of ap(!) remained unchanged.  For BIOSOPE data obtained with a T 

technique, the so-called “null-point” correction was applied to both ap(!) and ad(!) 

spectra so that the magnitudes of both spectra in the infra-red are zero [e.g., Mitchell et 

al., 2002].  For ANT-XXIII/1 data obtained with a T-R technique, the spectrum of 

ad(!) was processed in a similar way to the Arctic data, except for using a spectral 

range of 840–850 nm as a basis for adjusting the values of ad(!) so that they equal to 

ap(!) at these near-infrared wavelengths.  Making different infrared-baseline 

adjustments is justifiable in view of different experimental setups.  For the inside-

sphere and T-R measurements the unwanted baseline variations and scattering errors 

are assumed to be very small or negligible, so that the typically low absorption signal 



137 

 

in the infrared can still be trusted as good estimate of true absorption.  In contrast, for 

the T measurements the samples were positioned outside the integrating sphere which 

often implies significant scattering error or other uncertainties associated with 

uncontrolled variations in baseline obtained with a blank filter.  Therefore, for the T 

set-ups the null-point correction is deemed to be the most reasonable approach, which 

is simply based on the assumption that particles do not absorb in the near-infrared 

portion of the spectrum.  It is important to note, however, that while this assumption is 

expected to be usually acceptable in open ocean waters, it can fail in waters rich in 

absorbing mineral particles such as some waters in the Arctic [e.g., Babin and 

Stramski, 2002; 2004].  Therefore, using the inside-sphere set-up for absorption 

measurements in the Arctic was especially important for achieving the best possible 

quality of particulate absorption data. 

Spectra of CDOM absorption coefficient, ag(!), were measured mostly with an 

UltraPath instrument (World Precision Instruments, Inc., see [Bricaud et al., 2010; 

Matsuoka et al., 2012]), except for samples from ANT-XXIII/1, which were measured 

with a PSICAM instrument [Röttgers et al., 2005; Röttgers and Doerffer, 2007].  Both 

UltraPath and PSICAM provide determinations of ag(!) with sufficient signal-to-noise 

ratio for short-wavelength portion of spectrum (less than about 550 nm) so that an 

exponential fit to the spectrum of ag(!) is unnecessary.  At longer wavelengths, 

however, there are some artifacts in measured spectra of ag(!), which are likely caused 

by variations in the baseline absorption of pure water.  To avoid these experimental 

imperfections, we fitted the measured spectral values from 400 nm to ~550 nm with an 

exponential function of wavelength with the sole purpose of adopting the values from 



138 

 

the fitted function only for wavelengths longer than ~550 nm.  The final spectra of 

ag(!) were obtained by seamlessly merging the original measured spectral values at 

wavelengths shorter than ~550 nm with the fitted spectral curve within the 

extrapolation range of longer wavelengths. 

 

3.2.2.  Backscattering Coefficient of Seawater 

The spectral backscattering coefficient of seawater, bb(!), was measured with 

in situ instruments deployed in a vertical profiling mode.  On the BIOSOPE, ANT-

XXIII/1, and MALINA cruises, these determinations were made from measurements 

with a HydroScat-6 and two a-%eta sensors (HOBI Labs, Inc.).  These sensors are 

arranged in a geometry that provides a measurement of the spectral volume scattering 

function at the scattering angles centered at 140°, %(140°, !) [Maffione and Dana, 

1997].  The HydroScat-6 provided measurements at six wavebands (nominal 

wavelengths of 442, 470, 550, 589, 620, and 671 nm) and the a-%eta sensors at one 

waveband each (420 and 510 nm).  The 620-nm band failed to operate correctly on the 

BIOSOPE cruise.  On the two ICESCAPE cruises, the determinations of bb(!) were 

made from measurements with two HydroScat-6 instruments.  One instrument 

included the wavebands centered at 420, 470, 532, 550, 640, and 730 nm, and the 

other included 394, 442, 510, 550, 589, and 852 nm.  The 550-nm band is common for 

both instruments and the 442-nm band failed to work properly on the ICESCAPE 

cruise in 2010. 

Calculations of the spectral backscattering coefficient from measured raw data 

for all five cruises were made with the procedure similar to that described by Stramski 
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et al. [2008].  Specifically, the bb(!) coefficient was calculated from the measured 

spectral volume scattering function at 140°, %(140°, !), using the relation: bb(!) = 

bbp(!) + bbw(!) = 2&' [ %(140°, !) – %w(140°, !) ] + bbw(!), where the non-dimensional 

parameter ' is chosen to be 1.13 for each wavelength and %w(140°, !) is the spectral 

volume scattering function of pure seawater at 140°. 

The required input parameters of %w(140°, !) and bbw(!) for calculating total 

bb(!) are estimated from theoretical formulas that take into account the effects of 

temperature and salinity on scattering by pure seawater.  First, the formula proposed 

by Buiteveld et al. [1994] was used to calculate scattering of pure freshwater (i.e., 

salinity S = 0) as a function of water temperature T.  The pure seawater scattering can 

then be calculated for any salinity using the multiplicative adjustment factor of 

[1+0.3S/37] [Twardowski et al., 2007].  These calculations were made using measured 

values of T and S from CTD measurements.  The calculations of pure water scattering 

involve an assumption about the value of the depolarization ratio ( for water 

molecules.  The ratio ( was assumed to be 0.039 for processing the Arctic data, which 

is recommended by Jonasz and Fournier [2007] on the basis of the study by Farinato 

and Rowell [1976].  The lower-latitude data were processed several years ago with ( = 

0.051 [Stramski et al., 2008], which is consistent with the original formulas for pure 

water scattering given by Buiteveld et al. [1994].  The bbw values estimated using ( = 

0.051 are ~2.1% higher than those using ( = 0.039 in the visible spectral region at T = 

21ºC, which is the average temperature between the highest and lowest values for our 

lower-latitude samples. 



140 

 

For each waveband, backscattering data also require a correction for 

attenuation of light (so-called “)-correction”).  The correction was made at each 

wavelength by multiplying the particulate volume scattering function at 140°, %p(140°, 

!), by a factor )(!) calculated as )(!) = K1 exp[Kbb(!) Kexp(!)], where K1 and Kexp(!) 

are instrument-specific calibration constants provided by the factory, and the only 

unknown Kbb(!) is parameterized as the sum of three components, ap(!) + ag(!) + 

0.4bp(!), where bp(!) is the spectral particulate scattering coefficient.  For BIOSOPE 

and MALINA, the coefficients of ap(!), ag(!), and bp(!) were obtained from 

measurements with ac-9 instruments (Wetlabs Inc.).  For ANT-XXIII/1 and 

ICESCAPE, the estimation of )(!) involves a few more steps.  In the first step, the 

absorption coefficients ap(!) and ag(!) at the wavelengths of bb(!) measurements were 

sub-sampled from hyperspectral measurements obtained at a few discrete sampling 

depths where absorption measurements were made.  The spectral beam attenuation 

coefficient, c(!), was estimated by fitting a power function to measurements with C-

star transmissometers (Wetlabs Inc.) at 488 and 660 nm.  Then the scattering 

coefficient bp(!) was calculated by subtracting ap(!), ag(!), and pure seawater 

attenuation coefficient, cw(!), from c(!).  These estimates allow calculation of )(!) at 

discrete depths where hyperspectral measurements of absorption coefficients were 

made.  In the second step, a regression analysis was made at each wavelength of bb(!) 

measurements to establish a relationship between ) and the beam attenuation 

coefficient of particles plus CDOM, cpg, both calculated in the previous step.  This 

relationship was used to calculate )(!) from cpg(!) obtained from measurements with 
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beam transmissometers, and then %p(140°, !) was corrected with these )(!) values for 

all depth profiles of bb(!, z). 

After calculation of )-corrected bb(!, z), the profile data were split into down- 

and upcasts, inspected for quality, smoothed, and averaged into depth bins (0.5 or 1 

m).  Because strong gradients of IOPs or significant fluctuations in the measured 

signal were often observed at very shallow depths, the data from the near-surface layer 

were not used in subsequent analysis.  Surface values of bb(!) were determined for 

each cruise by averaging the data over the depth range of 4-6 m for BIOSOPE and 6-8 

m for ANT-XXIII/1.  For the Arctic cruises, the depth interval for data averaging was 

typically 2-3 m thick and the depth range varied between 1.5 and 5.5 m depending on 

where the CTD rosette bottles were triggered within the near-surface layer.  Such a 

choice ensures that the depths involved in the determination of final surface estimates 

of bb(!) are consistent with the near-surface depth of discrete water samples at which 

the absorption coefficients were measured.  Such consistency is particularly important 

for some stations visited during the Arctic cruises where a strong near-surface gradient 

in vertical profiles of inherent optical properties of seawater was observed. 

 

3.2.3.  Radiometric Quantities and Remote-Sensing Reflectance 

The QAA model requires input of spectral remote-sensing reflectance just 

above sea surface, Rrs(!), which is defined as the ratio of water-leaving radiance from 

nadir direction, Lu(!, z=0
+
)"Lw(!), to the downwelling plane irradiance just above sea 

surface, Ed(!, z=0
+
)"Es(!).  On the BIOSOPE cruise, Rrs(!) was determined from 

direct shipboard above-water measurements of Es(!), and underwater measurements of 
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upwelling nadir radiance at a depth of 0.2 m, Lu(!, z=0.2 m), made with a 

hyperspectral radiometer (HyperPro, Satlantic, Inc.).  Measurements were made over 

the spectral region 380–800 nm with a spectral resolution of 3.3 nm.  Measurements of 

the upwelling radiance Lu(!, z=0.2 m) were propagated to just below sea surface to 

obtain the quantity, Lu(!, z=0
–
), using an iterative approach that estimates the spectral 

diffuse attenuation coefficient from spectral ratios of measured radiance.  Computed 

values of upwelling radiance just below sea surface, Lu(!, z=0
–
), were then propagated 

through the sea surface to obtain the water-leaving radiance, Lw(!), using the relation 

Lw(!)/Lu(!, z=0
–
) = 0.54, which takes into account the effects of Fresnel reflectance 

and a change in solid angle at the water-air interface. 

On the ANT-XXIII/1, MALINA, and ICESCAPE cruises, Rrs(!) was 

determined from measurements of underwater vertical profiles of upwelling radiance, 

Lu(!, z), and downwelling irradiance, Ed(!, z), with freefall spectroradiometers.  On 

the ANT-XXIII/1 cruise, a SeaWiFS Profiling Multichannel Radiometer (SPMR, 

Satlantic, Inc.) was used, which provides 13 spectral wavebands centered at 339, 380, 

412, 442, 470, 490, 510, 532, 555, 590, 620, 666, and 682 nm.  On the MALINA 

cruise, a Compact-Optical Profiling System (C-OPS, Biospherical Instrumentation, 

Inc.) provided measurements at 18 spectral wavebands centered at 320, 340, 380, 395, 

412, 443, 465, 490, 510, 532, 555, 560, 625, 665, 670, 683, 710, and 780 nm.  On the 

ICESCAPE cruises, a Profiling Reflectance Radiometer (PRR, Biospherical 

Instrumentation, Inc.) was used to measure the vertical radiometric profiles at 18 

spectral wavebands centered at 313, 320, 340, 380, 395, 412, 443, 465, 490, 510, 520, 

532, 555, 565, 589, 625, 665, and 710 nm. 
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The radiometric measurements and data processing were consistent with 

methods described in NASA protocols [Mueller et al., 2003].  Profiles were visually 

inspected for quality, and the data were binned into depth intervals ranging from 0.1 to 

1 m depending on the cruise.  A depth range within the upper mixed layer (typically 

5–20 m for the ANT-XXIII/1 cruise and 1–7 m for the ICESCAPE cruises) was then 

selected as a basis for extrapolation of Lu(!, z) and Ed(!, z) to immediately beneath the 

sea surface using the vertical attenuation coefficients for upwelling radiance, KLu(!), 

and downwelling irradiance Kd(!).  The estimates of Lu(!, z=0
–
) and Ed(!, z=0

–
) just 

beneath the surface were propagated through the surface to yield the above-water 

estimates of downward irradiance, Es(!,), and water-leaving radiance, Lw(!).  The 

effective coefficients for propagating Ed(!, z=0
–
) and Lu(!, z=0

–
) through the water-air 

interface for the ANT-XXIII/1 and ICESCAPE cruises were: Es(!)/Ed(!, z=0
–
) = 

1/0.957 and Lw(!)/Lu(!, z=0
–
) = 0.5425.  For the MALINA cruise, these coefficients 

were: Es(!)/Ed(!, z=0
–
) = 1/0.97 and Lw(!)/Lu(!, z=0

–
) = 0.54.  The latter is the same 

as that used for BIOSOPE data processing. 

In the final step of computations, the spectral remote-sensing reflectance just 

above the sea surface was obtained as Rrs(!) = Lw(!)/Es(!).  With the assumptions for 

the transmittance coefficients of irradiance and radiance across the sea surface, the 

relationship between Rrs(!) and its counterpart reflectance just below the surface is: 

Rrs(!) = 0.519 Lu(!, z=0
–
)/Ed(!, z=0

–
) for the ANT-XXIII/1 and ICESCAPE cruises, 

and Rrs(!) = 0.524 Lu(!, z=0
–
)/Ed(!, z=0

–
) for the MALINA cruise.  The difference in 
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the final estimates of Rrs(!) resulting from the use of values of 0.519 and 0.524 is only 

~0.9%. 

 

3.3.  Description of the Quasi-Analytical Algorithm 

The Quasi-Analytical Algorithm (QAA), originally developed by Lee et al. 

[2002], is a semi-analytical model that derives IOPs such as the spectral absorption, 

a(!), and backscattering, bb(!), coefficients of seawater from spectral remote-sensing 

reflectance Rrs(!).  The model has been updated several times in the past with 

modifications in some empirical equations that relate Rrs(!) to IOPs [e.g. Lee et al., 

2007].  The present study focuses on the most recent version, v5, of the model [Lee et 

al., 2010; 2011] (see full description of the model at 

http://www.ioccg.org/groups/Software_OCA/QAA_v5.pdf). 

A simplified flowchart of QAA(v5) is shown in Figure 3.2.  The model 

consists of two main parts: part I that derives the coefficients of total absorption a(!) 

and total backscattering bb(!) from Rrs(!), and part II that partitions a(!) into 

phytoplankton, aph(!), and non-phytoplankton, adg(!), components.  The main purpose 

of this flowchart is to illustrate the general structure of QAA and aid in identifying the 

error sources for output variables.  We emphasize that this flowchart is simplified and 

some calculations in the model are not explicitly displayed but rather shown just 

conceptually, e.g., the conversion of above-water reflectance spectrum Rrs(!) to its 

underwater counterpart rrs(!). 

We can categorize the major variables involved in QAA into primary-derived 

variables (PDVs) and secondary-derived variables (SDVs) based on the general 
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scheme of error propagation within the model.  The PDVs are defined as variables that 

are derived directly from Rrs(!), while the SDVs are derived from the PDVs (see 

Figure 3.2 for details).  In other words, the PDVs are located at upstream positions and 

the SDVs are located at downstream positions along a sequence of error propagation 

steps.  As a result, the errors in SDVs are subject to errors in all contributing PDVs 

located upstream.  Whereas the errors in a given PDV represent the quality of 

performance of the relevant relationship that derives the PDV from reflectance, the 

errors in SDVs represent the quality of final outputs of the model.  Therefore, 

considering separately the PDVs and SDVs enables analysis of different error sources 

for output variables and identification of model components that may require 

refinements to improve the performance of QAA.  Below we describe the sequence of 

computational steps involved in the two parts of QAA(v5) (Figure 3.2).  We note that 

these steps are defined to facilitate the analysis of error propagation and are different 

from the steps listed in the original work of Lee et al. [2002]. 

 

3.3.1.  Part I of QAA: Deriving a(!) and bb(!) from Rrs(!) 

The first part of QAA utilizes the input of spectral remote-sensing reflectance, 

Rrs(!), and provides the output of the spectral total absorption, a(!), and total 

backscattering, bb(!), coefficients of seawater (Figure 3.2).  This is the most critical 

part of the model because it is located upstream in the sequence of error propagation 

and all errors introduced by this part affect also the performance of part II of QAA.  

The part I of QAA utilizes a reference wavelength between 550 and 560 nm.  In the 

present study, we selected 555 nm.  The PDVs involved in part I include the total 
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absorption coefficient at the reference wavelength, a(555), the parameter u(!), and the 

power spectral slope, $, of particulate backscattering coefficient, bbp(!).  The u(!) 

parameter is defined as 

                                             (3.1) 

These variables are introduced sequentially into the calculations from step 1 

through step 4 (Figure 3.2). 

Step 1 derives the absorption coefficient a(555) from input of spectral values 

of Rrs(!) at four wavelengths using an empirical relationship.  In this relationship, 

a(555) is written as a nonlinear function of reflectance band ratios involving the blue–

green and green–red wavebands.  The derived a(555) is the only PDV among the 

output absorption and backscattering coefficients.   

Step 2 derives another PDV, u(555), which is calculated from Rrs(555) with a 

formula based on radiative transfer simulations [Gordon, 1986; Gordon et al., 1988].  

This formula is 

                                            (3.2) 

where g0 and g1 are coefficients selected on the basis of averages of two sets of 

parameters, so that the QAA is suitable for application to both coastal and open-ocean 

waters [Lee et al., 2002].  The backscattering coefficient, bb(555), is subsequently 

calculated from the two PDVs, a(555) and u(555), based on the definition of u(555) 

(equation 3.1).  Naturally, the estimates of bb(555) are subject to potential errors in 

both a(555) and u(555).   



147 

 

Step 3 derives the spectral backscattering coefficient, bb(!), at other (i.e., non-

reference) wavelengths ! (where ! ) 555 nm) by first subtracting pure seawater 

contribution, bbw(555), from bb(555) to obtain particulate backscattering coefficient at 

the reference wavelength, bbp(555), and then calculating the spectrum of bbp(!) 

assuming a power-law spectral shape expressed in the form, 

                                                           (3.3) 

where $ is the power spectral slope of bbp(!), which is empirically determined 

from an exponential function of a blue-to-green reflectance band ratio, 

Rrs(443):Rrs(555).  Finally, bb(!) is calculated as the sum of bbp(!) and bbw(!).  The 

QAA adopts the estimates of bbw(!) from Morel [1974].  It can be seen in Figure 3.2 

that estimates of bb(!) at non-reference wavelengths are subject to potential errors of 

three PDVs, a(555), u(555), and $. 

Step 4 derives the spectral absorption coefficient, a(!), at non-reference 

wavelengths ! from bb(!) and u(!) using the definition of u(!) (equation 3.1).  The 

accuracy of a(!) at each wavelength ! is subject to potential errors associated with 

four PDVs, a(555), u(555), $, and u(!).  The derivation of a(!) concludes the first part 

of QAA. 

 

3.3.2.  Part II of QAA: Partitioning of a(!) into adg(!) and aph(!) 

For studies of many biological and biogeochemical processes in the upper 

ocean, it is of interest to know the spectral absorption coefficients of phytoplankton, 

aph(!), and non-phytoplankton materials, adg(!), which include non-algal particles 
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(often referred to as detritus) and CDOM.  Part II of QAA was developed to address 

such needs.  This part partitions a given spectrum of a(!) into adg(!) and aph(!) with 

two additional inputs, Rrs(!) at 443 and 555 nm.  This part is illustrated by steps 5 

through 7 in Figure 3.2. 

Step 5 derives adg(443), where 443 nm is used as a reference wavelength for 

deriving the spectral adg(!) from a(!) at 412 and 443 nm using two new PDVs  These 

PDVs include * that is defined as the violet-to-blue phytoplankton absorption band 

ratio aph(412):aph(443), and S which is the exponential spectral slope of adg(!).  The 

band ratio * is derived from an empirical relationship involving the blue-to-green 

reflectance band ratio, Rrs(443):Rrs(555).  The spectral slope S of adg(!) is derived 

from another empirical relationship, also involving Rrs(443):Rrs(555).  Note that this 

reflectance ratio is also involved in the derivation of the power spectral slope $ of 

bbp(!) in step 3 and therefore the QAA-derived values of aph(412):aph(443), the 

exponential spectral slope S of adg(!), and the power spectral slope $ of bbp(!) are 

expected to be correlated. 

Step 6 calculates the spectrum of adg(!) from adg(443) and the derived slope S 

by assuming an exponential spectral shape.  The equation to calculate the spectrum of 

adg(!) is written as 

! 

adg (") = adg (443)exp[#S(" # 443)]                                    (3.4) 

Given the input of QAA-derived a(!), the accuracy of adg(!) at all wavelengths 

is subject to potential errors of seven PDVs, i.e., a(555), u(555), $, u(412), u(443), *, 
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and S.  Note that adg(!) is not affected by errors of QAA-derived u(!) except for adg at 

the wavelengths of 412, 443, and 555 nm. 

Step 7 simply subtracts adg(!) from a(!) to obtain the phytoplankton absorption 

spectrum aph(!).  At the wavelengths of 412, 443, and 555 nm, the potential error 

sources for aph(!) are the same as those for adg(!), i.e., a(555), u(555), $, u(412), 

u(443), *, and S.  At other wavelengths, aph(!) is also affected by potential errors 

associated with an additional PDV, u(!). 

 

3.4.  Results and Discussion 

In this section we first evaluate the performance of part I of QAA by 

comparing the spectra of total absorption, a(!), and backscattering, bb(!), derived from 

the model with those obtained from 77 field measurements made in the Arctic and 54 

measurements made in the lower-latitude waters, as described in section 2.  To 

understand the role of different PDVs in producing uncertainties in the output 

variables of a(!) and bb(!), we conduct a sensitivity analysis using a “one-factor-at-a-

time” approach.  Finally, we evaluate the performance of part II of QAA by 

comparing the non-phytoplankton, adg(!), and phytoplankton, aph(!), absorption 

spectra derived from the model with those obtained from field measurements.  The 

performance of QAA–part II is also compared with the partitioning model presented in 

Chapter 1 of this dissertation. 
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3.4.1.  Comparison of QAA-Derived and Measured a(!) and bb(!) 

In part I of QAA the a(!) and bb(!) coefficients are derived from Rrs(!).  We 

made comparative analysis of QAA-derived and measured values of a(!) and bb(!) for 

both the Arctic and lower-latitude datasets.  Figures 3.3 and 3.4 show results from this 

analysis for six example wavelengths that are common on past and current satellite 

ocean color sensors, namely 412, 443, 490, 510, 555, and 670 nm.  Assuming that the 

differences between the model-derived and measured absorption coefficients can be 

considered to represent errors of the model, we calculated several error parameters for 

evaluating model performance.  Specifically, the median of the ratio of model-derived 

to measured values, MR, was calculated to provide a measure of overall bias in the 

modeled data relative to measurements.  The semi-interquartile range, SIQR, 

calculated for the ratio of modeled-derived to measured values indicates the spread of 

the modeled data.  The overall degree of agreement between the model and 

measurements is provided by the median value of the absolute percent difference, 

MPD, between the model-derived and measured data, and also by the root mean 

square deviation, RMSD, between these data.  The correlation coefficient, R, provides 

additional information on how well the model-derived data agree with the 

measurements over their dynamic range.  All these error statistics are listed in Tables 

3.1 and 3.2 for a(!) and bb(!) at the six selected wavelengths presented in Figures 3.3 

and 3.4.  In addition, the error statistics for total non-water absorption anw(!) and 

particulate backscattering bbp(!) coefficients, i.e., the total coefficients with pure 

seawater contribution subtracted, are also shown.  The formulas for calculating the 

error parameters are also given in Table 3.1.  Figures 3.3 and 3.4 show the plots of 
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model-derived versus measured values of a(!) and bb(!) for the same six wavelengths 

as in Tables 3.1 and 3.2. 

Figure 3.3 and Table 3.1 show that, for the MALINA and ICESCAPE cruises, 

QAA-derived a(!) is overestimated in the violet and blue wavebands (412, 443, and 

490 nm, Figure 3.3A-C), slightly underestimated in the green wavebands (510 and 555 

nm, Figure 3.3D, E), and is poorly correlated with measurements in the red waveband 

(670 nm, Figure 3.3F).  The best agreement between QAA-derived and measured 

values is at the reference wavelength of 555 nm.  The systematic component of the 

error (or bias) expressed in percent, which is calculated from the MR of the QAA-

derived to measured a(555) as (MR - 1) # 100, is only -2.3% and the random 

component of the error represented by the MPD  is only about 3.7% (Figure 3.3E and 

Table 3.1).  The systematic error tends, however, to shift towards more positive bias 

with decrease in wavelength from the reference waveband towards the blue portion of 

the spectrum.  For example, the systematic error is +11.8% for a(412) (Figure 3.3A 

and Table 3.1).  The random errors also tend to increase towards shorter wavelengths, 

for example the MPD increases to 12.9% for a(412).  In the red waveband, QAA-

derived and measured a(670) are not well-correlated with the correlation coefficient, 

R, of only ~0.51 (Figure 3.3F and Table 3.1).  About 36% of model estimates of 

a(670) are even lower than the absorption coefficient of pure water, which indicates 

unrealistic results (Figure 3.3F). 

Compared with the performance for the Arctic data, QAA-derived a(!) 

generally agrees better with the measurements taken at lower latitudes during the 

BIOSOPE and ANT-XXIII/1 cruises except for the wavelengths of 510 and 670 nm 
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(Figure 3.3 and Table 3.2).  Little or no bias is found for QAA-derived a(!) at 412, 

443, 490, and 555 nm as the systematic error calculated from the MR is between about 

-0.7% and -3.8% at these wavelengths (Figure 3.3A, B, C, E, and Table 3.2).  The 

random error is also small at these wavelengths with the MPD varying between about 

2.0% and 7.4%.  However, at the wavelength of 510 nm, the bias increases remarkably 

to -9.6% and about 26% of model estimates of a(510) show unrealistic values lower 

than the pure water absorption (Figure 3.3D).  At the red waveband, QAA-derived 

a(670) shows again relatively large random errors with the MPD increasing to ~25%.  

There is essentially no correlation between QAA-derived and measured absorption 

coefficients at this wavelength with R of -0.211 (Figure 3.3F and Table 3.1).  About 

35% of QAA-derived values of a(670) are lower than the pure water absorption, 

which is almost the same percentage as observed for the MALINA and ICESCAPE 

datasets. 

We now turn to a comparative analysis of QAA-derived and measured values 

of bb(!) for the field dataset collected in the Arctic and lower-latitude waters.  Figure 

3.4 and Table 3.1 show that for the MALINA and ICESCAPE cruises QAA 

overestimates bb(!) on average by 4.6–14.5% in the spectral region from 412 to 670 

nm.  At each specific wavelength, higher overestimation of bb(!) is observed for a 

subset of 16 stations characterized by relatively clear waters, which are identified 

within the Arctic dataset.  At these stations the measured bb(555) is less than 2#10
-3

  

m
-1

 (Figure 3.4E).  A separate examination of error statistics (results not shown in 

Tables) for these 16 stations shows that bb(!) is overestimated on average by 20.3–

34.2% at the six example wavelengths, in contrast to 2.5–12.1% for the remaining 59 
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measurements with higher bb(!) values in the Arctic dataset.  Similarly to the 16 clear-

water stations in the Arctic, bb(!) is also significantly overestimated for the BIOSOPE 

and ANT-XXIII/1 datasets, except for a few stations visited within the area of 

upwelling zone off Chile.  The average bias of QAA-derived bb(!) ranges from 

+26.9% to +34.8% for the six examined wavelengths (Table 3.2). 

We note that Figure 3.4 also shows values of pure seawater backscattering 

coefficient, bbw(!), estimated according to Morel [1974] in comparison with the range 

of bbw(!) calculated with relevant formula of Buiteveld et al. [1994] with a salinity 

adjustment [see Twardowski et al., 2007; Stramski et al., 2008].  The QAA normally 

utilizes the estimates of bbw(!) from Morel [1974], which are computed for a water 

temperature of 20ºC, salinity of 35–39‰, and a depolarization ratio ( = 0.09.  For our 

field data we used a depolarization ratio ( of 0.039 or 0.051 and calculated the bbw(!) 

values on the basis of formula from Buiteveld et al. [1994] with salinity adjustment, 

which accounts for actual water temperature and salinity.  As seen in Figure 3.4, the 

Morel [1974] estimates of bbw(!) adopted by QAA are significantly higher than the 

average values for our field data in the Arctic.  The overestimation is about 19.5%, 

17.9%, 15.7%, 14.9%, 13.1%, and 9.3% at the wavelengths of 412, 443, 490, 510, 

555, and 670 nm, respectively.  The difference is contributed predominantly by the use 

of different values of depolarization ratio (, and to a lesser extent by the fact that the 

Arctic surface waters are characterized by lower salinity (14.6–32.9‰) and lower 

temperature (-1.58–8.15 ºC) compared with the default values used in the Morel 

[1974] determinations of bbw(!).  For BIOSOPE and ANT-XXIII/1, the differences 

between the two methods of estimating bbw(!) are much smaller but still noticeable, 
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i.e., about 11.1%, 9.6%, 7.6%, 6.9%, 5.3%, and 2.0% at 412, 443, 490, 510, 555, and 

670 nm, respectively.  These differences can be attributed almost completely to the use 

of different values of depolarization ratio (. 

 

3.4.2.  Sensitivity Analysis for Part I of QAA 

In this section we analyze the sensitivity of output a(!) and bb(!) to errors 

embedded in the primary-derived variables (PDVs) in part I of QAA.  As discussed in 

section 3, except for a(555), the estimates of a(!) and bb(!) are the secondary-derived 

variables (SDVs), which means that they are subject to errors carried by more than one 

PDV.  It is of interest to know how sensitive the final output variables are to errors of 

each contributing PDV and which PDVs contribute the largest error to final outputs of 

the model.  This is particularly important because each PDV is linked to certain 

empirical or analytical relationship included in the QAA.   

For this analysis we used a “one-factor-at-a-time” approach.  Specifically, we 

ran the QAA model with one model-derived PDV at a time which is considered to 

contain some error, while keeping all other PDVs at values obtained from field IOP 

data, which in turn are considered to be error-free.  For these calculations we also 

replaced the bbw(!) values from Morel [1974], which are normally used in QAA, with 

the bbw(!) values used for processing our field data, which were calculated on a case-

by-case basis using the formula from Buiteveld et al. [1994] with salinity adjustment 

(see section 2.2 for details).  The use of Buiteveld et al. [1994] bbw(!) values ensures 

the consistency between model-derived and measured IOPs so that the error attributed 

to each individual PDV is not contaminated by contribution caused by the difference 
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of adopted bbw(!) values.  We do, however, examine also the influence of using bbw(!) 

values from Morel [1974] upon accuracy of output a(!) and bb(!) in addition to the 

sensitivity analysis for each PDV.  This was done by running the QAA with all PDVs 

obtained from field IOP data, while keeping the bbw(!) values from Morel [1974] in 

the QAA calculations.  By comparing the error statistics of the output variables 

resulting from each error-containing PDV and from the use of bbw(!) from Morel 

[1974], we can identify the PDVs that are most significant in producing errors in the 

output variables and therefore the QAA relationships that require special attention in 

future efforts of model refinement.   

We begin the sensitivity analysis with examining the errors associated with 

each PDV.  The first PDV involved in part I of QAA is a(555) (Figure 3.2), which 

shows slight underestimation of ~2% by QAA for both Arctic and lower-latitude data 

(Figure 3.3E and Tables 3.1 and 3.2).  For the PDVs of spectral u(!), QAA-derived 

values show large random errors for MALINA and ICESCAPE and are positively 

biased by a few percent except for the subset of data at longer wavelengths from 16 

clear-water stations (Figure 3.5 and Table 3.3).  For the clear-water subset of stations 

the systematic error of QAA-derived u(!) shows a noticeable increase with 

wavelength, e.g., from +4.9% at 412 nm to +27.6% at 555 nm, and to +48.3% at 670 

nm (data not shown in tables).  For the BIOSOPE and ANT-XXIII/1 cruises that were 

conducted mostly in clear lower-latitude waters, the variable u(!) is also significantly 

overestimated by QAA by about 28–38% from violet to green wavelengths but with 

no obvious spectral trend (Table 3.4).  In the red waveband, large random errors are 

observed for QAA-derived u(670) for the lower-latitude data (Figure 3.5F).  
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Regarding $, which is another PDV that describes the power spectral slope of bbp(!), 

QAA-derived values correlate poorly with values derived from measurements with a 

systematic error of +29.6% and R = 0.52 for MALINA and ICESCAPE, and a 

systematic error of +110.9% and R = -0.09 for the lower latitudes (Figure 3.6). 

Because the variable u(!) is defined as the ratio of bb(!):[a(!)+bb(!)], the 

overestimation of u(!) by the model could have been caused by the fact that the bbw(!) 

values from Morel [1974] used by QAA are generally larger than our estimates for 

field data based on the formula from Buiteveld et al. [1994].  For MALINA and 

ICESCAPE, the bbw(555) estimate from Morel [1974] is about 13.1% higher than the 

average value of bbw(555) for our data based on the Buiteveld et al. [1994] formula 

with salinity adjustment.  For BIOSOPE and ANT-XXIII/1, the difference is about 

5.3%.  With the addition of particulate contribution, the percentage difference in total 

bb(!) resulting from the use of different bbw(!) formulas is even smaller.  Therefore, 

the bias of QAA-derived u(!) for clear waters in both the Arctic and lower-latitude 

environments cannot be fully explained by the use of different bbw(!) values between 

model and measurements. 

We recall that the Raman scattering effects are important for ocean reflectance 

at light wavelengths longer than about 500 nm in clear waters [Marshall and Smith, 

1990; Waters, 1995; Bartlett et al., 1998; Gordon, 1999; Morel et al., 2002; Morel and 

Gentili, 2004].  For example, Morel and Gentili [2004] showed that photons 

originating from Raman scattering by water molecules can enhance reflectance by 

~15% in the green and red spectral regions for waters with chlorophyll-a 

concentration of 0.03 mg m
-3

.  For a hypothetical ocean containing only pure seawater, 
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Raman contribution to water-leaving radiance is between 20-30% for wavelengths 

longer than 470 nm [Gordon, 1999].  Importantly, however, the critical relationship 

used by QAA does not take into account the Raman scattering effects because the 

relevant formula (i.e., equation 3.2 in the present study) from Gordon [1986] was 

based on radiative transfer simulations with no Raman scattering included (H. R. 

Gordon, personal communication).  The QAA does not provide a means to correct for 

this problem, which leads to unwanted enhancement of u(!) under environmental 

conditions when Raman contribution to water-leaving radiance is important.  As a 

result, u(!) tends to be overestimated for clear waters where both Raman scattering 

and molecular contribution to total bb(!) show relatively high significance, which is 

observed for our field data collected in clear waters in the Arctic and at lower latitudes 

(Figure 3.5). 

For the samples collected in these relatively clear waters, the overestimation of 

u(!) by QAA is correlated with water clarity, as shown in Figure 3.7.  Specifically, the 

difference between QAA-derived and measured u(!) is shown for one example 

wavelength of 555 nm as a function of the ratio of bbw(555):bb(555).  This ratio 

represents the pure seawater contribution to total backscattering coefficient and can 

serve as a proxy for water clarity.  Figure 3.7 shows that the overestimation of u(555) 

increases with an increase in the ratio of bbw(555):bb(555), which is consistent with the 

fact that Raman scattered photons account for a larger portion of total backscattered 

light as water becomes clearer [e.g., Morel et al., 2002].  These results provide 

circumstantial evidence that supports the conclusion that the overestimation of the u(!) 
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parameter for clear waters is caused by the failure of QAA to account for Raman 

scattering effects. 

Next we analyze the sensitivity of output variables of a(!) and bb(!) to errors in 

the PDVs (Tables 3.3 and 3.4).  This is done by comparing the bias of each PDV with 

a component bias of each output variable.  The component bias is defined as the bias 

in output variables induced solely by one specific PDV with other PDVs contributing 

no errors.  This analysis is focused on bias calculated from the statistical estimate of 

MR for representing errors in each variable.  Every 1% of bias in both a(555) and 

u(555) produces about 1% of bias in the derived bb(555) and the amount of a(555) and 

u(555)-induced bias that propagates across the spectrum to bb(!) decreases from the 

reference wavelength of 555 nm to shorter wavelengths (Tables 3.3 and 3.4).  For 

example, every 1% bias in bb(555) introduces ~0.7% bias in bb(412) for MALINA and 

ICESCAPE and ~0.5% bias in bb(412) for BIOSOPE and ANT-XXIII/1.  The 

component biases of a(!) and bb(!) are insensitive to bias in $, e.g., 111% bias in $ 

introduced only 7–8% component bias in a(412) and bb(412) and even less at longer 

wavelengths.  For u(!) at non-reference wavelengths, every +1% bias produces about -

1% bias in the derived a(!). 

The sensitivity of derived a(!) and bb(!) to the choice of bbw(!) values appears 

to depend on the magnitude of absorption and backscattering coefficients of seawater 

constituents.  The most sensitive response is found for lower-latitude waters, where 

about +6.8% bias in QAA-derived a(412) and bb(412) is produced by 5.3% and 11.1% 

differences between the pure seawater backscattering estimates from Morel [1974] and 

the average values based on Buiteveld et al. [1994] formula.  Relatively moderate 
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sensitivity is found for the 16 clear-water stations in the Arctic, where 15% and 21.4% 

differences in bbw(555) and bbw(412), respectively, produce a bias of about +9.1% in 

the QAA-derived a(412) and bb(412).  The least sensitive response is observed for the 

remaining 59 Arctic stations, where 12.6% and 19.0% differences in bbw(555) and 

bbw(412) produce only +5.5% of bias in QAA-derived bb(412). 

As a final step of our sensitivity analysis, we compare the absolute magnitude 

of component biases for each output variable.  This comparison allows us to identify 

the PDVs that contribute most significantly to bias for a specific output variable.  

Tables 3.3 and 3.4 show that u(555) is generally the most significant source of error in 

QAA-derived bb(!) at all wavelengths for both the Arctic and lower-latitude datasets.  

This is particularly true for the data from the 16 clear-water stations in the Arctic and 

nearly all lower-latitude stations, where positive bias in QAA-derived bb(!) is 

predominantly contributed by u(555).  As suggested by earlier considerations, this 

significant positive bias in bb(!) for clear waters can be attributed to inadequate 

representation of Raman scattering effects in the model.  At short wavelengths, e.g., 

412 nm, the error in $ as well as the potential overestimation of bbw(!) owing to the 

use of the Morel [1974] pure seawater backscattering values are also important.  The 

small bias of model-derived a(555) plays a minor role in affecting errors of model-

derived bb(!). 

The sensitivity analysis for total absorption coefficient, a(!), is shown in 

Tables 3.3 and 3.4 only for the five non-reference wavelengths because a(555) is a 

PDV.  Among the three PDVs, i.e., a(555), u(555), and $, as well as the choice of 

bbw(!), each factor contributes the same or approximately the same amount of 
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component bias to the model-derived a(!) as it does to the model-derived bb(!).  In 

addition to these error sources, u(!) also contributes significant bias to the model-

derived a(!).  Moreover, the component bias resulting from u(!) appears to be always 

negative and compensates the positive bias introduced by u(555).  For MALINA and 

ICESCAPE, the negative bias caused by u(!) at short wavelengths is insufficient to 

counter-balance the positive bias caused by u(555), bbw(!), and $, resulting in a net 

positive bias in QAA-derived a(!) at 412, 443, and 490 nm.  For BIOSOPE and ANT-

XXIII/1, the negative bias caused by u(!) cancels the positive bias caused by other 

PDVs at short wavelengths, resulting in estimates of a(!) at 412, 443, and 490 nm 

with no significant bias.  In short, the bias of model-derived a(!) is determined 

primarily by the interplay of biases introduced by u(555) and u(!).  At short 

wavelengths, errors in the predicted $ as well as the relatively high estimates of bbw(!) 

based on Morel [1974] are also important.  The small bias of model-derived a(555) 

plays a minor role in affecting errors of model-derived a(!) at non-reference 

wavelengths. 

 

3.4.3.  Comparison of Model-Derived and Measured adg(!) and aph(!) 

The second part of QAA provides estimates of phytoplankton, aph(!), and non-

phytoplankton, adg(!), absorption coefficients from input of Rrs(443), Rrs(555), and 

model-derived a(!).  Figures 3.8 and 3.9 show the comparison between QAA-derived 

and measured adg(!) and aph(!), respectively, for both Arctic and lower-latitude waters.  

For MALINA and ICESCAPE, adg(!) is generally overestimated at short wavelengths.  

For example, the bias calculated from the MR of QAA-derived to measured adg(!) is 
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between 15.9% and 21.3% in the spectral range from 412 to 510 nm.  The random 

error represented by MPD is between 20.9% and 28.6% at these wavelengths.  No 

systematic error is observed for adg at the reference wavelength of 555 nm.  In the red 

spectral band at 670 nm, adg(!) is significantly underestimated with bias of -53.7%.  

For BIOSOPE and ANT-XXIII/1, the bias is smaller compared with the Arctic data, 

and ranges from -5.4% to +10.7%, except for the red band where this systematic error 

is about -32%. 

Despite the small to moderate errors in model-derived adg(!), the errors 

associated with aph(!) are much larger owing largely to a smaller contribution of 

phytoplankton to total absorption coefficient (Figure 3.9).  For MALINA and 

ICESCAPE, aph(!) is significantly underestimated at all examined wavelengths except 

for 670 nm.  The systematic error for QAA-derived aph(!) is between -42.6% and -

95.6% from 412 to 555 nm.  A significant number of negative values of aph(!) ranging 

from 28% to 49% of all samples examined was produced by QAA at all examined 

wavelengths.  For BIOSOPE and ANT-XXIII/1, the systematic error is between -

34.2% and -113.2%.  For these datasets, the negative values of aph(!) were also 

produced by QAA at relatively long wavelengths between 510 and 670 nm with the 

percentage of such unrealistic results ranging from 36% to 57% of all samples 

examined. 

The errors in output variables of adg(!) and aph(!) in part II of QAA are 

contributed partly by the errors in the input variable a(!) derived by the model.  To 

evaluate the performance of the absorption partitioning by QAA independently of 

errors in a(!), we analyzed the QAA-part II with the measured values of a(!) as input 
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to this part of the model.  This analysis enabled the determination of errors in adg(!) 

and aph(!) resulting solely from the parameterizations involved in part II of QAA.  For 

comparison, we also made a similar analysis by applying the same measurements of 

a(!) [more specifically, the non-water absorption coefficient anw(!)] as input to the 

absorption partitioning model presented in Chapter 1 of this dissertation.  For the sake 

of simplicity this model will be hereafter referred to as the SCM (stacked-constraints 

model).  Such comparative analysis of QAA and SCM would not be feasible if QAA-

derived anw(!) was used as input to SCM because significant errors associated with 

QAA-derived anw(!) prevent SCM from finding feasible solutions for the majority of 

cases.  For example, the random error represented by MPD of QAA-derived anw(670) 

is higher than 400% for the MALINA and ICESCAPE data (Table 3.1), and higher 

than 7700% for the BIOSOPE and ANT-XXIII/1 data (Table 3.2).  The systematic 

error for the QAA-derived anw(510) is about -60% for the BIOSOPE and ANT-

XXIII/1 data (Table 3.2).  If the input of anw(!) is subject to such large errors, the 

SCM tends to find no feasible solutions.  This is mainly because the SCM involves a 

set of inequality constraints that do not permit unrealistic partitioning results, such as 

negative values of aph(!). 

One restriction for applying the SCM is for waters containing significant 

amounts of absorbing mineral particles, for which the spectral shape of absorption 

spectrum shows considerable departures from an exponential function of wavelength.  

Such spectral features violate the assumption of the SCM which requires an 

exponential spectral shape of adg(!).  We identified 23 MALINA stations and 22 

ICESCAPE stations within our Arctic dataset, for which the measured spectra of 
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adg(!) show such non-exponential spectral features indicative of significant presence 

of absorbing minerals in water.  This is not particularly surprising given the fact that 

the MALINA and ICESCAPE cruises were conducted mostly within the continental 

shelf in waters with potential terrestrial influences (Figure 3.1).  For example, some 

stations in the Beaufort Sea were located in areas that are subject to influence of 

terrestrial particulate matter discharged by the Mackenzie River.  Therefore, we 

excluded these data from the subsequent analysis. 

Comparisons between model-derived and measured adg(!) are presented in 

Figures 3.10 and 3.11 for the QAA and SCM, respectively.  For each output variable, 

the SCM provides a range of feasible solutions and also the optimal solutions selected 

from the feasible solutions as the median values of all feasible solutions (see Chapter 1 

for more details).  Here we show the optimal solutions of SCM.  Figures 3.10 and 3.11 

show that both QAA-derived and SCM-derived estimates of adg(!) correlate well with 

measurements except for the wavelength of 670 nm where the magnitude of adg is very 

low.  The calculations of error statistics between model-derived and measured values 

of adg(!) show that the predicted values from SCM have smaller systematic error at 

short wavelengths (412–490 nm) compared with estimates from QAA (Table 3.5).  

For example, the bias of QAA-derived adg(443) is +8.5%, in contrast to only -1.4% for 

the SCM-derived adg(443).  At longer wavelengths (510–670 nm) where the 

magnitude of adg(!) is lower, the bias of QAA-derived adg(!) is smaller compared with 

the SCM.  With regard to random errors, the SCM shows generally better performance 

than QAA.  For example, the random error represented by MPD of SCM-derived to 
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measured adg(443) is ~9.1% compared with ~15.9% for QAA.  At 555 nm, the MPD is 

~18.4% for SCM and ~26.4% for QAA. 

The MR of adg(!) for both QAA and SCM decreases significantly below the 

value of 1 at long visible wavelengths.  This result is more pronounced for the Arctic 

data than the lower-latitude data, which can be explained by generally larger change in 

the exponential slope, S, with wavelength for adg(!) spectra from the Arctic.  For the 

Arctic datasets, the spectral exponential slope, S, of experimental estimates of non-

phytoplankton absorption, adg(!), is less steep at long wavelengths compared with 

short wavelengths.  The model-derived adg(!) is, however, assumed to be a perfect 

exponential function with a single slope across the entire spectrum, and hence the 

model-derived values decrease faster with increasing wavelength than the measured 

values for the Arctic dataset.  In contrast, the discrepancy between model-derived and 

measured adg(!) at long wavelengths is smaller for the lower-latitude data owing to a 

smaller change of slope across the spectrum of adg(!). 

Comparisons between model-derived and measured phytoplankton absorption 

coefficient, aph(!), for QAA and SCM show results similar to those observed for 

adg(!).  At short wavelengths, the SCM performs better than QAA in terms of 

estimating aph(!) (Figures 3.12 and 3.13).  For example, the systematic error for SCM-

derived aph(443) is about +7.3% and for QAA-derived values is -12%.  The random 

error MPD for SCM-derived aph(443) is ~15.1% and for QAA-derived values is 

~31.3%.  At longer wavelengths, the systematic error of SCM-derived aph(!) is larger 

than that of QAA-derived values but the random errors of SCM-derived aph(!) are still 
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generally smaller except for the red portion of the spectrum.  The MR of SCM-derived 

aph(!) also increases with wavelength, which is associated with the increase of bias 

with wavelength for SCM-derived adg(!) as explained above.  It is also important to 

note that there is still a significant number of negative values for aph(!) derived by 

QAA even with the input of measured total absorption coefficient a(!) that can be 

considered to be error-free.  We found, for instance, 15 negative retrievals of aph(412) 

and 8 negative retrievals of aph(443) out of 31 measurements in the Arctic waters, and 

a small number of negative retrievals of aph(!) at 510 and 555 nm for the lower-

latitude data. 

According to the flowchart of QAA, two PDVs in part II of QAA potentially 

contribute to errors in QAA-derived aph(!), which are *, the phytoplankton absorption 

band ratio of aph(412):aph(443), and S, the exponential spectral slope of adg(!) (Figure 

3.2).  A sensitivity test for these two PDVs shows that S is the predominant factor that 

leads to underestimation of QAA-derived aph(!), including unrealistic negative values.  

The * band ratio does not contribute significant bias to QAA-derived aph(!). 

 

3.5.  Summary and Conclusions 

We evaluated the performance of the Quasi-Analytical Algorithm (QAA), 

version 5, for deriving the spectral total absorption, a(!), and backscattering, bb(!), 

coefficients of seawater from the input spectrum of remote-sensing reflectance Rrs(!) 

using field data collected in the Arctic and lower-latitude waters.  Statistical analysis 

of errors shows that QAA overestimates a(!) by about +10% at blue wavelengths for 
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our Arctic data.  For the lower-latitude data, little or no bias is found for QAA-derived 

a(!), although at a wavelength of 510 nm the bias in a(510) reached -10%.  At 670 

nm, QAA does not provide robust estimates of a(670) for both the Arctic and lower-

latitude datasets, and appears to be very sensitive to errors in measured reflectance 

Rrs(670).  With respect to QAA-derived backscattering coefficient, bb(!), the errors are 

generally larger compared with those in QAA-derived a(!).  For the Arctic data, QAA 

overestimates bb(!) by about 5–15% with generally larger overestimation at shorter 

wavelengths.  For a subset of 16 clear-water stations in the Arctic, more significant 

overestimation of bb(!) by about 20–34% is observed, which is also consistent with 

the results for the lower-latitude waters where bb(!) is overestimated by about 27–

35%. 

We also conducted a sensitivity analysis to test the response of QAA-derived 

a(!) and bb(!) to errors in each primary-derived variable that is calculated directly 

from Rrs(!) using empirical or analytical relationships.  The effect of using pure 

seawater backscattering coefficients, bbw(!), from Morel [1974], which tend to be 

higher than other estimates accounting for lower depolarization ratio of water 

molecules [Buiteveld et al., 1994; Jonasz and Fournier, 2007] was also investigated.  

We found that for both the Arctic and lower-latitude data, the parameter u(555) is 

generally the most significant source of bias in model estimates of bb(!), whereas the 

interplay between u(555) and u(!) generally dominates the errors in QAA-derived 

a(!).  At short wavelengths, the power spectral slope of bbp(!), $, as well as the choice 

of bbw(!), are also important sources of bias in both bb(!) and a(!).  The bias in model-
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derived a(555) is small and does not significantly contribute to bias in bb(!) and a(!).  

An additional conclusion for QAA-derived a(!) is that the component biases resulting 

from u(555) and u(!) tend to compensate each other.  These insights provide guidance 

that can aid in future efforts to refine the QAA. 

The absorption partitioning component of QAA significantly overestimates the 

non-phytoplankton absorption adg(!) and underestimates phytoplankton absorption 

aph(!) for both the Arctic and lower-latitude datasets.  Unrealistic negative values of 

aph(!) were frequently produced by QAA, especially for the Arctic data.  These 

negative values of aph(!) result partly from errors introduced in the first part of QAA, 

which can provide erroneous estimates of total absorption coefficient a(!) that serves 

as input for the partitioning part of QAA, and also from the assumptions about the 

parameter S, which describes the spectral exponential slope of adg(!).  With the input 

of measured total absorption a(!) and Rrs(!), much better agreement between QAA-

derived and measured adg(!) and aph(!) can be achieved.  However, there is still a 

noticeable percentage of unrealistic negative values of aph(!) produced by the model.  

This issue can be resolved with a new partitioning model presented in Chapter 1 of 

this dissertation, which does not yield unrealistic solutions for adg(!) and aph(!) and 

also provides better error statistics at short wavelengths compared with QAA. 

The analysis described in this chapter also suggests that a failure to account for 

Raman scattering by water molecules is responsible for large systematic errors in 

QAA-derived u(!) and bb(!) for relatively clear waters in the Arctic and at lower 

latitudes.  The QAA and also some other inverse reflectance models use the analytical 
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formula from Gordon [1986; 1988], which is based on radiative transfer simulations in 

which Raman scattering process was not included.  As a result, the estimates of u(!) 

parameter obtained with QAA are incorrectly enhanced.  This weakness needs to be 

addressed in future model refinement.  This problem is especially relevant in view of 

the fact that QAA was originally developed for global applications, and relatively 

clear waters where Raman scattering effect on ocean reflectance is significant cover 

about 95% surface area of the global ocean [e.g., Shi and Wang, 2010]. 

Another important finding of this study is that the use of relatively high 

estimates of bbw(!) from Morel [1974] in QAA calculations contributes on average 

about +7% to +9% bias to QAA-derived a(!) at short wavelengths for clear waters in 

the Arctic and at lower latitudes.  Therefore, the potential effect associated with the 

choice of bbw(!) cannot be neglected.  The bbw(!) estimates from Morel [1974] are 

calculated for the water temperature of 20ºC and the salinity of 35–39‰ assuming a 

relatively high depolarization ratio of 0.09 for water molecules.  For the Arctic waters, 

both the temperature and salinity can be significantly lower than these values, leading 

to lower values of bbw(!).  Therefore, in future applications of QAA it will be 

reasonable to replace the bbw(!) estimates of Morel [1974] with the bbw(!) values 

calculated with a formula accounting for water temperature and salinity effects 

[Buiteveld et al.,1994; Twardowski et al., 2007; Stramski et al., 2008] to achieve better 

accuracy for QAA-derived a(!) and bb(!) in the Arctic waters.  Such calculations of 

bbw(!) will require the input data of water temperature and salinity, which in the 

context of remote sensing applications  can be obtained from sensors such as the 

Advanced Very High Resolution Radiometer AVHRR [e.g., Cracknell, 1997] and 
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microwave sensors [e.g., Font et al., 2004; Le Vine et al., 2010].  In addition, in the 

calculations of bbw(!), it appears reasonable to use a value of 0.039 for the 

depolarization ratio of water molecules as recommended by Jonasz and Fournier 

[2007], in contrast to 0.09 used in Morel [1974]. 

Chapter 3, in part, is currently being prepared for submission for publication of 

the material. Zheng, Guangming; Stramski, Dariusz; Rick, A. Reynolds. The 

dissertation author was the primary investigator and author of this material. 
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3.7.  Figures 

 

 

 
 

Figure 3.1. Map of sampling stations for the Malina and ICESCAPE cruises 

conducted in the Arctic, and the BIOSOPE and ANT-XXIII/1 cruises conducted in the 

Pacific and Atlantic. 
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Figure 3.2. Simplified flowchart of the Quasi-Analytical Algorithm (QAA), version 5.  

Primary-derived variables derived directly from remote-sensing reflectance Rrs are 

shown in black-edge boxes.  Secondary-derived variables derived from primary 

variables are shown in gray-edge boxes. 
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Figure 3.3.  Comparison between QAA-derived and measured values of total 

absorption coefficients a(!) for field data collected from Arctic and lower-latitude 

waters.  Dashed lines indicate the magnitude of pure seawater absorption coefficient 

aw(!) at each wavelength.  Solid diagonal lines represent the 1:1 relationship. 
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Figure 3.4.  Same as Figure 3.3 but for total backscattering coefficients bb(!).  Solid 

horizontal and vertical lines indicate the estimates of pure seawater backscattering 

coefficient bbw(!) from Morel [1974].  Dashed lines indicate the range of estimates for 

bbw(!) calculated using the formula from Buiteveld et al. [1994] for both Arctic and 

lower-latitude data. 
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Figure 3.5.  Comparison between QAA-derived and measured values of u(!), defined 

as bb(!)/[ a(!)+bb(!)], for field data collected from Arctic and lower-latitude waters. 
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Figure 3.6.  Comparison between QAA-derived and measured values of the variable 

!, defined as the power spectral slope of particulate backscattering coefficient bbp(!), 

for field data collected from Arctic and lower-latitude waters. 
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Figure 3.7.  Correlation between overestimation of u(555) and water clarity 

represented by molecular contribution to total backscattering coefficient bbw/bb at 555 

nm.  Only data from relatively clear waters, where Raman effect upon reflectance is 

potentially more pronounced, are shown here including 16 stations from the Arctic and 

33 stations from lower latitudes. 
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Figure 3.8.  Comparison between QAA-derived and measured non-phytoplankton (i.e. 

detritus plus CDOM) absorption coefficient adg(!) with input of measured Rrs(!) for 

field data collected from Arctic and lower-latitude waters. 
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Figure 3.9.  Same as Figure 3.8 except for phytoplankton absorption coefficient 

aph(!). 
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Figure 3.10.  Comparison between QAA-derived and measured adg(!) with input of 

measured a(!), Rrs(443), and Rrs(555), for field data collected from Arctic and lower-

latitude waters. 
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Figure 3.11. Same as Figure 3.10 except for phytoplankton absorption coefficient 

aph(!). 
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Figure 3.12.  Comparison between SCM-derived optimal solutions of adg(!) and 

measurements with input of measured anw(!), for field data collected from Arctic and 

lower-latitude waters. 
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Figure 3.13.  Same as Figure 3.12 except for phytoplankton absorption coefficient 

aph(!). 
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3.8.  Tables 

Table 3.1.  Summary of error statistics for QAA-derived total absorption a(!), total 

non-water absorption anw(!), total backscattering bb(!), and particulate backscattering 

bbp(!) coefficients at the six example wavelengths for the Malina and ICESCAPE data 

collected from the Arctic waters.  The value of R is the correlation coefficient between 

the model-derived and measured values.  The MR is the median ratio of model-derived 

to measured values and SIQR is the semi-interquartile range for this ratio calculated as 

SIQR = (QR3 – QR1)/ 2, where QR1 is the 1st quartile and QR3 is the 3rd quartile of 

this ratio.  The MPD is the median absolute percent difference calculated as the 

median of the individual absolute percent differences PDi = 100 |Yi – Xi| / Xi where Yi 

are the model-derived and Xi are the measured values.  The RMSD is the root mean 

square deviation between the model-derived and measured values calculated as RMSD 

= [N
-1
!(Yi – Xi)

2
]

1/2
, with the summation from i = 1 to N.  N is the number of 

observations used for deriving the error statistics.  N=75 for a(!) and anw(!), and N=76 

for bb(!) and bbp(!). 

 

Variable R MR 
SIQR 

(%) 

MPD 

(%) 

RMSD 

(m
-1

) 

a(412) 0.943 1.118 9.70 12.90 0.0647 

anw(412) 0.943 1.126 10.0 13.5 0.0647 

a(443) 0.954 1.089 9.50 13.18 0.0366 

anw(443) 0.954 1.094 11.2 15.1 0.0366 

a(490) 0.948 1.049 9.70 11.30 0.0206 

anw(490) 0.948 1.062 13.8 16.7 0.0206 

a(510) 0.944 0.983 6.84 6.60 0.0180 

anw(510) 0.944 0.964 15.4 15.9 0.0180 

a(555) 0.953 0.977 2.90 3.73 0.0087 

anw(555) 0.954 0.870 12.3 15.0 0.0087 
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Table 3.1 continues 

Variable R MR 
SIQR 

(%) 

MPD 

(%) 

RMSD 

(m
-1

) 

a(670) 0.510 0.993 12.15 12.47 0.0831 

anw(670) 0.510 0.919 510.2 409.8 0.0831 

bb(412) 0.927 1.145 9.07 16.00 0.0026 

bbp(412) 0.925 1.111 15.16 16.42 0.0026 

bb(443) 0.925 1.102 9.12 12.30 0.0025 

bbp(443) 0.924 1.064 12.70 14.79 0.0026 

bb(490) 0.920 1.063 9.12 11.23 0.0024 

bbp(490) 0.919 1.026 12.66 13.17 0.0025 

bb(510) 0.917 1.061 8.68 11.57 0.0024 

bbp(510) 0.917 1.026 11.89 13.47 0.0024 

bb(555) 0.911 1.046 10.13 11.51 0.0024 

bbp(555) 0.911 1.028 13.94 13.48 0.0024 

bb(670) 0.894 1.103 15.56 13.84 0.0022 

bbp(670) 0.894 1.105 18.90 16.64 0.0022 
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Table 3.2.  Same as Table 3.1 except for the BIOSOPE and ANT-XXIII/1 data 

collected from lower-latitude waters. N= 40 for a(!) and anw(!), and N=50 for bb(!) 

and bbp(!). 

 

Variable R MR 
SIQR 

(%) 

MPD 

(%) 

RMSD 

(m
-1

) 

a(412) 0.993 0.993 5.97 5.57 0.0048 

anw(412) 0.993 0.991 7.19 6.41 0.0048 

a(443) 0.987 0.974 7.17 7.39 0.0065 

anw(443) 0.987 0.965 9.81 10.47 0.0065 

a(490) 0.982 0.962 4.27 5.57 0.0048 

anw(490) 0.982 0.910 10.72 15.07 0.0048 

a(510) 0.982 0.904 2.48 9.74 0.0050 

anw(510) 0.982 0.397 32.36 60.27 0.0050 

a(555) 0.974 0.981 1.02 2.02 0.0022 

anw(555) 0.974 0.644 15.17 37.24 0.0022 

a(670) -0.211 1.045 94.93 25.00 0.5551 

anw(670) -0.211 20.078 8290.06 7731.09 0.5551 
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Table 3.2 continues 

Variable R MR 
SIQR 

(%) 

MPD 

(%) 

RMSD 

(m
-1

) 

bb(412) 0.927 1.340 5.41 33.96 0.0014 

bbp(412) 0.927 2.007 36.32 103.08 0.0011 

bb(443) 0.947 1.307 5.80 30.71 0.0010 

bbp(443) 0.948 1.802 36.18 80.24 0.0009 

bb(490) 0.962 1.280 7.36 28.01 0.0007 

bbp(490) 0.963 1.601 33.79 60.09 0.0006 

bb(510) 0.965 1.276 8.02 27.60 0.0006 

bbp(510) 0.967 1.555 33.47 55.51 0.0006 

bb(555) 0.970 1.269 10.27 26.95 0.0005 

bbp(555) 0.971 1.526 36.18 52.59 0.0005 

bb(670) 0.972 1.348 14.05 34.76 0.0003 

bbp(670) 0.973 1.598 35.00 59.76 0.0003 
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Table 3.3.  Bias of each primary-derived variable and its contribution to the 

component bias of each secondary-derived variable for the Arctic data.  The 

“Difference of bbw” refers to the difference between estimates from Morel [1974] and 

those calculated using the formula from Buiteveld et al. [1994] (See section 3.4.1 of 

the text for details).  Total number of observations used for deriving the error statistics 

is 75. 

 

Primary-derived 

variables (PDVs) 
a(555) u(555) ! u(!) 

Bias of PDVs (%) -2.28 +8.03 +29.6 

+4.29
a
 

+1.85
b 

+4.11
c 

+9.25
d 

+7.84
e 

Difference 

of bbw 

Secondary-

derived 

variables 

(SDVs) 

Total 

bias of 

SDVs 

(%) 

Component bias of SDVs contributed by 

each individual PDV or by bbw (%) 

a(412) +11.83 -1.56 +6.28 +4.09 -4.44 +6.24 

a(443) +8.94 -1.84 +6.95 +1.55 -1.95 +4.26 

a(490) +4.91 -2.05 +7.89 -0.31 -4.24 +1.99 

a(510) -1.72 -2.13 +8.06 -0.50 -9.02 +1.27 

a(670) -0.74 -2.63 +9.37 +4.83 -7.29 -1.88 

a
Bias of u(412) 

b
Bias of u(443) 

c
Bias of u(490) 

d
Bias of u(510) 

e
Bias of u(670) 
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Table 3.3 continues 

Primary-derived 

variables (PDVs) 
a(555) u(555) ! u(!) 

Bias of PDVs (%) -2.28 +8.03 +29.6 – 

Difference 

of bbw 

Secondary-

derived 

variables 

(SDVs) 

Total 

bias of 

SDVs 

(%) 

Component bias of SDVs contributed by 

each individual PDV or by bbw (%) 

bb(412) +14.54 -1.56 +6.28 +4.06 – +6.30 

bb(443) +10.17 -1.84 +6.95 +1.51 – +4.27 

bb(490) +6.33 -2.05 +7.89 -0.32 – +2.02 

bb(510) +6.10 -2.13 +8.06 -0.51 – +1.29 

bb(555) +4.55 -2.31 +8.39 – – – 

bb(670) +10.32 -2.63 +9.37 +4.87 – -1.93 
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Table 3.4. Same as Table 3.3 except for the lower-latitude data.  Total number of 

observations used for deriving the error statistics is 39. 

 

Primary-derived 

variables (PDVs) 
a(555) u(555) ! u(!) 

Bias of PDVs (%) -1.92 +28.48 +110.9 

+28.04
a
 

+27.93
b 

+29.4
c 

+38.12
d 

+13.00
e 

Difference 

of bbw 

Secondary-

derived 

variables 

(SDVs) 

Total 

bias of 

SDVs 

(%) 

Component bias of SDVs contributed by 

each individual PDV or by bbw (%) 

a(412) -0.68 -1.00 +15.51 +7.3 -24.99 +6.81 

a(443) -2.63 -1.26 +19.39 +4.61 -24.84 +4.79 

a(490) -3.77 -1.62 +24.43 +1.85 -24.66 +2.39 

a(510) -9.61 -1.72 +26.17 +1.07 -29.02 +1.55 

a(670) +4.52 -2.32 +36.07 +0.51 -11.57 -2.60 

a
Bias of u(412) 

b
Bias of u(443) 

c
Bias of u(490) 

d
Bias of u(510) 

e
Bias of u(670) 
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Table 3.4 continues 

Primary-derived 

variables (PDVs) 
a(555) u(555) ! u(!) 

Bias of PDVs (%) -2.28 +8.03 +29.6 – 

Difference 

of bbw 

Secondary-

derived 

variables 

(SDVs) 

Total 

bias of 

SDVs 

(%) 

Component bias of SDVs contributed by 

each individual PDV or by bbw (%) 

bb(412) +33.96 -1.00 +15.51 +7.71 – +6.84 

bb(443) +30.71 -1.26 +19.39 +4.81 – +4.79 

bb(490) +28.01 -1.62 +24.43 +1.89 – +2.37 

bb(510) +27.6 -1.72 +26.17 +1.09 – +1.54 

bb(555) +26.95 -1.92 +29.46 – – – 

bb(670) +34.76 -2.32 +36.07 +0.64 – -2.55 
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Table 3.5.  Comparison of error statistics between QAA-derived and SCM-derived 

values of non-phytoplankton adg(!) and phytoplankton aph(!) absorption coefficients 

for both Arctic and lower-latitude waters.  See the caption of Table 3.1 for the 

definition of error statistics.  Total number of observations used for deriving the error 

statistics is 71, including 31 from the Arctic and 40 from lower latitudes. 

 

Variable Model R MR 
SIQR 

(%) 

MPD 

(%) 

RMSD 

(m
-1

) 

adg(412) QAA 0.994 1.058 7.55 9.99 0.0054 

 SCM 0.990 0.986 6.06 5.84 0.0056 

adg(443) QAA 0.985 1.085 11.66 15.89 0.0046 

 SCM 0.981 0.981 8.42 9.09 0.0047 

adg(490) QAA 0.964 1.077 16.42 18.80 0.0030 

 SCM 0.945 0.940 11.48 12.87 0.0038 

adg(510) QAA 0.948 1.058 20.45 23.47 0.0027 

 SCM 0.930 0.925 10.92 11.20 0.0032 

adg(555) QAA 0.920 1.003 26.35 26.38 0.0018 

 SCM 0.875 0.840 10.51 18.44 0.0023 

adg(670) QAA 0.858 0.634 17.18 40.89 0.0012 

 SCM 0.558 0.493 20.50 53.87 0.0014 
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Table 3.5 continues 

Variable Model R MR 
SIQR 

(%) 

MPD 

(%) 

RMSD 

(m
-1

) 

aph(412) QAA 0.957 0.809 42.53 37.21 0.0054 

 SCM 0.986 1.083 23.84 20.35 0.0056 

aph(443) QAA 0.977 0.880 34.31 31.25 0.0046 

 SCM 0.991 1.073 21.28 15.13 0.0047 

aph(490) QAA 0.978 0.911 29.86 22.29 0.0030 

 SCM 0.984 1.131 19.36 21.41 0.0038 

aph(510) QAA 0.965 0.859 37.63 35.35 0.0027 

 SCM 0.967 1.166 28.10 25.59 0.0032 

aph(555) QAA 0.926 0.920 89.13 84.62 0.0018 

 SCM 0.829 1.645 85.18 70.46 0.0023 

aph(670) QAA 0.993 1.150 15.80 16.10 0.0012 

 SCM 0.989 1.191 23.85 19.10 0.0014 
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Conclusions 

!

!

The major accomplishment of this dissertation is the formulation of two 

models; one for partitioning the total light absorption coefficient of seawater with pure 

water contribution subtracted, anw(!), into phytoplankton, aph(!), and non-

phytoplankton, adg(!), components, and the other for partitioning the light absorption 

coefficient of suspended particulate matter, ap(!), into contributions by phytoplankton, 

aph(!), and non-algal particles, ad(!).  The adg(!) component in the first model includes 

absorption contributions of colored dissolved organic matter and non-algal particles.  

An important novelty of these models is the use of a concept referred to as the 

stacked-constraints approach that, to my knowledge, has not been used in any previous 

models in the area of bio-optical oceanography.  The motivation to develop the 

absorption partitioning models based on a novel approach arises from a common 

weakness of existing models, which typically impose restrictive equality-constraints 

on parameters or relations involved in the models.  Such restrictive assumptions result 

in limited quality of model performance.  In contrast, the stacked-constraints approach 

overcomes such problems by accounting for large natural variability of variables 

critical to the model.  This is accomplished by using inequality constraints with upper 

and lower bounds that represent extreme cases of critical variables observed in many 

oceanic environments.  The present work demonstrates that the performance of these 

newly developed models is superior to the previous models, indicating how powerful 

the approach based on the use of inequality constraints is. 
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The new partitioning models in combination with existing and future 

measurement capabilities are expected to play an important role in enhancing our 

knowledge and information about light absorption by phytoplankton and non-

phytoplankton constituents of seawater.  As technology further advances into the 

future, more optical instruments will likely become available for use on various 

observational platforms including not only traditional ones such as ships, moorings, 

airplanes, and satellites, but also new ones such as gliders, Argo floats, autonomous 

underwater vehicles, and unmanned aerial vehicles.  Combination of advanced 

instruments and platforms facilitates a bright future of building four-dimensional 

(horizontal, vertical, and temporal) ocean-observing systems with improved and 

enhanced suite of optical measurements.  Models capable of extracting accurate 

information from "raw" data about critical oceanographic variables that cannot be 

directly measured, such as the presented absorption models that provide estimates of 

phytoplankton and non-phytoplankton absorption contributions, will be essential to 

advancing marine sciences, including the areas of particular relevance to the 

absorption partitioning models, that is ocean optics, ocean color remote sensing, 

biological oceanography, and biogeochemistry of the oceans.  For example, 

phytoplankton absorption data obtained from application of the new partitioning 

model to satellite ocean color products and in situ measurements of absorption can be 

used to improve the estimation of marine primary productivity, absorption-based 

methods for quantification of chlorophyll-a concentration, and assessment of the 

composition of phytoplankton assemblages. 
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Another accomplishment of this dissertation is an evaluation of the 

performance of the Quasi-Analytical Algorithm (QAA) for deriving inherent optical 

properties (IOPs) of seawater, i.e., the spectral total absorption, a(!), and 

backscattering, bb(!), coefficients, from input spectrum of remote-sensing reflectance, 

Rrs(!) (often referred to as ocean color), using field data collected in the Arctic and 

lower-latitude waters.  The sources of error of QAA were identified and quantified.  

The performance of QAA for estimating a(!) was found to vary from very good to fair 

(bias on the order of about ±10%) depending on light wavelength and the oceanic 

region.  For bb(!), the QAA typically shows overestimation from small to as large as 

about 35%.  The linkage between the IOP parameter u [!bb/(a+bb)] and remote-

sensing reflectance was found to be generally the most important source of error in 

QAA.  Therefore, a major recommendation resulting from my analysis is that future 

research for QAA-refinement should be focused on improving the relation that derives 

u from Rrs.  For relatively clear waters, bias of the u parameter is found to be mostly 

attributable to the failure of QAA to account for Raman scattering by water molecules, 

which strongly supports a need to account for Raman scattering effects not only in 

QAA but in all reflectance inversion models.  I also compared the performance of the 

absorption-partitioning component of QAA with my partitioning model described in 

Chapter 1.  By using the same set of input data from measurements of total non-water 

absorption coefficient, anw("), I demonstrated that my model shows superior 

performance over the QAA partitioning model.  This finding suggests that a 

combination of improved portion of QAA that derives the absorption coefficient of 

seawater from ocean reflectance with my absorption partitioning model offers a 
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promising tool for routine determinations of large-scale and global maps of 

phytoplankton and non-phytoplankton absorption coefficients within the world's ocean 

from satellite imagery of ocean color. 

One can expect that important research efforts involving the applications of the 

newly developed absorption partitioning models will be undertaken in the near future.  

The models can be applied with input of absorption coefficients, anw(!) and ap(!), 

obtained from in situ and remote-sensing platforms, especially satellites, to enable the 

analysis of phytoplankton and non-phytoplankton absorption coefficients over 

extended spatial and temporal scales within the world's ocean.  Such studies will lay 

the foundation for routine monitoring of these coefficients in marine environments and 

subsequent broader application of these coefficients, for example the application of 

phytoplankton absorption in the estimation of chlorophyll-a biomass and primary 

production.  Another area of future work is to further evaluate the performance of the 

partitioning models using more extensive sets of field data characterizing the 

component absorption coefficients, i.e., aph(!), ad(!), and ag(!), than was possible at 

the present time.  Although the evaluation of the models using a quite comprehensive 

set of field data has already demonstrated good performance, it is possible that some 

assumptions involved in the inequality constraints will require further refinements for 

specific oceanic regions and/or seasons.  However, given the flexibility of the stacked-

constraints approach, such refinements are expected to be conceptually 

straightforward because they will depend only on the availability of appropriate set of 

field data.  Regarding the details of the algorithm involved in the partitioning models 

based on stacked-constraints approach, one can point to a research direction that 
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appears to be worthy of consideration in the future.  The present algorithms of these 

models utilize the upper and lower boundaries of inequality constraints to identify the 

range of feasible solutions and final optimal solutions within that range, which 

implicitly assume that the values of each constraint variable are distributed with the 

same probability within the area of feasible solutions.  However, in actuality the 

probability distribution of constraint variables is not necessarily uniform.  Therefore, it 

will be useful to explore an alternative approach for determining the optimal solutions 

of the partitioning models on the basis of actual empirical probability distributions of 

constraint variables. 

 




