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Highlights

What are the main findings?

• A spectral response function (SRF) was introduced to quantify the response of Rrs to
relative changes in CDOM, chlorophyll-a, and mineral particles.

• The applied spectral response function reveals that mineral particles have a secondary
but condition-dependent influence on Rrs, primarily through scattering processes.

What are the implications of the main findings?

• The results highlight limitations of single-band and band-ratio algorithms in optically
complex Baltic waters, where multiple constituents simultaneously affect the signal.

• The proposed spectral response framework provides a quantitative basis for improving
bio-optical models and remote sensing algorithms for Case 2 waters.

Abstract

Remote sensing reflectance (Rrs) in optically complex waters is controlled by the com-
bined effects of phytoplankton, colored dissolved organic matter (CDOM), and suspended
mineral particles. In the Baltic Sea, strong CDOM absorption and variable particle loads
complicate the interpretation of ocean color signals and the retrieval of biogeochemical
properties. In this study, we investigate the individual and combined influence of these opti-
cally significant constituents on Rrs using a set of HydroLight radiative transfer simulations
representing typical Baltic Sea conditions. A wide range of chlorophyll-a (0.25–10 mg·m−3),
CDOM absorption (0.5–15 m−1), and particulate inorganic matter (0.04–4 g·m−3) was
considered. To quantify the influence of each component, a spectral response function
was applied, defined as the change in Rrs relative to a normalized perturbation of each
input parameter. This approach preserves information about the magnitude of the re-
flectance signal and allows direct comparison of the impact of different constituents across
the visible spectrum. The spectral response analysis reveals that the relative influence of
each constituent varies with wavelength and environmental conditions, highlighting the
limitations of single-band or ratio-based algorithms in optically complex waters. These
findings provide a quantitative framework for interpreting spectral variability of Rrs in
the Baltic Sea and other optically complex water basins, support the development of more
robust bio-optical algorithms for Case 2 waters. Similar spectral response analysis can be
conducted in other water basins in order to quantify combined constituent-specific effects
on Rrs.
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1. Introduction
The Baltic Sea is one of the world’s largest semi-enclosed brackish water bodies and

provides numerous ecosystem services that support the economies of the surrounding
countries. Its coastal and marine ecosystems sustain fisheries, maritime transport, tourism,
recreation, and other economic activities while contributing to nutrient cycling, carbon
sequestration, and biodiversity conservation [1,2]. At the same time, the Baltic Sea is
subject to substantial anthropogenic pressure, including eutrophication, pollution, and
climate-driven environmental changes, making continuous environmental monitoring a
key requirement for sustainable management of the region [3].

Monitoring the distribution and variability of seawater constituents, such as phyto-
plankton pigments, colored dissolved organic matter (CDOM), and suspended particulate
matter, is essential for assessing ecosystem status and understanding biogeochemical pro-
cesses in the Baltic Sea [4]. These constituents directly influence water quality, primary
productivity, and light penetration and serve as indicators of eutrophication and other envi-
ronmental changes [5,6]. However, the Baltic Sea is optically complex due to strong spatial
gradients in salinity, high terrestrial inputs of organic matter, and independently varying
concentrations of phytoplankton, CDOM, and suspended particles, which complicate both
in situ and satellite-based observations [7].

Satellite ocean-color remote sensing offers an effective means of monitoring seawater
constituents across large spatial scales and with high temporal frequency. Recent advances
in sensors such as Sentinel-3 OLCI have improved the capability to retrieve chlorophyll-a
(Chl-a), CDOM, and suspended matter concentrations in Baltic waters, enabling long-
term assessments of ecosystem dynamics and supporting environmental management
initiatives [8,9]. Consequently, the development and validation of robust remote sensing
approaches for the Baltic Sea remain important research priorities for both scientific un-
derstanding and operational monitoring of this environmentally and socio-economically
significant marine ecosystem.

The absorption coefficient, together with the volume scattering function, defines the
inherent optical properties (IOPs) of a water body. IOPs can be measured in situ or in the
laboratory, providing local and temporal information on seawater composition and quality.
Total absorption and scattering coefficients in seawater are the sums of the corresponding
coefficients for each optically significant component [10]:

a(λ) = aw(λ) + achl(λ) + aCDOM(λ) + aPIM(λ), (1)

b(λ) = bw(λ) + bchl(λ) + bPIM(λ), (2)

where aw(λ) is the absorption of pure water, achl(λ) is the absorption of Chl-a (the organic
fraction of total suspended particulate matter), aCDOM(λ) is the absorption of CDOM, and
aPIM(λ) is the absorption of particulate inorganic matter (PIM). Correspondingly, bw(λ),
bchl(λ), and bPIM(λ) are the scattering coefficients of pure water, Chl-a, and mineral particles.

In contrast, apparent optical properties (AOPs) are derived from measurements of
downwelling and upwelling light intensity obtained using remote techniques—from space,
offshore platforms, optical buoys, or sensors deployed directly in the water [11].
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In ocean optics, remote sensing reflectance (Rrs) is a key quantity used to interpret the
color of the ocean and to retrieve the concentrations of individual seawater components
from satellite or airborne sensors. It provides a normalized measure of water-leaving
radiance and is defined as [10]

Rrs(λ) =
Lw(λ)

Ed(λ)
(3)

where Lw(λ) is the water-leaving radiance (W·m−2·sr−1) and Ed(λ) is the downwelling
irradiance (W·m−2). In open-ocean waters, the spectrum of Rrs is primarily shaped by Chl-a
concentration and co-varying CDOM [12]. In coastal waters, estuaries, and inland seas,
the relationship between Rrs and the concentrations of individual components becomes
more complex, driven by local interrelationships. Nevertheless, Rrs plays a critical role
in coastal water observation for environmental, ecological, and human-activity-related
purposes. The spectral variability of Rrs carries information about seawater component
concentrations, but the effects of multiple components often overlap. Understanding the
potential influence of each component on water-leaving light is therefore essential for
correctly interpreting Rrs data. Therefore, there is a need to establish multi-band and multi-
band ratio relationships between Rrs and component concentrations. This is particularly
important in coastal and optically complex waters, where global algorithms and models
have limited applicability, and the use of inappropriate models can lead to misinterpretation
of results. Most previous studies have focused on empirical relationships between selected
Rrs band ratios and individual water constituents, such as chlorophyll-a, colored dissolved
organic matter (CDOM), or suspended mineral particles [4,13–15]. While these approaches
have proven useful for the development of constituent-specific retrieval algorithms, there
remains a lack of methods capable of quantifying the relative spectral response of Rrs

to simultaneous changes in multiple optically significant constituents. This limitation is
particularly important in optically complex waters, where phytoplankton, CDOM, and
mineral particles coexist and interact to shape the observed reflectance spectrum [10,16].

To address this gap, we analyzed a set of unbiased Rrs spectra generated through
radiative transfer modeling using representative ranges of IOPs measured in the Baltic Sea.
The aim of this study is to identify and discuss the spectral features of Rrs associated with
variations in CDOM, phytoplankton, and mineral particle concentrations, with particular
emphasis on the optically complex environment of the Baltic Sea. Although the influence of
optically significant constituents on remote sensing reflectance has been extensively investi-
gated, relatively few studies have quantitatively characterized these relationships specifi-
cally for Baltic Sea waters, which are distinguished by high CDOM concentrations, strong
seasonal variability, and large spatial gradients in constituent composition [7,13,14,17]. One
important knowledge gap is the absence of a comprehensive framework for identifying
spectral regions that remain sensitive to a given constituent under varying concentrations
of other coexisting constituents.

To overcome this limitation, we propose the use of the spectral response function (SRF)
as a measure of the sensitivity of Rrs to relative changes in CDOM, Chl-a, and mineral
particles. Previous studies have investigated sensor-specific spectral response functions
(also referred to as relative spectral response functions) and their influence on ocean-color
products, sensor intercomparisons, and Rrs retrievals [18–21]. However, these investiga-
tions have primarily focused on sensor characteristics and global ocean-color applications
rather than on the spectral response of Rrs to variations in water constituents, particularly
in the Baltic Sea. Analogous to the use of sensor response functions for cross-sensor harmo-
nization, the SRF proposed here can be applied to radiative transfer modeling datasets to
identify wavelength regions that are most sensitive to phytoplankton, CDOM, and mineral
particles while explicitly accounting for their simultaneous occurrence in varying propor-
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tions. Such information may support the development, optimization, and interpretation of
bio-optical algorithms by linking spectral sensitivity directly to constituent concentrations.

The objectives of this study are:

• To assess the individual and combined influence of phytoplankton, CDOM, and min-
eral particles on remote sensing reflectance within concentration ranges representative
of optically complex Baltic Sea waters, using radiative transfer modeling.

• To provide a quantitative and convenient measure of the spectral sensitivity of Rrs to
optically significant constituents under Baltic Sea conditions and in similar coastal and
inland waters.

2. Materials and Methods
2.1. Study Site

The Baltic Sea is a very atypical water basin, with limited water exchange with the
North Sea and a high riverine freshwater input, resulting in very low surface salinity of
about 7 PSU. It is a semi-enclosed sea with one of the highest transport intensities in the
world, making it particularly susceptible to long-term pollution and the cumulative effects
of excessive nutrient inputs [22]. The Baltic Sea is relatively shallow, with an average depth
of about 55 m, and 86% of its area is shallower than 100 m [23]. The euphotic zone in the
Baltic Sea ranges from 1 to 5 m in estuaries and small gulfs to about 13 m in the Baltic
Proper, reaching up to 22 m in the largest Bothnian Bay and Bothnian Sea [24].

From an optical perspective, the Baltic Sea is a complex water basin classified as
Case 2 waters [25]. Its inherent optical properties are primarily shaped by three types of
components: phytoplankton, colored dissolved organic matter (CDOM), and suspended
mineral particles. Phytoplankton, typically characterized by the concentration of its main
pigment, chlorophyll-a (Chl-a), exhibits strong seasonal variability, with maxima during
spring and summer blooms. Chl-a concentrations typically range from 0.1 mg·m−3 in the
winter season in deeper areas to 15 mg·m−3 in gulfs and estuaries (see Table 1) [26]. Average
Chl-a concentrations tend to increase over the years due to persistent eutrophication [27],
and spring and summer blooms are becoming more frequent and prolonged [28].

Table 1. Typical ranges * of optical parameters in different regions of the Baltic Sea [24,26,29].

Baltic Sea
Area Type

Chl-a
Winter

mg·m−3

Chl-a
Summer
mg·m−3

aCDOM(440)
m−1

PIM
g·m−3

Deep waters
(northern part) 0.1–0.2 0.5 1–3 0.4–9

Baltic Proper 0.25 3 0.2–0.5 0.04–0.35
Small gulfs

(shallow coastal waters) 0.3–0.7 5–10 3–5 0.2–2.5

Estuaries 1–5 10–15 10–15 1–20
* Temporal higher values are not included in this summary.

Baltic Sea waters are characterized by a relatively high content of CDOM, which
dominates the process of light absorption. The absorption coefficient spectrum of CDOM
decreases exponentially across the ultraviolet-visible range. It is characterized by the
absorption at a reference wavelength, aCDOM(λ0), where λ0 is usually 440 nm, and by the
slope of the exponential curve, γ. Values of aCDOM(λ0) typically range from 0.25 m−1 in
open Baltic waters to 5 m−1 in coastal waters and up to 15 m−1 in turbid estuaries. The slope
γ has been reported to vary between 0.007 and 0.036 with a median of 0.018–0.020 [29,30].

At the same time, large riverine inflows make coastal Baltic waters rich in suspended
particulate matter (SPM) of inorganic origin. The inorganic part of the total SPM is often
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referred to as PIM—particulate inorganic matter. Mineral particles primarily affect light
scattering, contributing to the total scattering coefficient and altering the directional dis-
tribution of scattering, as described by the volume scattering function. Particle scattering
and backscattering coefficients are spectrally described by power-law functions. Typical
concentrations of mineral particles in the Baltic Sea range from 0.04 mg·m−3 in open waters
to several g·m−3 in coastal areas [26,29].

2.2. Radiative Transfer Simulations

In the present study, we selected a typical range of inherent optical properties for
the Baltic Sea and then used the HydroLight numerical model (Numerical Optics Ltd.,
Devon, UK) to compute remote sensing reflectance. The HydroLight software 6.0 version
solves the radiative transfer equation (RTE) using a direct solution based on the invariant
embedding method developed by Mobley [10]. The RTE is a differential–integral equation
that describes changes in the directional distribution of radiance with depth in water. In the
case of horizontally homogeneous water, the time-independent RTE is given as follows [10]:

os θ
dL(z,θ,ϕ,λ)

dz = −[a(z, λ) + b(z, λ)]L(z, θ, ϕ, λ)+

b(z, λ)
∫ 2π

0

∫ π
0 L(z, θ′, ϕ′, λ)

∼
β(z, θ′, ϕ′ → θ, ϕ, λ)sin θ′dθ′dϕ′ + S(z, θ, ϕ, λ),

(4)

where L(z, θ, ϕ, λ) is the directional and spectral radiance at depth z; a(z, λ) and b(z, λ)

are the total absorption and scattering coefficients at depth z;
∼
β is the phase function

of the volume scattering function, and the scattering angle in
∼
β is defined as the angle

between the incident light direction (θ, ϕ) and the scattered direction (θ′, ϕ′). The source
function S(z, θ, ϕ, λ) is usually considered to represent inelastically scattered light at other
wavelengths (by chlorophyll-bearing particles and CDOM) or an internal light source such
as bioluminescence.

Figure 1 shows a schematic block diagram of the HydroLight radiative transfer model
applied in this study. All simulations were conducted using the same air–water and
seabed boundary conditions in order to compare specific features of Rrs shaped solely by
seawater components.

Figure 1. Block diagram of the applied radiative transfer model from HydroLight software. Elements
framed in orange are constant in all simulations; elements framed in green are variable.
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2.3. Bio-Optical Model of the Baltic Sea

In this study, we customized the New Case 2 IOPs model suitable for optically complex
waters. The model consists of four components: pure water, chlorophyll-bearing particles,
CDOM, and mineral particles.

Pure water. Optical properties of pure seawater were computed as functions of the
water temperature (T) and salinity (s) after Röttgers et al. [31] and Zhang et al. [32], using
T = 10 ◦C (most typical of the spring–summer season, when measurements are conducted)
and s = 7.5 PSU (average for the Baltic Proper) [33].

Chlorophyll-dependent components. Chlorophyll-a concentration was assumed to
be constant with depth and varied from 0.25 mg·m−3 to 10 mg·m−3, based on typical
values measured in the Baltic Sea and included in datasets from Woźniak et al. [29] and
Kratzer and Moore [26]. All IOPs were determined as functions of Chl-a concentration,
using combined data from Morrison and Nelson [34] and Bricaud et al. [35] for absorption
coefficients, and from Morel et al. [36] for scattering coefficients and phase functions:

achl(λ) = A(λ)·CE(λ)
chl-a (5)

bchl-a(λ) = b0(Cchl-a)
n·
(

λ

550

)v
, (6)

where A(λ) and E(λ) are experimentally derived coefficients over a large dataset from
Bricaud et al. [33]; while b0(Cchl-a), n, and υ are experimentally derived parameters by
Morel et al. [36] applied in the HydroLight model. Technically, the model separates small-
and large-particle phase functions, and the fraction of their contribution is determined by
chlorophyll concentration. Medium UV absorption was assumed.

CDOM. The absorption of CDOM decreases exponentially with wavelength according
to Mobley and Sundman [37]:

aCDOM(λ) = aCDOM(λ0)e−γ(λ−λ0), (7)

where aCDOM(λ0) is the CDOM absorption at the reference wavelength λ0 = 440 nm,
expressed in m−1, and γ is the slope of the exponential decay. The range of aCDOM(440)
values varied from 0.5 m−1 (typical for open Baltic Sea waters) to 15 m−1 (characteristic of
turbid estuarine waters). For all simulations, we assumed the same representative Baltic
Sea value of the slope, γ = 0.018, following Kratzer and Moore [26].

Regarding mineral particles, the concentration of mineral particles was assumed to be
constant with depth and ranged from 0.04 g·m−3 (minimum values for open Baltic waters)
to 4 g·m−3, representing typical maximum concentrations of particulate inorganic matter
observed in bays during the spring season [26]. The absorption coefficient of PIM was
described by an exponential decay function [37]:

aPIM(λ) = C·a∗PIM(λ0)e−S(λ−λ0), (8)

where C is the PIM concentration in g·m−3; a∗PIM(λ0) is the mass-specific absorption
coefficient at the reference wavelength λ0 = 400 nm, expressed in m2·g−1; and S is the
slope of the exponential decay. The value of a∗PIM(400) was set to 0.09189 m2·g−1 following
Woźniak et al. [38], and the slope S = 0.011 after Bowers et al. [39] and Babin et al. [40].

The scattering coefficient of PIM was described by a power-law function of the wave-
length [37]:

bPIM(λ) = C·b∗PIM(λ0)·
(

λ0

λ

)m
, (9)
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where b∗PIM(λ0) is the mass-specific scattering coefficient of PIM at the reference wavelength
λ0 = 550 nm, expressed in m2·g−1, and m is the spectral exponent. Typical values of m in
the Baltic Sea range between −1 and 1. In this study, the values b∗PIM(550) = 0.016 m2·g−1

and m = 1 were selected as most representative, following Woźniak et al. [38].
The scattering phase function for PIM was described using a Fournier–Forand function,

parameterized by the ratio of the backscattering coefficient bb,PIM to the total scattering
coefficient bPIM [40]. For pure inorganic particles, the ratio bb,PIM/bPIM has been shown to
be nearly wavelength-independent in the visible range (0.022–0.024) based on long-term
Baltic Sea observations [38]; therefore, a constant value of 0.023 was assumed.

Figure 2 presents the scheme of the modeling series conducted for 25 combinations of
five mineral particle concentrations (M1–M5) and five Chl-a concentrations (C1–C5). Corre-
sponding values of aCDOM(440) were selected to represent realistic Baltic Sea conditions:
lower CDOM absorption values, associated with low CDOM concentrations, are typical
of open Baltic waters characterized by low Chl-a and low PIM concentrations, whereas
higher concentrations of Chl-a and PIM correspond to higher CDOM levels. This controlled
selection of parameters allowed us to analyze specific spectral features of remote sensing
reflectance attributable to individual seawater components.

Figure 2. Scheme of the HydroLight modeling series conducted for 25 combinations of five mineral
particle concentrations, marked as M1–M5 in the rows, and five Chl-a concentrations, marked as
C1–C5 in the columns. Corresponding values of aCDOM(440) are displayed using color shades and
explained by the color bar.

2.4. Boundary Conditions

Simulations were performed using a set of representative boundary conditions for the
Baltic Sea. All boundary conditions were kept constant in order to isolate the effects of
individual seawater components on remote sensing reflectance.

The air–water interface was modeled using an azimuthally isotropic Cox–Munk wave
slope distribution, parameterized by a wind speed of 5 m·s−1. The wavelength-dependent
refractive index of seawater was computed for a temperature of T = 10 ◦C and salinity
s = 7.5 PSU, following the empirical formulation of Quan and Fry [41]. The direct and
diffuse components of downwelling irradiance were calculated using the RADTRAN-X
sky model included in HydroLight. The sky model parameters were set to a solar zenith
angle of 30◦ and 30% cloud cover in open waters above Gdansk Bay (55.0N; 19.0E). Default
values were applied for most RADTRAN-X parameters, with the exception of sea-level
pressure (101,325 kPa) and airmass type (type five was assumed in this study).
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All simulations included the effects of inelastic scattering, namely Chl-a fluorescence,
CDOM fluorescence, and Raman scattering by water. The depth of the water column
was assumed to be infinite, which is a common approximation for optically complex and
turbid waters such as the Baltic Sea. Due to relatively high concentrations of CDOM,
phytoplankton, and mineral particles, light penetration in the Baltic Sea is strongly limited
and typically does not reach the seabed. The depth of the euphotic zone in the Baltic Sea
generally ranges from 1 to 5 m in estuaries and coastal gulfs to approximately 10–15 m in the
Baltic Proper, reaching up to about 20–25 m in the Bothnian Sea and Bothnian Bay [22,24,25].
In contrast, the average bottom depth of the Baltic Sea is substantially greater. As a result,
the euphotic zone occupies only the upper 10–30% of the water column in most regions
(and up to ~50% in the Bothnian Bay), leaving the seabed permanently aphotic.

2.5. Spectral Response Function of Rrs

Simulations of Rrs enable a quantitative assessment of the impact of individual seawa-
ter constituents on the reflected signal. To compare the influence of Chl-a, colored dissolved
organic matter (CDOM), and particulate inorganic matter (PIM), a spectral response func-
tion (SRF) was defined and evaluated across the visible spectrum.

The SRF is expressed as

SRF(λ) =
∆Rrs(λ)

∆X/X
, (10)

where Rrs(λ) is the remote sensing reflectance at wavelength λ, and X is the input parameter
(Chl-a concentration, aCDOM or PIM concentration), the fraction ∆X/X is the relative
change in the input parameter, while ∆Rrs(λ) represents the corresponding absolute change
in reflectance.

In practice, the relative perturbation of the input parameter was defined using a
symmetric (centered) formulation:

∆X
X

=
xi − xj

(x i+xj
)
/2

(11)

where xi and xj denote two arbitrary values of the parameter within the considered range.
The SRF was evaluated for all pairwise combinations of parameter values, allowing the
response of Rrs(λ) to be assessed across the full range of variability rather than only for
local perturbations. Accordingly, the SRF was computed as

SRF(λ) =

∣∣∣∣∣∣∣
Rrs(λ, xi)− Rrs

(
λ, xj

)
xi−xj

(x i+xj)/2

∣∣∣∣∣∣∣ (12)

This formulation corresponds to a centered finite-difference approximation and pro-
vides a numerically stable estimate of the response across the full range of parameter
variability. The SRF represents the absolute change in Rrs in response to a relative perturba-
tion of the input parameter and therefore retains the same units as Rrs (sr−1).

Unlike dimensionless sensitivity metrics, the SRF preserves information about the
magnitude of the reflectance signal, which is essential for remote sensing applications. In
the limit of small perturbations, this formulation converges to X· dRrs

dX , providing a physically
consistent measure of the response of Rrs to changes in optically significant constituents.

3. Results
The modeling results of global variation in all three parameters are presented in

Figure 3. It shows 25 remote sensing reflectance spectra generated using the HydroLight
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modeling software for 25 different parameter sets. The modeled scenarios varied in the
concentration of PIM (five levels, shown in the rows of Figure 2), phytoplankton (repre-
sented by five levels of Chl-a concentration, shown in the columns of Figure 2), and CDOM,
represented by nine different values of absorption at 440 nm, aCDOM (440) (see color scale
in Figure 2).

Figure 3. Summary of 25 remote sensing reflectance (Rrs) spectra obtained for different parameter sets
of PIM concentration, Chl-a concentration, and CDOM absorption. The variation in these parameters
is summarized in Figure 1.

Despite the inclusion of 25 spectra in a single figure (Figure 3), the use of distinct line
colors and brightness levels allows several clear patterns to be identified. In the central
part of the spectrum, the maximum Rrs values correspond to scenarios characterized by
the lowest concentrations of mineral suspended particles, which are also associated with
low CDOM levels. At shorter wavelengths (400–565 nm), the highest Rrs is observed
for the M1C1a05 scenario, representing the lowest concentrations of CDOM, PIM, and
Chl-a. At wavelengths above 570 nm, Rrs is dominated by the M1C5a5 scenario, which is
characterized by minimal PIM concentration but the highest Chl-a concentration.

Spectra associated with high concentrations of mineral particles and Chl-a generally
exhibit the lowest Rrs values in the short- and mid-wavelength ranges. In the red spectral
region, above 620 nm, a clear stratification and ordering of the spectra emerge, primarily
driven by differences in Chl-a concentration.

The highest Rrs values in the red spectral bands are associated with waters character-
ized by the highest Chl-a concentration (symbol C5), whereas the lowest Rrs values corre-
spond to waters with the lowest Chl-a concentration (symbol C1). At wavelengths above
655 nm, the spectra become completely separated and grouped according to chlorophyll
concentration. With increasing wavelength, the influence of the other parameters—namely,
the PIM concentration and CDOM—progressively decreases, and their effect on the shape
of the Rrs spectra becomes negligible.
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The compilation of 25 spectra shown in Figure 3 motivated a more detailed analysis
of the influence of individual (one-at-a-time) seawater components on the shape of Rrs

spectra. Three additional local modeling series were conducted in order to isolate and
highlight specific spectral features of Rrs associated with individual seawater components,
as summarized in Table 2:

• Effect of PIM. The influence of particulate inorganic matter was analyzed under two
representative conditions: a typical Baltic Proper scenario (fixed Chl-a = 0.25 mg·m−3

and aCDOM = 1 m−1) and a typical gulf scenario (fixed Chl-a = 4 mg·m−3 and
aCDOM = 7 m−1).

• Effect of Chl-a. The influence of Chl-a was examined for a typical Baltic Proper scenario
(fixed PIM = 0.04 g·m−3 and aCDOM = 1 m−1) and for a typical gulf scenario (fixed
PIM = 4 g·m−3 and aCDOM = 7 m−1).

• Effect of CDOM. The influence of CDOM was also analyzed under four scenarios:
(i) low PIM = 0.04 g·m−3 and low Chl-a = 0.25 mg·m−3, representing typical Baltic
Proper values; (ii) high PIM = 4 g·m−3 and low Chl-a = 0.25 mg·m−3, representing gulf
waters without an active phytoplankton bloom; (iii) low PIM = 0.04 g·m−3 and high
Chl-a = 4 mg·m−3, representing open Baltic waters during a phytoplankton bloom;
and (iv) high PIM = 4 g·m−3 and high Chl-a = 4 mg·m−3, representing typical gulf
values during a bloom.

Table 2. Parameters of the additional modeling series representing the most typical Baltic Sea
scenarios, conducted to analyze the influence of individual seawater components on the shape of
Rrs spectra.

Scenario PIM, g·m−3 Chl-a, mg·m−3 aCDOM, m−1 Figure

Baltic Proper
scenario

variable 0.25 1 Figure 4a
0.04 variable 1 Figure 5a
0.04 0.25 variable Figure 6a
0.04 4 variable Figure 6c

Typical gulfs
and bays
scenario

variable 4 7 Figure 4b
4 variable 7 Figure 5b
4 0.25 variable Figure 6b
4 4 variable Figure 6d

Figure 4. Effect of suspended mineral particles concentration on Rrs for (a) low Chl-a and low CDOM
concentrations representing a typical Baltic Proper scenario, and (b) for high Chl-a and CDOM
concentrations, representing a typical gulf scenario.
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Figure 5. Effect of Chl-a concentration on Rrs for (a) low PIM and CDOM concentrations, representing
typical Baltic Proper conditions, and for (b) high PIM and CDOM concentrations, representing typical
Gulf water conditions.

Figure 6. Influence of CDOM concentration, indicated by increasing aCDOM, on Rrs for four repre-
sentative scenarios: (a) low PIM and low Chl-a, typical open Baltic waters; (b) high PIM and low
Chl-a, gulf waters without an active phytoplankton bloom; (c) low PIM and high Chl-a, open Baltic
waters during a phytoplankton bloom; and (d) high PIM and high Chl-a, gulf waters with an active
phytoplankton bloom.

The analyses presented in the following sections focus on the effect of variations in the
concentration of only one of the three optically significant seawater components at a time.
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3.1. Influence of Mineral Particles on Rrs Spectra

Results presented in Figure 4 illustrate the influence of mineral particles on Rrs. Simula-
tions were performed for five PIM concentrations—0.04, 0.125, 0.4, 1.25, and 4 g·m−3—while
all other parameters were held constant. The highest PIM concentration is two orders of
magnitude greater than the lowest.

Figure 4a shows Rrs spectra for low Chl-a concentration and low CDOM absorption
(aCDOM(440) = 1 m−1), while Figure 4b presents results for elevated Chl-a concentration
(4 mg·m−3) and higher CDOM absorption (aCDOM(440) = 7 m−1). Under low Chl-a and
CDOM conditions, representing a typical Baltic Proper scenario, the Rrs spectra exhibit a
characteristic shape, with low values at short and long wavelengths and a pronounced
maximum in the green spectral region around 570–575 nm. Across all PIM concentrations,
peak Rrs values are only about five times higher than the minimum values at the spectral
edges. The highest reflectance corresponds to the largest PIM concentration, and the lowest
to the smallest. The relative difference in Rrs between these two cases varies spectrally,
reaching approximately 20% in the blue region, about 9% in the 525–550 nm range, and up
to 66% in the red region.

In contrast, Figure 4b, representing a typical gulf scenario in the Baltic Sea, demon-
strates Rrs variability under elevated phytoplankton and CDOM concentrations, where
spectral differences are much more pronounced. Maximum Rrs values, observed near
645–650 nm, exceed the minimum values by nearly a factor of 20. Despite a 100-fold dif-
ference in PIM concentration, its influence on the spectral shape is minor. Although the
highest Rrs values still correspond to the largest PIM concentration, the overall spectral
form remains nearly unchanged. A comparison between PIM concentrations of 0.04 and
4 g·m−3 shows that Rrs increases by only ~17% at short wavelengths (400–450 nm), ~7% in
the 580–660 nm range, and ~9% at longer wavelengths (680–700 nm).

Comparing Rrs spectra for waters with low Chl-a and CDOM (Figure 4a) and those
with high concentrations of both components (Figure 4b) reveals a characteristic spectral
shift. Elevated Chl-a and CDOM result in increased Rrs in the red spectral region (>600 nm),
similar values in the central part of the spectrum, and reduced Rrs at shorter wavelengths.
While variations in PIM concentration have a relatively moderate effect on Rrs magnitude
and shape, phytoplankton—represented by Chl-a—is expected to introduce substantially
greater spectral variability. This influence is examined in the following subsection under
fixed CDOM and PIM conditions.

3.2. Influence of Chlorophyll on Rrs Spectra

Figure 5 presents simulations conducted for five Chl-a concentrations representing,
for example, the development of a phytoplankton bloom. The concentrations selected for
modeling (corresponding to the columns in Figure 2) were 0.25, 0.5, 1.5, 4, and 10 mg·m−3,
spanning a 40-fold range between the lowest and highest values.

The simulations were first performed for low and fixed concentrations of particu-
late inorganic matter (PIM = 0.04 g·m−3) and CDOM (aCDOM(440) = 1 m−1) (Figure 5a).
The modeling was then repeated for high and fixed values of both parameters, namely
PIM = 4 g·m−3 and aCDOM(440) = 7 m−1 (Figure 5b). In both scenarios, the highest Rrs

values correspond to the highest Chl-a concentration.
For low PIM and low CDOM conditions, representing typical bloom development

conditions in the Baltic Proper, the spectral shape of Rrs remains similar across all chloro-
phyll concentrations, with maxima consistently occurring in the 570–580 nm range. Under
high PIM and high CDOM conditions, representing typical bloom development conditions
in gulfs, the position of the Rrs maximum shifts toward longer wavelengths, occurring near
640–650 nm.
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A comparison between spectra obtained for the lowest and highest Chl-a concentra-
tions indicates that a 40-fold increase in Chl-a results in a 1.5-fold increase in Rrs at the
shortest wavelengths (~400 nm), a 4.5-fold increase in the vicinity of the spectral maxi-
mum (570–580 nm), and approximately a 6.5-fold increase at the longest wavelengths near
700 nm.

3.3. Influence of CDOM on Rrs Spectra

In the last step, the influence of CDOM was analyzed under four representative
scenarios:

• Low PIM and low Chl-a concentrations (Figure 6a), representing typical open Baltic
waters without an active phytoplankton bloom;

• High PIM and low Chl-a concentrations (Figure 6b), representing gulf waters in the
Baltic Sea without an active phytoplankton bloom;

• Low PIM and high Chl-a concentrations (Figure 6c), representing open Baltic waters
during a phytoplankton bloom;

• High PIM and high Chl-a concentrations (Figure 6d) representing gulf waters with an
active phytoplankton bloom.

In all scenarios, the highest Rrs values occurred at the lowest CDOM content, corre-
sponding to an absorption coefficient aCDOM(440) = 0.5 m−1, whereas the lowest Rrs values
were observed at the highest CDOM absorption (aCDOM(440) = 15 m−1). A comparison
across the four scenarios indicates that the largest absolute Rrs values are associated with
low PIM concentrations combined with high Chl-a levels, as illustrated in Figure 6c. For
low CDOM concentrations, the Rrs spectrum exhibits a single dominant maximum at ap-
proximately 570–580 nm. As CDOM concentration increases, this maximum progressively
decreases in magnitude and shifts toward longer wavelengths. Simultaneously, additional
maxima emerge in the red spectral region (650–680 nm) and become dominant across the
spectrum at the highest CDOM levels.

The presence of mineral particles can either increase or decrease Rrs values, depending
on the Chl-a and CDOM concentrations. Under conditions of low Chl-a and low CDOM,
high PIM concentrations reduce the absolute Rrs values; however, this effect reverses at
aCDOM ≥ 1 m−1, where higher PIM concentrations lead to increased Rrs compared to low-
PIM conditions. In contrast, under high Chl-a conditions, the Rrs-damping effect of PIM
persists up to aCDOM ≤ 3 m−1, indicating that the backscattering contribution of mineral
particles becomes apparent only at higher CDOM levels. In the following subsection, we
discuss the obtained modeling results in the context of recent Baltic Sea research.

4. Discussion
4.1. Variability of Blue-to-Green Rrs Ratios in Relation to Chl-a, CDOM, and PIM Concentrations
in the Baltic Sea: Overview Based on Global Variability 25 Simulated Spectra

Many bio-optical models are based on correlations between blue-to-green remote
sensing reflectance ratios and Chl-a concentration. The most commonly applied ratios
are Rrs(443)/Rrs(560) and Rrs(490)/Rrs(560) [16,42,43]. In this study, we analyzed the same
band ratios calculated from HydroLight modeling results (with input parameters shown in
Figure 2 and summarized results presented in Figure 3) to demonstrate the potential range
of influence of three optically significant components in the Baltic Sea: chlorophyll-bearing
particles (phytoplankton), colored dissolved organic matter (CDOM), and mineral particles.
In Case 1 waters, these ratios are primarily used to retrieve Chl-a concentration [44], whereas
in optically complex Case 2 waters, they act as indicators of the combined concentrations
of light-absorbing and light-scattering constituents [45,46]. In general, lower ratio values
correspond to higher concentrations of optically significant seawater components.
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The Rrs(443)/Rrs(560) ratio is sensitive to both Chl-a and CDOM concentrations; how-
ever, in CDOM-rich waters, the influence of CDOM absorption, together with enhanced
mineral backscattering, can dominate the signal. Consequently, in Baltic Sea bio-optical
algorithms, this ratio is most often used to characterize CDOM concentration [9] or to
separate CDOM and phytoplankton contributions [47]. By contrast, the Rrs(490)/Rrs(560)
ratio is less sensitive to CDOM absorption while remaining highly responsive to Chl-a
concentration, which makes it more suitable for application in turbid waters [26,48].

Because the relationship between blue-to-green Rrs ratios and Chl-a concentration
exhibits a hyperbolic-like shape, the correlations are presented in Figure 7 as functions of
the inverse chlorophyll concentration. The ratio Rrs(443)/Rrs(560) illustrated in Figure 7a
starts from a common value of approximately 0.14 at the highest Chl-a concentration of
10 mg·m−3 under conditions of relatively high CDOM and variable PIM concentrations,
which is consistent with typical eutrophic optical conditions (e.g., [49–51]). Regardless of
the variability in PIM and aCDOM, the Rrs(443)/Rrs(560) ratio in this case remains within
a narrow range of 0.140–0.143. With decreasing Chl-a concentration, the blue-to-green
Rrs ratio increases, reaching a maximum value of 0.360 for waters characterized by the
lowest concentrations of Chl-a, CDOM, and PIM. High Chl-a combined with high CDOM
concentrations dominates the value of this ratio, while the influence of mineral particles is
negligible, which is typical for optically complex waters [52].

Figure 7. Blue-to-green Rrs ratios plotted against the inverse of Chl-a concentration: (a) Rrs(443)/Rrs(560)
and (b) Rrs(490)/Rrs(560).

The Rrs(490)/Rrs(560) ratio exhibits a similar relationship (Figure 7b). At the highest
Chl-a concentration, the ratio is approximately 0.310, varying only slightly between 0.307
and 0.312. As Chl-a concentration decreases, the ratio increases, reaching a maximum
value of 0.605 for waters with the lowest CDOM and PIM concentrations; again, PIM has
a negligible effect on this ratio. The values of Rrs(490)/Rrs(560) are approximately 50%
higher than those of Rrs(443)/Rrs(560), which makes the former more suitable for ocean
color retrievals, as previously concluded by Darecki and Stramski [53] and Kowalczuk
et al. [30]. Moreover, Woźniak and Meller [54] also emphasize the need for “locally cali-
brated” bio-optical algorithms in the Baltic Sea, based on a set of HydroLight simulations.
They demonstrate the applicability of the ratio of Rrs(490)/Rrs(625) to retrieve the total
SPM concentration.

Due to the overlapping effects of phytoplankton and CDOM absorption in the blue
spectral bands, a single Rrs ratio is rarely used alone in bio-optical algorithms for tur-
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bid waters. Instead, it is commonly combined with absolute Rrs values in the red or
near-infrared (NIR) spectral regions, their ratios, or normalized differences [54–56]. Ac-
cordingly, Figure 8 illustrates the range of Rrs(665) values obtained for all 25 combinations
of Chl-a, CDOM, and PIM concentrations representative of typical Baltic Sea scenarios.
The highest Rrs(665) values are associated with high Chl-a and low PIM concentrations.
The contribution of CDOM to Rrs(665) is explicitly visualized along the x-axis. Identical
Chl-a concentrations are connected by green dashed lines, while extreme values of the
same mineral particle concentrations are connected by blue dashed lines. An increase in
CDOM concentration leads to an increase in Rrs(665) only at low Chl-a levels (C1–C2, corre-
sponding to 0.25–0.5 mg·m−3). A similar pattern is observed for mineral particles, which
increase absolute Rrs(665) values only at comparably low Chl-a concentrations. At higher
Chl-a concentrations, Rrs(665) decreases with increasing CDOM and PIM. Overall, Chl-a
exerts a much stronger effect on Rrs(665) than either CDOM or mineral particles. Rrs(665)
increases significantly with Chl-a concentration, from approximately 0.00015–0.00020 sr−1

at 0.25 mg·m−3 to 0.00064–0.00081 sr−1 at 10 mg·m−3, representing more than a five-fold
increase in reflectance associated with a forty-fold increase in Chl-a concentration.

Figure 8. Remote sensing reflectance at 665 nm plotted against the CDOM absorption coefficient at
440 nm for 25 combinations of Chl-a, CDOM, and PIM concentrations representing typical Baltic
Sea conditions. Green dashed lines connect points with fixed Chl-a concentrations (C1, . . ., C5) and
varying PIM concentrations (M1–M5), while blue dashed lines connect the two extreme scenarios of
fixed PIM concentrations (M1 and M5) and varying Chl-a concentrations (C1–C5).

Moreover, Rrs in the red and NIR spectral bands are closely related to turbidity.
Dogliotti et al. [57] applied Rrs(645) and Rrs(859) in a semi-empirical, single-band algorithm
and demonstrated that this approach is largely insensitive to variations in particle type, size,
and composition. The use of the red band around 665 nm is particularly recommended for
waters with low to moderate turbidity (approximately 1–10 NTU). Typical turbidity values
in the Baltic Sea range from approximately 0.2–1 NTU in offshore waters to 1–5 NTU in
most coastal areas and 5–20 NTU in estuaries [55,58,59]. Despite generally lower turbidity
compared to sediment-dominated estuaries, Baltic Sea waters are optically complex due to
strong CDOM absorption. Consequently, turbidity retrievals in this region rely primarily
on red and NIR reflectance, including bands centered near 665 nm [57,60,61]. In this context,
our results demonstrate that Rrs(665), and by extension turbidity, in the Baltic Sea is strongly
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influenced by scattering from both chlorophyll-bearing particles and mineral particles. At
Chl-a concentrations below 1.5 mg·m−3, Rrs(665) increases exponentially with increasing
PIM concentration by approximately 10–33%, whereas above this chlorophyll threshold,
Rrs(665) decreases with increasing PIM by approximately 21–26%.

To isolate the contribution of mineral particles to individual Rrs spectral bands, Figure 9
presents the results for three wavelengths: (a) 443 nm, (b) 560 nm, and (c) 665 nm. The
Rrs values are derived from the set of 25 HydroLight simulations shown in Figure 3 and
are plotted as a function of PIM concentration. In all graphs, the results are displayed
as five series distinguished by brightness, with the lightest color representing the lowest
Chl-a concentration of 0.25 mg m−3 (the first column in Figure 2) and the darkest color
corresponding to the highest Chl-a concentration of 10 mg m−3 (the last column in Figure 2).
All three plots share the same vertical-axis scale to facilitate direct comparison.

Figure 9. Remote sensing reflectance for spectral bands: (a) 443 nm, (b) 560 nm, and (c) 665 nm,
plotted with PIM concentration.

Figure 9a demonstrates that at 443 nm, all Rrs values decrease with increasing PIM
concentration. The highest Rrs(443) values occur in waters characterized by the lowest
PIM and the lowest Chl-a concentration, represented by the lightest-colored series. As
PIM concentration increases, the influence of Chl-a concentration diminishes, and Rrs(443)
values converge toward similar levels across all series.
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In Figure 9b, showing Rrs(560), all reflectance values are higher than those observed at
443 nm. Rrs(560) decreases markedly with increasing PIM concentration, by up to a factor
of four for the C1 series representing the lowest Chl-a concentration. At the same time, a
consistent ordering of Rrs(560) values by Chl-a concentration cannot be identified across
the full PIM range. At low PIM concentrations, the highest Rrs(560) values are associated
with the C1 series, whereas at high PIM concentrations, the highest Rrs(560) values occur
for the C5 series, corresponding to the highest Chl-a concentration.

Figure 9c, which presents Rrs(665), reveals a distinctly different ordering of the series
compared to the blue and green bands. For the highest Chl-a concentration (darkest
lines and symbols), Rrs(665) reaches the largest values and decreases monotonically with
increasing PIM concentration. In contrast, for the lowest Chl-a concentration, Rrs(665)
values are substantially lower, by a factor of approximately three to five, and remain
nearly constant over the PIM range from 0.04 to 0.4 g·m−3. At higher PIM concentrations,
Rrs(665) increases for these low-Chl-a conditions. Similarly, Nechad et al. [62] concluded
that the concentration of total suspended matter can be retrieved from Rrs at 665–750 nm
with similar accuracy up to 30%, depending on the satellite sensor; this accuracy can be
improved by using multi-band algorithms.

4.2. Scaled Spectral Sensitivity of Rrs to Optically Significant Constituents Under Baltic
Sea Conditions

Finally, based on the extended local modeling series presented in Table 2, our results are
synthesized in Figure 10. This figure summarizes the ranges of absolute Rrs values obtained
for different combinations of three optically significant components in Baltic Sea waters.
The ranges correspond to representative, typical (rather than extreme) low (L) and high (H)
levels of the following constituents: chlorophyll-a (Chl-a; L = 0.25 mg·m−3, H = 4 mg·m−3),
colored dissolved organic matter (CDOM; L corresponding to aCDOM = 1 m−1 and H to
aCDOM = 7 m−1), and particulate inorganic matter (PIM; L = 0.04 mg·m−3, H = 4 mg·m−3).

We compared Rrs at three spectral bands that are most characteristic of remote sensing
of optically complex waters: 490 nm (blue band), 560 nm (green band), and 650 nm
(red band). With increasing Chl-a concentration (Figure 10a), Rrs also increases, but at
different rates. The most rapid increase occurs in the green band under low CDOM
and PIM levels, whereas the slowest increase is observed in the blue band under high
CDOM and PIM conditions. Notably, the lowest Rrs(490) values obtained under low
remaining parameters are comparable to the highest Rrs(650) values obtained under high
levels of those parameters. Figure 10b illustrates the range of the PIM effect on Rrs in
different spectral bands under low and high levels of the remaining parameters. The most
pronounced increase in Rrs is observed in the red band under low Chl-a and low CDOM
conditions. In contrast, Rrs(490) remains nearly constant under high Chl-a and high CDOM
conditions. These results are consistent with Kratzer and Moore [26], who compared the
typical Baltic optical properties to other seas and oceans, suggesting that the red/green
Rrs ratio could be a better alternative to improve the quantitative retrieval of Chl-a from
CDOM-dominated waters.

Whereas increasing concentrations of Chl-a and PIM lead to higher Rrs values across
the visible spectrum, the effect of CDOM, illustrated in Figure 10c, is opposite: increasing
CDOM concentrations reduce remote sensing reflectance. Rrs in the blue and green bands
decrease at similar, approximately exponential rates with increasing CDOM under both
low and high levels of the remaining parameters. The absolute values of Rrs(490) under
high PIM and high Chl-a conditions are comparable to those of Rrs(560) under low PIM
and low Chl-a conditions. In the red band, the effect of CDOM becomes nearly linear.
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Figure 10. Summarized typical ranges of absolute Rrs values in three spectral bands (490 nm,
560 nm, and 650 nm) obtained for different combinations of Chl-a, PIM, and CDOM concentrations.
Graphs show Rrs variability with increasing (a) Chl-a, (b) PIM, and (c) CDOM under low remaining
parameters (blue lines) or high remaining parameters (green lines), with the following low (L) and
high (H) levels: Chl-a: L = 0.25 mg·m−3, H = 4 mg·m−3; CDOM: L corresponding to aCDOM = 1 m−1

and H to aCDOM = 7 m−1, and PIM: L = 0.04 mg·m−3, H = 4 mg·m−3.

To complement the analysis presented above, the results were further interpreted in
terms of the spectral response SRF(λ), defined in Section 2.3 (Equation (8)). This formulation
enables direct comparison of the influence of CDOM, phytoplankton, and mineral particles
across the visible spectrum for all scenarios shown in Figures 4–6.

Analysis of the spectral distribution of SRF(λ), together with its maxima SRFmax(λ)

and corresponding wavelengths λmax, allows identification of spectral regions where
Rrs is most responsive to each constituent under representative Baltic Sea conditions.
Distinct patterns emerge for each component, reflecting the different roles of absorption
and scattering processes (Figure 11). The figure presents only the maximum values of
SRF(λ) and their associated wavelengths, although full spectra were evaluated for all
considered variations in the input parameter X.

The horizontal axis of the figure represents the central wavelengths of the spectral
bands. It can be observed that the highest values of SRFmax(λ), occur when CDOM
absorption is the varying parameter, particularly under conditions of low PIM concentration
(0.04 g m−3) and high Chl-a concentration (4 mg m−3). Under these conditions, SRFmax(λ),
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reaches its maximum in the central part of the spectrum, corresponding to the spectral
bands at approximately 560–570 nm, and is associated with variations at the lowest CDOM
absorption level (aCDOM = 0.5 m−1).

Figure 11. Maximum of the spectral response function, SRFmax(λ) for variables X (CDOM absorption,
Chl-a concentration, and particulate inorganic matter—PIM), plotted against the wavelengths (λmax)
at which these maxima occur. Each point represents the maximum SRF value identified from the full
spectral response.

Similarly high spectral responses are observed for variability in Chl-a concentration
under conditions of low aCDOM and low PIM concentrations (green points in Figure 11). In
this case, the maximum occurs at slightly longer wavelengths, around the 575–580 nm spec-
tral band. The highest SRFmax(λ) values are observed for the largest Chl-a concentrations
(4–10 mg m−3).

The majority of SRFmax(λ) values occur within the spectral range of approximately
560–600 nm. Variations in CDOM absorption lead to maxima distributed over a relatively
broad spectral range. In contrast, variability in Chl-a and PIM exhibits a more constrained
behavior: depending on the values of the remaining parameters, the maxima occupy one,
two, or three adjacent spectral bands.

For example, variability in Chl-a under conditions of high CDOM absorption and high
PIM concentration results in maximum spectral responses confined to a single spectral
band at 645–650 nm. The lowest values of SRFmax(λ) are observed for variability in PIM
concentration. Under conditions of low Chl-a and low CDOM absorption, SRFmax(λ)

ranges from 3 × 10−6 to 7 × 10−5, with maxima spanning two spectral bands between
590 and 600 nm. Even lower values of SRFmax(λ) are obtained for PIM variability under
conditions of high CDOM absorption and high Chl-a concentration. In this case, SRFmax(λ)

ranges from 9 × 10−7 to 3 × 10−5, and the maxima extend across three spectral bands
between 680 and 695 nm.

The spectral patterns obtained in this study are generally consistent with previous
observations showing that CDOM is the dominant absorber in Baltic Sea waters and
strongly affects the blue part of the Rrs spectrum, whereas chlorophyll-a exerts the strongest
control over reflectance in the red and red-edge regions (e.g., Darecki and Stramski [53],
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Kowalczuk et al. [30], Kratzer and Moore [26]). However, most previous studies were
focused on empirical relationships between selected band ratios and individual water
constituents, while the present work quantifies the relative spectral response of Rrs to
simultaneous changes in CDOM, phytoplankton, and mineral particles across a broad
range of realistic Baltic Sea conditions.

A key difference from earlier studies is that the proposed spectral response function
(SRF) allows the magnitude of constituent-specific effects to be compared directly on a
common scale. The results demonstrate that CDOM dominates spectral variability below
approximately 550 nm, whereas chlorophyll-a becomes the principal driver of variability in
the red spectral region. In contrast, mineral particles have a secondary but non-negligible
influence that depends strongly on the optical background conditions. This finding extends
previous Baltic Sea studies, which often treated suspended particles mainly as a source of
additional scattering, by showing that their contribution becomes significant only under
specific combinations of CDOM and phytoplankton concentrations.

The comparison with previous research, therefore, provides a new understanding of
the spectral partitioning of constituent effects in optically complex Case 2 waters. Rather
than identifying only spectral bands correlated with a given parameter, the SRF framework
reveals where and under which environmental conditions each constituent dominates
the reflectance signal. This information may support the development of more robust
regional bio-optical algorithms and improve constituent retrieval in waters where strong
CDOM absorption and variable particle loads limit the performance of conventional band-
ratio approaches.

5. Conclusions
The spectral shape and magnitude of Rrs in the Baltic Sea are controlled by the com-

bined and interdependent effects of the three optically dominant constituents: CDOM,
phytoplankton, and mineral particles. Among these components, Chl-a plays the dominant
role in scaling the overall magnitude of the Rrs spectrum. In contrast, CDOM is primarily
responsible for reducing Rrs, particularly in the blue and green spectral regions, and for
shifting the reflectance maximum toward longer wavelengths. Mineral particles generally
increase absolute Rrs values through enhanced backscattering; however, their contribution
remains secondary and becomes significant mainly under low-absorption conditions.

The present study quantifies the expected range and direction of Rrs variability across a
broad spectrum of constituent concentrations representative of typical Baltic Sea conditions.
The results demonstrate that the influence of individual components cannot be considered
independently, as their optical effects are strongly modulated by the concentrations of the
remaining constituents. A forty-fold increase in Chl-a corresponds to more than a five-fold
increase in Rrs, whereas a thirty-fold increase in CDOM absorption induces a seven- to
sixteen-fold reduction in reflectance, depending on background conditions. In contrast,
even a hundred-fold increase in PIM produces only a limited response, with Rrs increasing
by up to 1.5 times in the red band. The backscattering contribution of particulate inorganic
matter becomes apparent only when CDOM absorption is sufficiently low, whereas high
CDOM concentrations suppress the influence of scattering particles and dominate the
spectral response.

The analysis of the spectral response function can improve the understanding of
how optically significant constituents shape the Rrs spectrum in the conditions of low and
high concentrations of other components in coastal waters. The identified wavelengths of
maximum spectral response may provide guidance for the selection of spectral bands used
in future satellite retrieval algorithms for chlorophyll-a, CDOM, and suspended particles
in Baltic Sea waters, and they may support the development of regionally optimized bio-
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optical models for optically complex environments. In particular, the results highlight the
importance of accounting for strong CDOM absorption and constituent interactions when
retrieving Chl-a and suspended particle properties in the Baltic Sea and similar optically
complex environments. We recommend conducting Rrs spectral response analyses over
large locally measured and modeled data sets in order to advance the algorithm-based
retrieval of individual seawater component concentrations.
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