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Abstract Imaging spectrometry of non-oceanic aquatic ecosystems has been in development since the late 1980s when the first airborne hyperspectral sensors were deployed over
lakes. Most water quality management applications were, however, developed using multispectral mid-spatial resolution satellites or coarse spatial resolution ocean colour satellites
till now. This situation is about to change with a suite of upcoming imaging spectrometers
being deployed from experimental satellites or from the International Space Station. We
review the science of developing applications for inland and coastal aquatic ecosystems
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that often are a mixture of optically shallow and optically deep waters, with gradients of
clear to turbid and oligotrophic to hypertrophic productive waters and with varying bottom visibility with and without macrophytes, macro-algae, benthic micro-algae or corals.
As the spaceborne, airborne and in situ optical sensors become increasingly available and
appropriate for aquatic ecosystem detection, monitoring and assessment, the science-based
applications will need to be further developed to an operational level. The Earth Observation-derived information products will range from more accurate estimates of turbidity and
transparency measures, chlorophyll, suspended matter and coloured dissolved organic matter concentration, to more sophisticated products such as particle size distributions, phytoplankton functional types or distinguishing sources of suspended and coloured dissolved
matter, estimating water depth and mapping types of heterogeneous substrates. We provide an overview of past science, current state of the art and future directions so that early
career scientists as well as aquatic ecosystem managers and associated industry groups
may be prepared for the imminent deluge of imaging spectrometry data.
Keywords Inland and coastal water · Imaging spectrometry · Biophysical parameters ·
Spectral, spatial and temporal resolutions · Satellite observations

1 Introduction
Inland and coastal water ecosystems are environmentally important, provide multiple ecosystem services and are vital for human consumption, irrigation, sanitation, transportation,
recreation and industry. In the past decades, these ecosystems have experienced high stress
from various human impacts as well as climate change (Hartmann et al. 2013). Among
them, the increasing eutrophication and pollution of many of these environments are major
environmental threats.
There is an increasing need for regular monitoring of inland and coastal waters to support national and international directives and conventions such as the European Water
Framework Directive, the US Clean Water Act & Safe Drinking Water Act and the Australian Reef Water Quality Protection Plan, requiring biological, hydro-morphological and
physico-chemical parameters of water bodies to be monitored on a regular basis. Information on the state and development of water bodies is also a prerequisite to meet the United
Nations Sustainable Development Goal No. 6 to “ensure availability and sustainable management of water and sanitation for all” by 2020.
Inland and coastal waters are natural and man-made systems, with differing characteristics that show very large dynamics in time and space. For example, freshwater ecosystems include lakes, ponds, streams and rivers, as well as wetlands, comprised of marshes,
mangroves, floodplains and swamps. The overall number of lakes larger than 0.002 km2 is
estimated to be more than 117 million making up 3.7% of the Earth’s non-glaciated land
area (Verpoorter et al. 2014). However, out of these only a small proportion of water bodies is currently included in a regular and consistent monitoring programme biased towards
larger water bodies, whilst the majority of small lakes and water bodies is never monitored.
Earth Observation (EO) may be used for acquiring timely, frequent synoptic information, from local to global scales, of inland and coastal waters. EO based measurements
of physical and biochemical parameters in these waters mainly rely on the interpretation
of the spectral reflectance, which is used to retrieve water components, water depth and
bottom properties. EO data have been successfully applied for mapping inland and coastal
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waters for about 50 years (e.g., Strong 1974; Wang and Shi 2008; Stumpf et al. 2012;
Bresciani et al. 2014; Matthews and Odermatt 2015). Landsat data have been continuously used to have long-term lake water quality information on synoptic scale (Olmanson
et al. 2008), while for large water bodies many applications used coarse spatial resolution
data gathered from of ocean colour satellite sensors because they provide the most suited
spectral, radiometric and temporal resolutions for aquatic resolution. In particular, MERIS
ocean colour sensor, with its spatial resolution of about 300 m and dedicated spectral bands
for detecting chlorophyll-a (Chl-a) in turbid waters, has been successfully used for studying
lakes and coastal waters from 2002 to 2012 (Odermatt et al. 2012). These studies focused
on the retrieval of water reflectance, physical parameters (e.g., turbidity, diffuse attenuation
coefficient, water clarity), suspended and dissolved water quality components such as Chl-a
concentration (commonly used as a proxy of phytoplankton biomass), coloured dissolved
organic matter (CDOM) and total suspended matter (TSM). More recently, the synoptic,
fine-scale and high-frequency retrieval of these parameters has become possible because
of the latest generation of medium to high spatial resolution multispectral sensors onboard
Landsat-8 and Sentinel-2 satellites. These land imaging sensors are not specifically
designed for observing aquatic ecosystems but they are suitable for detailed water quality
analysis (Pahlevan et al. 2014; Toming et al. 2016) due to their: (1) radiometric sensitivity
(> 12-bit quantisation) (Hedley et al. 2012; Dörnhöfer and Oppelt 2016); (2) spatial resolution of 10–30 m; (3) revisit times of 16 and 5 days, respectively; and (4) improved spectral
band setting in the visible/near-infrared wavelengths range. Successful examples of the use
of these new sensors are provided by Hedley et al. (2016) for mapping corals, Kutser et al.
(2016) and Giardino et al. (2014) for boreal and subalpine lakes, Dörnhöfer et al. (2016)
for oligotrophic lakes, Vanhellemont and Ruddick (2014) for coastal turbid waters, Lobo
et al. (2015) and Giardino et al. (2017) for rivers and Brando et al. (2015) for river plumes.
Nevertheless, according to Mouw et al. (2015), the current satellite radiometers
are designed for observing the global ocean or land surface and thus not specifically
suited for observing coastal and inland waters, so that deriving coastal and inland
aquatic applications from these existing sensors remains challenging. Tyler et al. (2016)
reviewed the developments and technological advances in EO for the assessment and
monitoring of inland, transitional, coastal and shelf-sea waters. They summarised the
opportunities that the next generation of satellites offer for water quality monitoring and
concluded that the operational use of satellites for the assessment and monitoring of
freshwater and coastal ecosystems is still evolving. Muller-Karger et al. (2018) recently
outlined specifications for satellite requirements that offer the potential for rapid, frequently repeated, and consistent high-quality observations to characterise changes of
essential biodiversity variables of coastal ecosystems.
Most of the challenges in inland and coastal water observations are due to their optical complexity. These aquatic ecosystems can be a mixture of optically shallow and
optically deep waters, with gradients of clear to turbid and oligotrophic to hypertrophic
productive waters and varying bottom visibility with and without macrophytes. For
example, a lake receives and recycles organic and inorganic substances from within the
lake, from its watershed and beyond (atmospheric deposition). Hence, a large range in
optical absorption and backscattering resulting in high optical variability can be found
among and within lakes, estuaries and coastal waters. This poses a challenge for biooptical algorithms applied to optical remote sensing for water quality monitoring applications. Another challenge is performing atmospheric corrections over such variable
aquatic ecosystems as their complexity requires different approaches than those for land
and ocean applications.
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The effect of the atmosphere on the signal received by EO satellite sensors is significant and usually represents 80% or more of the total at-sensor radiance, especially in
the shorter (blue) wavelengths. Accurate modelling of atmospheric absorption and scattering effects, in addition to the specular water surface reflection effects, is required to
derive the water leaving reflectance from hyperspectral image data of water (Gao et al.
2009). Moses et al. (2017) indicated further issues that make the estimation of water
leaving reflectance at the surface challenging: (1) the proximity to terrestrial sources
of atmospheric pollution which results in an optically heterogeneous atmosphere that
is difficult to model; (2) the adjacency effects from neighbouring land pixels around the
water body; and (3) the non-negligible reflectance of water in the near-infrared region
due to high sediment concentrations in inland and near-coastal waters preventing the use
of atmospheric correction schemes adopted for oceans.
Despite the complexity of using imaging spectrometry for inland and coastal water
ecosystems monitoring, Hestir et al. (2015) showed how bio-optical algorithms, specifically developed for assessing water quality in optically complex water systems, perform
best if they can make use of hyperspectral data. Hyperspectral remote sensing, or imaging spectrometry, provides measurements across numerous discrete narrow bands, forming a contiguous spectrum that enables detection and identification of key biophysical
properties of water column and bottom. For over three decades, the acquisition of the
contiguous spectrum for each image pixel has been illustrated in the form of hypercubes
that are commonly used to illustrate the concept of hyperspectral imaging. In the case of
inland and coastal waters applications, hypercubes (Fig. 1) show an amount hyperspectral bands bringing data from the water systems that compared to land targets are mostly
limited to the first part of the spectrum. Between 400 and 800 nm, Lee et al. (2007)
suggested a minimum of 17 spectral bands to observe subtle changes in the remote sensing reflectance of water, given the high variability in the influence of turbidity, bottom
reflectance, and complex atmospheric conditions. Furthermore, when also considering interdisciplinary studies to identify shorelines, floating substances and benthic or
emergent communities the required number and range of bands increases substantially.
Overall, work is still required on the development and validation of remote sensing
algorithms for these optically complex waters (Tyler et al. 2016) for which the large
ranges of concentrations of water components (e.g., in Eleveld et al. (2017), Chl-a varies from 0.1 to 940 mg m−3, the TSM from 0.1 to 290 g m−3, and the absorption CDOM
at 440 nm from 0.04 to 10 m−1), also affect algorithm performances.

Fig. 1  Imaging spectrometer data hypercubes, where colours in the third dimension represent the reflectance of the edge pixels. On the left the fine-scale details in shallow waters (Sirmione Penisula, Lake
Garda) captured from airborne AISA Eagle data; on the right the optical complexity from transitional to
coastal and pelagic waters seen from the HICO (Venice lagoon and North Adriatic Sea) onboard the International Space Station
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This study aims to present the fundamentals, state of the art, benefits and limitations as
well as future perspectives of imaging spectrometry of inland and coastal water monitoring
building forth on the review on aquatic ecosystem from both airborne imaging spectrometry by, e.g., Dekker et al. (2001) and satellite technologies (e.g., Mouw et al. 2015; Bracher
et al. 2017). The paper is divided into three sections: Sect. 2 presents the principles of imaging
spectrometry and the underpinning bio-optical models that enables simulation and inversion
of the concentration of water constituents, water physical properties (turbidity, transparency
and vertical attenuation of light), and in the case of optically shallow waters the water depth
and bottom type and cover.
Section 3 summarises the main achievements of imaging spectrometry for the study of
optically deep and optically shallow waters. Section 4 considers current imaging spectrometry
capabilities and future directions based on user requirements, state-of-the-art science as well
as remaining challenges.

2 Principles of Imaging Spectrometry of Inland and Coastal Waters
2.1 Bio‑optical Models
Natural waters are composed of pure water and various molecules and particles differing in
size, shape and chemical composition. Besides inorganic components like salts, quartz sand,
clay minerals, metal oxides, and gas bubbles of various sizes, a large variety of living organisms and dead organic material is observed in most open waters. Imaging spectrometry utilises
the fact that some constituents affect the spectral composition of the reflected light sufficiently
for quantitative determination of these components. If the reflected light is furthermore influenced by the bottom, in so-called optically shallow waters, imaging spectrometry can also be
used to determine water depth and classify benthic substrates in the case of clear water.
The equations describing the relationship between the water constituents and the optical
properties of a water body are called bio-optical models to acknowledge the omnipresence
of biological components (Morel 2001). Such models connect measured quantities such as
reflectance or attenuation with concentrations of different types of material present and their
optical properties such as the specific absorption or backscattering coefficient. Optical properties depending only on the material are called inherent optical properties (IOPs), while illumination-dependent optical properties are termed apparent optical properties (AOPs) (Preisendorfer 1961). IOPs are additive, but not AOPs, except under certain simplifying conditions.
Concentration-normalised IOPs are called specific inherent optical properties (SIOPs) and
labelled by a star symbol.

2.1.1 Inherent Optical Properties
Bio-optical models group the huge variety of water constituents usually into three classes: coloured dissolved organic matter (CDOM), phytoplankton (phy), and non-algal particles (NAP).
Their contributions to the absorption coefficient, a(λ), and the backscattering coefficient, bb(λ),
of the water body can be expressed as follows:

a(𝜆) = aw (𝜆) + CCDOM × a∗CDOM (𝜆) + Cphy × a∗phy (𝜆) + CNAP × a∗NAP (𝜆)
bb (𝜆) = bb,w (𝜆) + Cphy ×

b∗b,phy (𝜆)

+ CNAP ×

b∗b,NAP (𝜆)

(2.1)
(2.2)
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where aw(λ) and bb,w(λ) are the absorption and backscattering coefficients of pure water,
respectively. Ci is the concentration of class i, a*i (λ) its specific absorption coefficient, and
b*b,i(λ) its specific backscattering coefficient. CDOM backscattering is negligible, thus it is
omitted in Eq. (2.2). The sum of all particulate components is called total suspended mat‑
ter (TSM).
Examples of absorption and backscattering coefficients are shown in Fig. 2. They represent water types with relatively low concentrations of CDOM, phytoplankton and NAP:
CCDOM = 1 g m−3, Cphy = 5 mg m−3, CNAP = 1 g m−3. The SIOPs were chosen as follows:
a*CDOM(λ) from Eq. (2.3) with a∗CDOM (380) = 0.44 m2 g−1 and S = 0.014 nm−1, phy are
*
(440) = 0.027 m2 g−1,
green algae, a*NAP(λ) from Eq. (2.4) with SNAP = 0.011 nm−1, aNAP
b*b,NAP(555) = 0.011 m2 g−1, n = 0.75.
2.1.1.1 Colored Dissolved Organic Matter (CDOM) Light absorption in the blue to yellow wavelengths of inland and coastal waters is frequently dominated by CDOM. It is the
coloured dissolved fraction of the water constituents passing a filter with a pore size of
0.2 µm. Historical names are, besides others, gelbstoff (Kalle 1938) and yellow matter. Most
of its compounds are produced during the decay of plant matter and consist of various humic
and fulvic acids. Their absorption is mainly caused by aromatic groups with various degrees
and types of substitution, including monosubstituted and polysubstituted phenols and various aromatic acids (Korshin et al. 1997). The absorption maxima of these so-called chromophores lie in the UV, for example at 180, 203 and 253 nm for benzene (Korshin et al. 1997),
which is a common aromatic ring structure in humic matter. The longwave tail of their peaks
is commonly approximated by an exponential function for wavelengths greater than 300 nm:
)}
{
(
a∗CDOM (𝜆) = a∗CDOM × exp −S × 𝜆 − 𝜆0
(2.3)

*
, depends on its composition and
The specific absorption coefficient of CDOM, aCDOM
is highly variable within a reported range from 0.27 to 2.16 m2 g−1 at λ0 = 380 nm (Sipelgas et al. 2003). The mass-specific concentration of CDOM is rarely measured together
with CDOM absorption. Because it is linked to remote sensing data only indirectly, the
absorption coefficient at a reference wavelength λ0 is frequently used to express CDOM
concentration, which is a common observable of field measurements and directly linked to
the optical properties of water. For λ0 = 440 nm, CDOM absorption ranges from ~0.004 to
4 m−1 in coastal areas and from ~0.06 to 19 m−1 in inland waters (Kirk 2011). The slope S
depends on CDOM composition. Values ranging from 0.004 to 0.053 nm−1 were observed

Fig. 2  Examples of absorption (left) and backscattering (right) coefficients of water, CDOM, phytoplankton (Phy) and non-algal particles (NAP)
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(Aas 2000), but in most cases S is in the range between 0.010 nm−1 for humic acid dominated waters and 0.020 nm−1 when fulvic acids prevail (Bricaud et al. 1981; Zepp and
Schlotzhauer 1981; Carder et al. 1989; Dekker and Peters 1993; Schwarz et al. 2002; Babin
et al. 2003b; Laanen 2007; Binding et al. 2008; Kirk 2011).
Since Eq. (2.3) is an approximation to a function with a maximum in the UV, the slope
S decreases with increasing λ0. Gege (2000) has derived an equation for the dependence
of S on λ0, and he studied the accuracy of the approximation (2.3) for Lake Constance.
The error exceeded 10% for |λ − λ0| > 60 nm. As CDOM dominates absorption in many
*
(λ) is important. Scattering
coastal and inland waters, an accurate spectral model of aCDOM
of CDOM is small and commonly ignored, yet fluorescence may be significant and should
be accounted for at high concentrations (Pozdnyakov et al. 2002). CDOM fluorescence is,
however, not well studied.
2.1.1.2 Phytoplankton Phytoplankton is one of the most important water constituents for
many aquatic disciplines. Its “fingerprint molecule” Chl-a is frequently used as a measure of concentration since it is an inevitable molecule in the photosynthesis process and
present in all species. Natural waters can contain dozens or hundreds of species, most of
them with similar optical properties. Perhaps the first optical classification for integration
into a bio-optical model was made for Lake Constance (Gege 1998). Four spectral classes
could be distinguished (Cryptophyta, Diatoms, Chlorophyte, Dinoflagellates) and their concentrations determined if these were above certain thresholds. A focus of remote sensing
applications is currently on phytoplankton functional types (PFTs) (Sathyendranath et al.
2014; Mouw et al. 2017), each PFT representing a group of species aggregated according
to distinct functional characteristics, in order to increase our understanding of the role of
phytoplankton in the global carbon cycle (Nair et al. 2008).
Except for blooms and certain species, phytoplankton backscattering is often small
compared to NAP and has a similar spectral signature (see Fig. 2), thus phytoplankton and
NAP backscattering are frequently combined neglecting spectral differences. A detailed
description of bio-optical properties of phytoplankton is available in Matthews (2017).
2.1.1.3 Non‑algal Particles (NAP) All natural waters contain high numbers of mineral
particles derived from the land or from bottom sediments, but also organic components
like bacteria, dead cells and fragments of cells (Kirk 2011). As the particles are of various origins, the spectral properties of NAP can change significantly. Nevertheless, useful
approximations have been found for both absorption and scattering.
NAP absorption frequently follows an exponential equation similar to CDOM
absorption,
)}
{
(
( )
a∗NAP (𝜆) = a∗NAP 𝜆0 × exp −SNAP × 𝜆 − 𝜆0
(2.4)

with a spectral slope typically less than for CDOM. The spectrum sometimes shows
shoulders due to the breakdown products of photosynthetic pigments (Kirk 2011). Studies in coastal waters report SNAP values of 0.0123 ± 0.0013 nm−1 (Babin et al. 2003b) and
*
(λ0) in the order of 0.027 m2 g−1 at λ0 = 440 nm
0.011 nm−1 (D’Sa et al. 2006), and aNAP
(Babin et al. 2003b).
The particle size distribution is roughly hyperbolic in many waters (Bader, 1970), i.e.
the number of particles with a diameter greater than D is proportional to D−γ, where γ varies widely from 0.7 to 6 (Jerlov 1976). Although small particles are numerous, their low
scattering efficiency makes scattering in natural waters frequently dominated by particles
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with D > 2 µm (Jerlov 1976). Scattering and backscattering follow approximately the law
of Angström:
( )−n
( )
𝜆
∗
∗
bb,NAP (𝜆) = bb,NAP 𝜆s ×
(2.5)
𝜆s
The Angström exponent n is typically between 0 and 1 in the open ocean and in clear
coastal waters (Morel and Maritorena 2001; Blondeau-Patissier et al. 2009), and around
zero in shallow and inland waters (Babin et al. 2003a; Chami et al. 2005). The specific
*
(λs) varies by an order of magnitude or more (Chami et al.
backscattering coefficient bb,NAP
2005; Antoine et al. 2011) and is in the order of 0.01 m2 g−1.

2.1.2 AOPs for Optically Deep Waters
Regions of coastal and inland waters that are not noticeably affected by light reflected at the
sea floor are called optically deep. The reflected light depends on the optical properties of
the water body, but also on the illumination conditions, on the field of view of the sensor and
on sensor orientation. That means reflectance is an AOP. To account for different illumination and viewing geometries, various definitions of reflectance exist (Schaepman-Strub et al.
2006). Most useful for remote sensing is radiance reflectance,

rrs (𝜆) =

Lu (𝜆) [ −1 ]
sr
Ed (𝜆)

(2.6)

since sensors on satellite and aircraft measure upwelling radiances, Lu, that are induced by
the downwelling irradiance, Ed, which is the hemispherical integral of the downwelling
radiance.
Ignoring non-solar sources such as bioluminescence, sun-induced fluorescence signals
from Chl-a, phycobiliproteins, phaeopigments, CDOM as well as Raman scattering, the
upwelling radiance consists of two terms:

Lu (𝜆) = Lw (𝜆) + Lr (𝜆)
(2.7)
The first, the water leaving radiance Lw, carries information about the water body, while
the second, the reflected sky radiance Lr, is radiation from specular reflection of light from the
sun, the sky and clouds at the water surface. Only Lw is relevant for bio-optical models of the
water body, hence the ratio
Rrs (𝜆) =

Lw (𝜆) [ −1 ]
sr
Ed (𝜆, 0+ )

(2.8)

is an important quantity for remote sensing of water bodies. It is called remote sensing
reflectance. The symbol 0+ indicates a measurement just above the water surface. The
quantity Lw cannot be measured directly but has to be derived from a measurement of Lu
by subtracting Lr. Then, Rrs is related to subsurface rrs as follows (Mobley 1994; Lee et al.
1998):

Rrs (𝜆) =

13

𝜁 × rrs (𝜆)
1 − 𝛤 × rrs (𝜆)

(2.9)
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where ζ ≈ 0.52 is the water-to-air radiance divergence factor, and the denominator with
𝛤 ≈ 1.6 accounts for the effects of internal reflection from water to air. Monte Carlo simulations and analytical models have demonstrated the usefulness of the function

u(𝜆) =

bb (𝜆)
a(𝜆) + bb (𝜆)

(2.10)

for modelling reflectance of water (Gordon et al. 1975). It allows expressing reflectance as
the product of an AOP, frs(λ), and an IOP, u(λ):
deep
rrs
(𝜆) = frs (𝜆) × u(𝜆).

(2.11)

The superscript “deep” indicates a measurement of optically deep water. A number
of analytical models of the frs factor have been derived (overview in Sokoletsky and
Shen 2014). Here, the model of Albert is used (Albert and Mobley 2003; Albert 2004):

(
)
frs (𝜆) = 0.0512 × 1 + 4.6659 × u(𝜆) − 7.8387 × u(𝜆)2 + 5.4571 × u(𝜆)3
(
) (
)
(
)
(2.12)
0.1098
0.4021
× 1+
×
1
+
× 1 − 0.0044vw .
�
�
cos 𝜃sun
cos 𝜃v

Fig. 3  Variability of remote sensing reflectance of optically deep water. The IOPs of Fig. 2 are used for
each simulation. Altered quantities: a CDOM absorption at 440 nm, range 0.2–2 m−1; b phytoplankton concentration, range 0.5–20 mg m−3; c non-algal particle concentration, range 0.2–10 g m−3; d spectral slope
of CDOM absorption, range 0.01–0.02 nm−1. Screenshots of WASI (Gege 2017b). The spacing of the ten
lines is equidistant on a linear scale for each plot. Hence the spacing is 0.2 m−1 for Fig. 3a, 0.5 mg m−3 for
Fig. 3b, 0.2 g m−3 for Fig. 3c, and 0.001 nm−1 for Fig. 3d
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Here, θ′sun is the sun zenith angle in water, θ′v the viewing zenith angle in water, and vw the
wind speed in units of [m s−1].
These equations allow simulation of Rrs(λ) measurements. The variability of Rrs(λ)
in optically deep waters is illustrated in Fig. 3. The simulations are based on the IOPs
shown in Fig. 2 and of concentrations shown in Fig. 3.

2.1.3 AOPs for Optically Shallow Waters
When the bottom reflectance signal affects the water leaving radiance, the water is called
optically shallow. Analytic models of remote sensing reflectance of such waters have been
developed by Lee et al. (1998, 1999) and Albert (Albert and Mobley 2003; Albert 2004).
They used the same approach,

[
)
}]
{ (
rrs (𝜆) = rrsdeep (𝜆) × 1 − Ars,1 × exp − Kd (𝜆) + kuW (𝜆) × zB
{ (
)
}
+ Ars,2 × Rbrs (𝜆) × exp − Kd (𝜆) + kuB (𝜆) × zB

(2.13)

but different expressions for the model components (see comparisons in Gege 2017a). The
first term on the right is the contribution of a water layer of thickness zB, the second term
of the bottom. The reflected light has passed the water column twice. The corresponding
extinction is described by the attenuation coefficients Kd for downwelling irradiance, kuW
for upwelling radiance originating from the water layer, and kuB for upwelling radiance
from the bottom. Ars,1 and Ars,2 are empirical constants close to 1.
The reflectance properties of the water body bottom (or benthos) are specified by the
irradiance reflectance of the bottom, Rb(λ). Since the benthos composition and cover type
can be heterogeneous on small scales due to mixtures of different benthic substrate type
and covers (Fig. 4), Rb(λ) is expressed as a weighted sum of the contributions of the different substrates:

Rb (𝜆) =

N
∑

fn × An (𝜆).

(2.14)

n=1

Fig. 4  Heterogeneity of bottom substrates: a seagrass in Baltic Sea; b a mussel bed in Baltic Sea; c a ramified coral of Lampi Island (Myanmar); d seagrass and green algae in South Australia; and submerged macrophytes in Lake Constance (Europe): e Potamogeton sp. and f Chara tomentosa
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Fig. 5  Spectral variability of bottom substrates (source CEOS 2017)

Irradiance reflectance of a surface is called albedo, thus the symbol An(λ) is used to
specify the albedo of substrate number n. The weights fn are the areal fractions of the substrates within an image pixel (Σfn = 1). Figure 5 illustrates the diversity of some bottom
substrate albedos.

Fig. 6  Dependence of remote sensing reflectance of optically shallow water on water depth and benthos
type. Water depth is (from black to red) 0.01, 0.02, 0.05, 0.1, 0.2, 0.5, 1, 2, 5, 10 m. Bottom types are
macrophytes (a), dark silt (b), detrital seagrass wrack (c), and dark sand (d). Screenshots of WASI (Gege
2017b)

13

412

Surv Geophys (2019) 40:401–429

The strong dependence of reflectance of optically shallow waters on benthos type and
water depth is illustrated in Fig. 6. The albedo spectra 1, 4, 10 and 13 from Fig. 5 were
used for the simulations; the water layer was modelled using the IOPs of Fig. 2.
The simulations were made using the software WASI (Gege 2017b) and the Albert
model (Albert and Mobley 2003; Albert 2004), which accounts for illumination and viewing geometry and has been developed for a large range of environmental parameters,
including most of the water constituent concentrations observed in coastal and inland
waters.

2.2 Retrieval Algorithms
Various algorithms exist to derive water quality parameters in both optically deep and optically shallow waters based on the relation between remote sensing reflectance, concentration and IOPs of water components, and bottom albedo. The approaches that are used to
invert these relations, typically distinguish between empirical and analytical algorithms
(Odermatt et al. 2012).
In many applications (e.g., TSM, Turbidity, Chl-a) the concentrations of water components are often retrieved by empirical or semi-empirical algorithms. They make use of
single band, band ratio or band difference positioned at wavelengths where remote sensing reflectance is sensitive to variation of water components. The single band algorithms,
such as for instance Nechad et al. (2010) for TSM and turbidity, have a sound theoretical
background and perform well in a variety of coastal and inland waters; for waters with
large variety in concentrations an additional switching has been proposed between several
bands at longer wavelengths (Shen et al. 2010; Dogliotti et al. 2015). However, single band
algorithms are generally sensitive to the variability in reflectance due to influences of other
water constituents, the natural variability in the IOPs and to errors in the atmospheric correction (e.g., Sterckx et al. 2007). To overcome this issue, as well as to account for changes
in the concentrations of water constituents and in the spectral shape of their IOPs, several
band ratio and band difference models have been proposed for different variables. Gitelson et al. (2007) used band ratios of the value of signal at the secondary Chl-a absorption
maximum (at around 675 nm) to that at adjacent spectral bands not affected by phytoplankton absorption. These algorithms are typically applicable to Chl-a concentrations above
~10 mg m−3. As the backscattering coefficient has a relatively flat spectral signature, Doxaran et al. (2003) used red-to-green and near-infrared-(NIR)-to-red band ratios for estimating TSM and turbidity. In this case, band ratio algorithms demonstrate reduced effects of
variable sediment types and become less sensitive to illumination conditions. Restricted
to certain water types in which CDOM dominates absorption in the blue (i.e. high CDOM
and low Chl-a) and in which the NIR is not affected much by TSM, CDOM has been estimated with band ratios of blue and NIR bands (Kutser et al. 2005).
Other algorithm approaches are based on the spectral inversion of analytical bio-optical
models, such as the one presented in the sections above, and of numerical radiative transfer models (e.g., Hydrolight, Mobley 1994). The models are inverted through neural networks (e.g., Doerffer and Schiller 2007; Schroeder et al. 2007), use of Look Up Tables
(Salem et al. 2017), matrix inversion (e.g., Brando and Dekker 2003), quasi-analytical
approaches (e.g., Lee et al. 2002) or curve fitting techniques (e.g., Keller 2001) using the
different spectral bands available. These approaches provide a robust mechanism for inverting reflectance into IOPs and water quality parameters through a combination of radiative
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transfer theory and a level of empiricism due to the need for “a priori” SIOP parametrisation (Werdell et al. 2013). These approaches are also widely used in shallow waters
applications. In this field, most of the state-of-the-art approaches applied to hyperspectral
imagery are based on the inversion-optimisation (i.e. curve fitting) of Eq. 2.13 to retrieve
simultaneously depth, water quality parameters and Rb(λ) (see Dekker et al. 2011; Hedley
et al. 2016 for comprehensive reviews).
Based on robust physical knowledge, these spectral inversion approaches are more
widely applicable than the empirical counterparts, particularly when they are coupled with
methods allowing for spatial and temporal variations in water quality parameters typical
of optically complex waters (e.g., Moore et al. 2009; Brando et al. 2012; Verpoorter et al.
2012; Eleveld et al. 2017). In particular, these approaches have high potential to work well
for hyperspectral remote sensing observations as each single spectrum can be decomposed
to estimate IOPs, water quality parameters, bottom types and depth simultaneously.

2.3 Uncertainties
An essential question asked by users of remote sensing data is how reliable and accurate
are the maps of the distribution of water constituents, water depth and benthic composition, as they are derived from radiance spectra sampled at top of atmosphere or at aircraft
altitudes. To answer this question, and by focusing on optically deep waters only, one has
to consider a number of issues in optical remote sensing of water optical properties and inwater constituents, which cause and determine the uncertainties:
(1) The radiance spectra, from which concentrations of in-water constituents have been
derived are determined by a large number of atmospheric variables, the optical processes at the air/sea interface and by the optical properties of the water. The number of
variables that need to be retrieved often exceeds the number of spectral bands available
in multispectral Earth observing sensors, thus leading to an underdetermined system.
However, in the case of hyperspectral sensors, the number of spectral bands available
more than the number of variables to be retrieved. As the optical properties at multiple
wavelengths may not be independent of each other, a situation may arise where the
inversion system is underdetermined even for hyperspectral observations (depending
on the variables to be retrieved). It has to be realised that each of the water components
(cf. Section Bio-optical models above) consists of a family of substances with different and varying optical properties, which implies a possible large uncertainty when
these components are decomposed from the radiance spectrum observed by the sensor
spectrum (but this will depend on whether the representativity of the model complexity
and its parametrisation are adequate). Thus, there will always be a level of uncertainty
and end-users want to know this level of uncertainty in the final information products
to determine if they are fit for purpose.
(2) Water bodies belong to the darkest surfaces of the Earth. In such waters, the fraction of
reflected light is very small, being of the order of 1% of the incident flux. Thus, we have
to deal with a low signal-to-noise-ratio (SNR), which requires more accurate correction for the atmospheric and air-water interface contributions (Moses et al. 2017). This
signal/noise ratio is wavelength dependent and changes with the concentration of the
water constituents, the sky and sunlight reflected at the water surface, the composition
of the atmosphere and the sensitivity of the EO sensors.
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(3) The impact of each component of the water constituents on the water leaving radiance
spectra depends on its optical properties (specific absorption and scattering coefficients
and fluorescence) and its concentration. If one component, e.g., CDOM, dominates
the other components it may fully mask the impact of the other components on the
reflectance spectrum (masking effect), so that it may become impossible to detect the
presence or determine the concentration of the other components (e.g., phytoplankton
Chl-a) with the required accuracy.
Other major issues are the nonlinear relationship between the concentration of a water
constituent and reflectance. High concentrations of highly-scattering substances might
cause saturation, i.e. the reflectance does not increase significantly with increasing concentration. Also, the vertical distribution of the depth of the retrieved signal can lead to
significant uncertainties. For multiband and hyperspectral algorithms, one has to consider
that each band has a different penetration signal depth, i.e. the depth from which 90% of
the reflected light comes (Gordon and McCluney 1975). This is, among other things, due
to the absorption by pure water with its strong increase in the red and near-infrared spectral
range. The consequence is that in case of a heterogeneous vertical distribution of the water
constituents the spectral bands of a multiband algorithm get information from different layers and would therefore not be consistent with each other.
There are different ways to tackle the issue of uncertainties. The minimum and most
important step is to inform the user of EO products about doubtful pixels and possible
uncertainties. This requires co-algorithms, which detect cases/pixels, which are contaminated, e.g., by clouds or sun glint or which are out of scope of the algorithm for the atmospheric correction or for the retrieval of water constituents, water depth or benthic composition. These pixels have to be flagged by the co-algorithms as doubtful so that the user can
exclude them.
A further step is to estimate the uncertainties. This has to be performed separately for
different areas or seasons or even on a pixel by pixel basis because different optical types
of waters and different atmospheric conditions cause different problems and thus modify
uncertainties in the retrieval process.
If uncertainty numbers are available from comparisons with water samples from different optical water types, an optical classification of the pixels based on their reflectance
spectra can be used to determine the uncertainty for each class (Belo Couto et al. 2016;
Jackson et al. 2017; Sathyendranath et al. 2017).
In complex waters, where concurrent match-up samples and spectra are rare, the determination of uncertainties might also be based on simulated data. The forward model to
simulate the reflectance spectra from the IOPs of water and its constituents obviously must
be in agreement with the model of the inversion algorithm and should meet the natural
conditions as close as possible. This method has been established for data of MERIS and
OLCI of optically complex coastal waters (e.g., Doerffer and Schiller 1997, rev 2016), and
for Hyperion by Brando and Dekker (2003) and Giardino et al. (2007).

13

Surv Geophys (2019) 40:401–429

415

3 Applications and User Requirements
3.1 Water Quality Monitoring and Assessment of Biophysical Parameters
Remote sensing instruments such as spaceborne optical spectrometers provide relevant
information to monitor water quality as well as to estimate biophysical parameters. Interested users are both institutional and private. Institutional users include environment agencies, water management authorities and port authorities. Private users include agriculture,
forestry, aquaculture, dredging companies and drinking water companies. Fishery and recreation industries are also interested, from the water quality and clarity as well as benthic
habitat point of view.
From 1991 (Dekker et al. 1991) till the launch of MODIS in 1999 developments in
algorithms for determination of water quality and biophysical properties (reviewed in Dekker et al. 2001) focused on airborne imaging spectrometry, while Landsat and SPOT have
been continuously providing data for broader synoptic observation scales (e.g., Lindell
et al. 1999; Olmanson et al. 2015) for more than three decades. More recently, the use
of medium resolution sensor and of the ocean-coastal-focused MODIS and MERIS (with
its successor OLCI) further supported the developments in water quality and biophysical
parameter algorithms, while the multispectral Sentinel-2 along with Landsat-8, are offering
advanced opportunities for synoptic, fine-scale and high-frequency monitoring applications
in lakes (Pahlevan et al. 2014; Toming et al. 2016). Finally, finer scale studies of aquatic
ecosystems have been based on higher spatial resolution satellite sensors (e.g., Rapide-Eye,
WorldWiew-3) that are attractive for use in spatially heterogeneous areas for applications
such as the mapping of benthic habitats (e.g., Paringit and Nadaoka 2012).
In such a context, hyperspectral imaging enables increases in the estimation accuracy of
variables currently observed by multispectral sensors (e.g., Chl-a, TSM), as well as facilitates detection of new variables of interest (identification and quantification of particulate
and dissolved matter: type and size of suspended particles, types of pigments, organic matter composition, cyanobacteria, inorganic pollutants, etc.) for multiple user-driven applications. For example, some dissolved components are markers of soil erosion while in tropical areas (e.g., Khan et al. 2018); inorganic particulate matter concentration can be used as
an indicator of regional (deforestation) and global (climate) changes (e.g., Lal 2003); particulate matter and CDOM may be used as tracers of nutrients or pollutants (e.g., Ylöstalo
et al. 2016); CDOM might play a significant role in the global carbon cycle (e.g., Tranvik
et al. 2009). Hyperspectral measurements are particularly relevant to assess phytoplankton pigments that provide information for assessing the trophic status, evaluating the ecosystem’s functioning and for distinguishing (potentially toxic) harmful algal blooms. For
example, Dierssen et al. (2015a) used HICO data to capture a red tide ciliate bloom in
coastal waters.
Related to the last case, the following example shows the mapping of phytoplankton
types in inland waters. The approach presented in this study makes use of the spectral
decomposition of phytoplankton absorption spectra as part of the bio-optical modelling
of reflectance. This method allows to obtain information on the major phytoplankton functional types (PFT) present also under non-bloom conditions. The proposed methods, along
with the difference in spectral absorption and scattering associated with phytoplankton
types also considers the impact of their abundance as changes in phytoplankton quantity
(e.g., Chl-a concentration) produce a shift in water reflectance peaks and dips, which only
hyperspectral sensors are able to capture. According to different work (Nair et al. 2008;
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Bracher et al. 2009; Sadeghi et al. 2012; Sathyendranath et al. 2014; Mouw et al. 2017)
such methods have great potential for hyperspectral remote sensing. Airborne Prism
Experiment (APEX) imagery (98 channels used from 426 to 905 nm) acquired on 27 September 2014 and corrected for atmosphere and air/water interface effects (Sterckx et al.
2011) was used for mapping PFT in Mantua Lakes in northern Italy. The airborne campaign was developed with coincident field measurements for validation. The Mantua Lakes
are small, highly productive and hypertrophic. The lakes show covariant water constituents
and transition from fluvial to lentic waters presenting a challenging case for both algorithm
development and testing. More than 40 days of in situ measurements were performed in
Mantua Lakes over 10 years to achieve a comprehensive dataset of concentrations of water
quality parameters, of IOPs and AOPs (Bresciani et al. 2013; Manzo et al. 2015), leading to the parameterisation of a bio-optical model similar to the one described in Sect. 2
or to previously published case-2 models (e.g., Pierson and Strömbeck 2001; Albert and
Mobley 2003). In particular, to model the absorption of phytoplankton, the decomposition
approach described in Sect. 2 was adopted according with the four following phytoplankton groups: diatoms, chlorophyte, chrysophyta, cryptophyta and cyanophytes (Planktothrix
sp. a cyanobacteria species dominated by phycoerythrin pigments, and Cylindrospermopsis
raciborskii and Anabaena sp. a cyanobacteria species dominated by phycocyanin).
The bio-optical model was applied to the water reflectance from APEX imagery and all
its contiguous bands were selected to estimate Chl-a concentrations and all of each PFT.
A collection of input APEX spectra is presented in Fig. 7, illustrating the appearance and
shift of spectral peaks and dips. This behaviour is not only due to the specific absorption
of phytoplankton pigments but also to the abundance of other water components (TSM and
CDOM). In particular, in the spectral region between 670 and 720 nm the relative Rrs maximum occurs in wavelength positions shifting from 693 nm to 709 nm, while the position
of the reflectance minimum also 667 nm and 678 nm. These well-known features (Schalles

Fig. 7  APEX spectra (corrected for atmosphere and air/water interface effects) from Mantua Lakes, Italy,
flown on the 27 September 2014. In the near-infrared region the wavelength position of the relative Rrs
maximum shifts from 693 to 709 nm depending on Chl-a concentration (broadening the 676 in vivo absorption feature) and the biomass of phytoplankton that causes increased scattering, all superimposed on a minimum in combined CDOM, NAP and pure water absorption). On the hand, the position of the reflectance
minimum also shifts between 667 and 678 nm due to the Sun-induced Chl-a fluorescence signal
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Fig. 8  APEX data from Mantua Lakes, Italy, flown on the 27 September 2014. The map on the left shows
the Chl-a concentrations obtained from the inversion of the bio-optical model. The same inversion provided, for the largest lake (yellow box), the distribution of phytoplankton types

and Yacobi 2000; Dall’Olmo and Gitelson 2005) are explained by an increase in Chl-a
concentration and the biomass of phytoplankton and by the Sun-induced Chl-a fluorescence signal, that shifts the reflectance minimum towards shorter wavelengths (Dall’Olmo
and Gitelson 2005). Therefore, Chl-a concentration is better estimated if contiguous bands
are present allowing the switching between the different wavelengths (to capture the relative maximum/minimum of Rrs) or wavelength combinations are feasible (Bresciani et al.
2013). As found Dekker et al. (1991) and Dekker (1993) some spectra also show features
due to phycoerythrin and phycocyanin pigments absorption around 590 nm and 620 nm,
respectively, which can potentially be used to distinguish phytoplankton types (Hunter
et al. 2016).
Figure 8 shows the output of the bio-optical model inversion. The Chl-a map (Fig. 8,
on left) shows a gradient of increasing concentrations from 10 mg m−3 to 50 mg m−3 moving from west to east, thus from river inflow towards the lakes. The accuracy of this map,
after the comparisons with water samples taken at nine stations across the three lakes, is
high (average in situ: 24.9 mg m−3; average from APEX: 25.2 mg m−3, r2 of 0.94). For the
largest lake, a map of PFT was also produced by combining the algal pigments products
obtained for the principal species measured in summer 2014. The PFT map (Fig. 8, on
right) shows a west-to-east transition of phytoplankton types, so that diatoms are decreasing for a corresponding increasing of chrysophyta (Chrysochromulina sp.), cryptophyta
and Planktothrix sp. a cyanobacteria species sometimes dominated by phycoerythrin (PE)
and sometimes by phycocyanin (Dekker 1993). Such a behaviour was also observed in field
visits as in the western station the diatoms count was 15,750 cells/mL, (so representing
66% of the total phytoplankton population), while in the eastern part of the lake, cryptophyta and Planktothrix sp. count was 18,500 cells/mL (so representing 68% of the total
phytoplankton population while diatoms accounted to 25%).

3.2 Mapping of Shallow Water Habitats
Remote sensing offers a practical means of regularly mapping and monitoring optically
shallow waters (those where the bottom is visible from the water surface and measurably influences the remote sensing reflectance, (Dekker et al. 2011)), which include inland
waters, estuarine, tropical coral reef and temperate coastal ecosystems. In particular,
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information in the form of maps of bottom depth and benthic community are needed for
science, resource management and defence operations.
EO has been used since the early 1990 s for mapping of bottom types and benthic
communities (e.g., mud, sand-mud mixture, coral sands, coral reefs, seagrass, macrophytes): a thorough review of state of the art and future perspectives of remote sensing of
aquatic macrophytes is given by Malthus (2017), while a recent review of remote sensing
approaches of coral reefs mapping is provided by Hedley et al. (2016). With a spatial resolution of 10–30 m (up to 2–5 m from WorldView-like sensors) multispectral sensors are
ideal for most of the application scales but they are limited to identify species with distinctively different spectral characteristics (e.g., Dekker et al. 2005; Villa et al. 2014). Imaging
spectrometry provides the ability to differentiate submerged vegetation and coral reef taxa
(Hedley et al. 2012; Botha et al. 2013) thus enabling several applications including fine
tracking of biodiversity (Muller-Karger et al. 2018) as well as identification of invasive
and resident species (Hestir et al. 2008). Then, Lee et al. (2013), also demonstrated that if
WorldView band setting might be used for assessing depths lower than 5 m, then hyperspectral setting is needed for bottom depth mapping at improved accuracy, particularly for
waters deeper than 10 m.
In coral reefs, benthic functional types (BFTs, equivalent to PFTs) can be discriminated,
based on the presence/absence of diagnostic pigments in the types (Hochberg and Atkinson 2000, 2003; Hochberg et al. 2003b). Corals are host to photosynthetic dinoflagellates
(zooxanthellae) which contain peridinin (Jeffrey and Haxo 1968; Prezelin 1987). Other reef
algae do not contain peridinin but do have their own identifying pigments (e.g., Table 8.2
in Kirk 2011). Differential spectral absorption by those pigments results in fairly distinct
signatures for the fundamental BFTs of coral and algae (Fig. 5). Sand is easily identified by
its bright signal, even with fractional coverage by of benthic micro-algae (Roelfsema et al.
2002) present on the surface (Fig. 5).
Coral species cannot be spectrally distinguished (Hochberg et al. 2004) from each other,
although Botha et al. (2013) have demonstrated that discriminating different coral colours at higher depth is possible when switching from multispectral to hyperspectral data.
In addition to the photosynthetic pigments of the zooxanthellae, many corals possess host
pigments, which influence the coral’s spectral reflectance (Mazel 1990, 1995, 1996; Salih
et al. 2000; Dove et al. 2001; Mazel and Fuchs 2003; Mazel et al. 2003). However, those
spectral characteristics are highly variable, even within a single species (Hochberg et al.,
2004). As Veron (2000) notes, coral colour is not predictive of taxonomy.
The spectral discrimination between coral and algae need not necessarily rely on fully
hyperspectral data (Hochberg and Atkinson 2003). However, greater spectral information
does improve the discrimination, while also improving water column correction (Lee and
Carder, 2002). At least one near-infrared channel is required for correction of water surface
sun and sky glint (Hochberg et al. 2003a; Hedley et al. 2005), and the availability of several channels across the shortwave infrared affords the best possible atmospheric correction
(Gao et al., 2000, 2002, 2007).
Along with the challenges of surface effects and water column depth and turbidity, shallow water mapping using remote sensing platforms also includes issues associated with
spatial, spectral, and radiometric resolutions. In defining the sensors requirements for
inland and coastal water monitoring the needs for substrate mapping are often overlooked
(Mouw et al. 2015), although both the CEOS report (2017) and the Muller-Karger et al.
(2018) approach (namely H4 imaging), do explicitly deal with these requirements. As an
example of trade-off in sensor and mission requirements, NASA’s CORAL airborne Earth
Venture mission rationale for 8 m pixels was largely logistical. It was reasoned that 10 m
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Fig. 9  HyMap data from a Lake Constance (Richenau), flown on 19 July 2003 (left) and 30 June 2004
(right). Classification contains main bottom cover classes of sediment (blue), submersed-small vegetation
(green) and emerged-tall vegetation (red). Grey areas in the image are masked as optically deep water areas

or better was required to resolve spatial variability of benthic reef communities. This was
based on the science team’s collective 9+ decades of experience studying coral reef ecology. At the same time, a survey airplane can only fly above or below commercial air traffic
altitudes, >12,000 m or <9000 m, respectively. Flying at >12,000 m would result in pixels
larger than 10 m. Thus, it was decided to fly at 8500 m, which gave pixels of roughly 8 m.
The following example shows a macrophyte mapping exercise using airborne
hyperspectral remote sensing data from HyMAP acquired in July 2003 and June 2004
(Fig. 9). The data were corrected for atmospheric, air-water interface and water body
effects using the physical based Modular Inversion Program (MIP) (Heege et al. 2003;
Pinnel 2007). The various macrophyte taxa were classified to bottom cover classes by
linear spectral unmixing. The result contains main bottom cover classes of submerged
growing macrophytes (Characeae) in green, emerged macrophytes (here: mainly Pota‑
mogeton perfoliatus and P. pectinatus) in red and bottom sediments in blue (see colour
triangle in Fig. 9). Mixed picture elements contain more than a single class, e.g., Characeae and bottom sediment. Differentiation of submerged and emerged vegetation could
be achieved by subtracting the absolute water depth from the calculated water column
on top of the plants. The bottom coverage for the two years could be mapped down to
a water depth of 4.5 m, the maximum depth to which plausible reflectance spectra have
been derived after water depth correction. The observed changes on benthic communities from July 2001 to June 2004 were mostly detected as an increase in small submersed vegetation further offshore and a reduction of tall vegetation close to shore.

Ground-Truth

Table 1  Confusion matrix for the classification results of 2003 data

HyMap Classification
tall uncovered sediments User's accuracy

Vegetation classes

small

small

56

8

0

87.5%

tall

48

88

1

64.2%

13
92.9%

86.7%
72.7%

uncovered sediments
2
0
Producer´s accuracy 52.8% 91.7%
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The classification results for 2003 were then validated with extensive ground truth
measurements during the flight campaigns and traditional aerial photographic interpretation. The tall- and short-growing macrophytes and sediments were compared to the
ground truth data as primary validation step. A plausibility control based on 216 ground
truth measurements was statistically analysed. The results (Table 1) indicated a high
correspondence (87.5%) between short-growing vegetation and sediment (86.7%); however, tall-growing macrophytes were less correctly classified (64.2%), as many of them
were misidentified as short-growing macrophytes that had not grown up to the water
surface, but were covered with a water column of at least 2 m. An overall accuracy of
73% was found. However, a spatial resolution of 4 m pixel might still be a bottleneck for
macrophytes species recognition especially in smaller lakes where size and inhomogeneity of the patches require higher spatial information.

4 Observational Requirements and Future Directions in Imaging
Spectrometry
Developing applications for inland and coastal surface waters, for the water column and
for benthos from satellite remote sensing requires high spatial, spectral and temporal resolution and the highest possible radiometric resolution (CEOS 2017; Muller-Karger et al.
2018).
Imaging spectrometry has clear advantages over multispectral sensors for aquatic ecosystem monitoring. For example: a sensor with multiple contiguous spectral bands from
blue to near-infrared wavelengths and for very turbid waters also to the short-wave infrared allows switching between the different wavelengths or wavelength combinations where
reflectance features are present; a similar sensor is necessary to discriminate phytoplankton types and to assess the concentration of associated pigments, as suggested by Wolanin
et al. (2016). Overall, the availability of a contiguous spectrum makes algorithms more
effective in a wide variety of waters with varying water column depths and bottom reflectance and lead to more successful inversion of a larger number of properties (Hestir et al.
2015). This combination of factors points to the great utility -effectively a requirement- of
hyperspectral data for inland and coastal waters retrievals.
Apart from spectral resolution, spatial resolution is also a key factor to be considered. Medium to high spatial resolution is required for smaller to larger areas (rivers,
lakes, lagoons, estuaries, bays) which generally show patchy and inhomogeneous features
(Ozesmi and Bauer 2002). In this study, an 8 m pixel was suggested as trade-off in sensor
and mission requirements for regional scale mapping of corals, while a 4 m pixel would
still be a bottleneck for macrophytes species recognition in a small lake.
The temporal resolution depends on the application but it can be critical for monitoring
water quality and algal blooms so that data from geostationary platforms might be used
to develop improved applications (Huang et al. 2015), while the time of passage can be
critical for tides. Finally, a high SNR is also necessary because of the low reflectance by
aquatic ecosystems.
In the case of shallow waters, hyperspectral satellite data enables one to identify species, to determine submerged habitat composition and to characterise environmental processes (e.g., macrophyte phenology, coral bleaching). Combined with a high spatial resolution (such as the 8 m pixel used in regional coral applications described in Sect. 3.2),
hyperspectral data might provide species identification in areas characterised by high
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biodiversity. The temporal resolution is probably not critical for applications focused on
benthic mapping and inventory while it is critical for tracking processes such as eutrophication and coral bleaching. The acquisition timing is, however, key for intertidal areas.
Further developments in science and applications in imaging spectrometry might be
grouped by the platforms from which spectrometers are deployed driving the use of imaging spectrometry in specific applications.
• Field and Near-Surface Imaging Spectrometry Hyperspectral data gathered in the field
have been used previously in support of remotely sensed observations (Goetz 2009).
In inland and coastal waters they are in particular collected for understanding the link
between AOP and quantities defined in the bio-optical models (such IOP), as well as
to assist imagery interpretations in terms of reference data or algorithms calibrations
(Eleveld et al. 2017). In particular, autonomous ship-based systems provide suitable
platforms to collect spatially and temporally diverse continuous field reference data
for addressing a minimum required number of spectral matchups for regional validation. A set of hyperspectral radiometer sensors that measure water surface, sky radiance and total irradiance have been successfully mounted to gather reference remote
sensing reflectance for validating ocean colour sensors (e.g., Brando et al. 2016; Simis
and Olsson 2013). In many cases, the ship-based systems include probes for gathering
IOPs and water quality measures (e.g., fluorimeters, turbidimeters and thermometers)
relevant for satellite products validation and to and improve the quality assessment of
satellite retrievals (Brewin et al. 2016; Liu et al. 2018). Overall, the development in
this field is progressing for both EO data processing and for other benefits: allowing
the water management authority to apply the same algorithms as used for EO imagery
in combination with their in situ sampling programs, continuous measurements (under
daylight conditions) and measuring optical properties during time: Bresciani et al.
(2013) showcased how continuous autonomous hyperspectral measurements obtained
at a mooring are relevant to obtain intra- and inter-daily data in very productive waters
for better understanding diurnal processes (e.g., phytoplankton processes such us light
adaption, turbidity variations due to tides).
• Airborne Imaging Spectrometry High-resolution airborne hyperspectral sensors (e.g.,
AVIRIS, AISA, HyMAP, PRISM, APEX) represent enhanced mapping tools, but are
limited in spatial coverage and revisit times. These airborne systems provide optimal
resolutions for developing inland and water quality applications at fine scale (Dekker
et al. 1991; Hoogenboom et al. 1998). In particular, airborne imaging spectrometry has
been used to make medium-scale inventories of macrophytes, seagrasses and corals
(Heege et al. 2003; Kutser et al. 2006; Hunter et al. 2010). The airborne technology has
the merit of providing preliminary tests to design satellite-based systems. For example, Koponen et al. (2001) and Giardino et al. (2005) used airborne AISA and MIVIS
images, respectively, for simulating MERIS data on lakes. More recently APEX data
have been used to define and validate algorithms for mapping primary producers in
eutrophic lake waters (Bolpagni et al. 2014), or to assess atmospheric correction procedures over a small eutrophic lake from the FENIX sensor (Markelin et al. 2016).
• Satellites Imaging Spectrometry Modern spaceborne hyperspectral sensors (e.g.,
HYPERION, CHRIS-PROBA and HICO from the ISS) show increasing capabilities
in inland and coastal water applications (Brando and Dekker 2003; Giardino et al.
2007; Santini et al. 2010; Braga et al. 2013; Dierssen et al. 2015b), although their SNR
might be limited in making accurate measurements of moderate changes in water quality parameters (e.g., CDOM with Hyperion in clear lakes (Giardino et al. 2007)). In
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this context, a series of future satellite hyperspectral sensors are progressing showing
similar (30 m spatial resolution of the satellite systems EnMAP and PRISMA, and
DESIS and HISUI onboard of ISS), and additional (the thermal channels of HyspIRI
only) characteristics. These missions will extend the knowledge that so far has been
primarily driven by Hyperion with increased spectral and radiometric resolution. They
will also allow to make progress in inland and coastal waters applications although,
being designed for a variety of applications, might still have some limitations in measuring the remote sensing reflectance (e.g., low) over water bodies. The latter justifies
the need for a dedicated atmospheric correction including adjacency effect correction (Sterckx et al. 2011; Moses et al. 2017). More specifically developed for ocean to
coastal (optically deep) water applications is PACE (Pre-Aerosol, Cloud, ocean Ecosystem mission), which has been designed to take into account all requirements needed
to assess biophysical parameters from space, which range from the atmospheric corrections, to phyto- and CDOM-pigment separation (5 nm spectral resolution between
380 and 800 nm, plus a spectral subsampling of ~1 to 2 nm resolution from 655 to
710 nm for refined characterisation of the Chl-a sun-induced fluorescence spectrum).
Although designed to study fluorescence of land vegetation, the Earth Explorer ESA
Mission FLEX (Fluorescence Explorer) might also have a key role for inland and water
quality applications once launched. FLEX is on the same orbit as OLCI on Sentinel-3
and, albeit with a narrower swath, will measure in a narrow and contiguous spectral
range of 500–780 nm, which is particular relevant for assessing the accessory pigments
of cyanobacteria (phycocyanin and phycoerythrin) as well as Chl fluorescence.
Final recommendations for future directions in imaging spectrometry should also exploit
using synergistically different sensor types (hyper- versus multispectral, high spatial versus
high temporal resolution) as accurately described in Guanter et al. (in press).
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