
• Lecturer: Astrid Bracher & Mariana Soppa (astrid.bracher@awi.de ; msoppa@awi.de )
• Theory and Practical throughout the day 12 July 
• 9:30-11:00 T: Water colour and water colour remote sensing
• 11:30-13:00 P:
- Main hyperspectral sensors for ocean colour
- Where to access data
- Getting started with SNAP: visualization, color manipulation”

• 14:00-15:30 T: New sensor technology and methods in water colour RS using hyperspectral 
technology

• 16:00-17:30  P: Data handling with SNAP: applying flags, pixel information view, pin manager, 
spectrum viuew (multi versus hypersepctral data)

Water color remotes sensing focusing on 
new hyperspectral technolgy

Lecturers received funding within the PORTWIMS project from the European Union’s Horizon 
2020 research and innovation programme under grant agreement nº 810139.”
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Alfred-Wegener-Institute Helmholtz Centre for Polar and Marine Research, 
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www.awi.de/en/science/climate-sciences/physical-oceanography/main-research-focus/ocean-optics.html

Tidal flat tour North Sea Sep 2020  “Kohl & Pinkel” Feb 2022 - Typical North-West 
Germany Winter tradition 



Contents theory lectures 12 July 
01 Introduction to Water Colour Remote Sensing
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Going Beyond: 
- Trade-off for more spectral information
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- First results from imaging spectroscopy over water

02 Water Optics: Inherent and Apparent Optical Properties
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Lecture Part I (chapter 1-3)  “Water colour and water colour remote sensing” 
Lecture Part II (chapter 4); “New sensor technology and methods in water colour 
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Lecture 1: “Water colour and water 
colour remote sensing” 

Astrid.Bracher@awi.de



01 Phytoplankton & water colour

adapted from JGOFS, 2001

Marine Phytoplankton: 
50% of global primary 

production via 
photosynthesis

Base of the marine 
food web

Astrid.Bracher@awi.de
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Soppa et al. 2022

01 Applicationof water colour remote sensingfor
aquaticenvironments

 Many applications of optical satellite remote sensing for aquatic environments (Mobley 2021):

 Mapping of biomass – chlorophyll concentrations. 

 Determination of phytoplankton physiology, phenology, and functional groups.

 Studies of ocean carbon cycle.

 Monitoring of ecosystem changes resulting from climate change. 

 Fisheries management. 

 Mapping of coral reefs, sea grass beds, and kelp forests. 

 Mapping of shallow-water bathymetry and bottom type.

 Monitoring of water quality.

 Detection of harmful algal blooms and pollution events. 

 Cost-effective alternative to in situ measurements.

 Long term observations are required to understand environmental and climate change.Astrid.Bracher@awi.de
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Soppa et al. 2022

01 What causesthe distinct water colours?

 Pure water is almost colourless, odourless, and tasteless substance  there 
must be something in the water that produces a colour.

Tagusestuary(Portugal) Tagusestuary(Portugal)

Central Atlantic Lake Taihuwith
cyanobacteriablooms

Astrid.Bracher@awi.de
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Soppa et al. 2022

01 What causesthe distinct water colours?
 Sunlight (eletromagnetic wave) interacts with optically active

substances in water as molecules and particles (living and nonliving).

 Absorption and scattering of the sunlight by water molecules, 
particulate and dissolved substances present in the water column
change the underwater light spectrum.

 Changes in the water colour also depend on (Mobley, 1994):
 solar irradiance spectrum,
 atmospheric conditions,
 solar and viewing geometries.

 The change of water color is also evident in satellite true-color images.

Sentinel-2B MSI
15/10/2017
German Bight

Astrid.Bracher@awi.de
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Soppa et al. 2022

01 Light penetration

Image reprinted from Mascarenha sand Keck (2018)

• Only optical range of eletromangetic radiation
penetrates deeper in water: UV (>~320 nm)- visible
(VIS, 400-700 nm) to near-infrared (NIR, < ~1000 nm).

• In clear water:  red light penetrates the least and blue
light the most.

• In contrast to other remote sensing methods: not the 
surface – but the volume below yields the water 
colour. 

• Remote sensing signal is an average over water depth
(the “90 % depth” or first optical depth).

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Water Colour – some definitions
 Spectral Radiance L(λ): amount of energy per unit projected source area integrated over certain

wavelength range arriving through a set of directions contained in a solid angle [W m-2 sr-1]. 

 Irradiance E (λ) : radiance integrated over one hemisphere (d=downwelling; u=upwelling) or over
all directions and over given wavelength range [W m-2]. 

 Downwelling irradiance (Ed (λ)): flux of light passing down through the sea surface into the water
column [W m-2].

 Water-leaving radiance (Lw (λ)): a measure of how much light is leaving the sea surface.

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Water Optics

Image reprinted from Soppa et al. (2015)

 Satellite sensors measure up-welling radiance L
at top of atmosphere (LTOA).

 LTOA is the contribution of 3 main sources: 
 Water-leaving radiance (Lw). 
 Radiance reflected from sea surface (Lr).
 Radiance scattered into viewing direction by

atmosphere (La). 

 Lw in the UV-NIR part of the spectrum can be 
used to infer the water optical properties.

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Inherent and Apparent Optical Properties
 Bio-optical models are used to describe relationship between water constituents and optical

properties of a water body.

 Inherent Optical Properties (IOPs) are optical properties that depend only on the medium and 
are independent on the ambient light field. Very difficult to measure accurately!

 Apparent Optical Properties (AOPs) are optical properties that depend only on the medium, but 
also on the light field. Easier to measure compared to IOPs.

 Fundamental in water optics is to
relate in-Water Constituents
quantities to IOPs to AOPs. 

Image reproduced 
from IOCCG (2000).

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 InherentOptical Properties (IOPs) 
 Inherent to water. 

 Dependent upon composition and concentrations of particulate and dissolved substances and
water itself (optically active water constituents).

 Independent of external properties such as light field (i.e. should be the same if measured in situ or
in discrete sample).

 IOPs are additive. Ex. 𝐚𝐚𝐭𝐭 = 𝐚𝐚𝐰𝐰 + 𝒂𝒂𝐠𝐠 + 𝒂𝒂𝐍𝐍𝐍𝐍𝐍𝐍 + 𝒂𝒂𝐩𝐩𝐩𝐩
 Representatives of IOPs: absorption and scattering, the latter is direction dependent.

Attenuation c = a + b

Absorption (a):        
- Light disappears and is

converterd to chemical (e.g., 
phtotosynthesis) or thermal 
energy (e.g. heat)

- Color                                                                             
- Darkens

Scattering (b):  
- Light changes direction

(elastic scattering) or/and
wavelength (inelastic
scattering)

- Brigthness

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Water Constituents 
1) Water

2) Algae biomass
characterized by
chlorophyll-a conc.      
Chl [mg m-3] 

3) Total suspended
matter conc.  TSM [g 
m-3] 

4) Coloured Dissolved
Organic Matter CDOM
[aCDOM(440) m-1]

 Size spectrum of different constituents of natural waters.

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 InherentOptical Properties (IOPs) 

Examples of absorption (left) and backscattering (right) coefficients of water, 
CDOM, phytoplankton (Phy) and non-algal particles (NAP).

Image 
reprinted 
from 
Giardino et 
al. (2019)

 Spectral characteristics of main optically active substances in natural waters.

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Absorption
 Total absorption: sum of individual absorbing constituents (are additive!).

 Practically: 𝐚𝐚𝐭𝐭 = 𝐚𝐚𝐰𝐰 + 𝐚𝐚𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂 + 𝐚𝐚Φ + 𝐚𝐚NAP, 

 with:   water (w)
chromophoric dissolved organic matter (CDOM)
phytoplankton (in vivo pigments; Φ), 
Non-Algal Particles (minerals and organic detritus) 

 Because of Beer’s Law, absorption coefficients are proportional to the conc. of absorbing
matter absorption is a proxy for concentration.

 Impractical to measure the absorption spectrum for each constituent, so we group
components by their absorption properties (and our inability to separate them). 

𝐚𝐚𝐭𝐭 = 𝐚𝐚𝐰𝐰 + �𝐚𝐚𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝𝐝 𝐜𝐜𝐝𝐝𝐜𝐜𝐩𝐩𝐝𝐝𝐜𝐜𝐜𝐜𝐝𝐝𝐝𝐝 +�𝐚𝐚𝐩𝐩𝐚𝐚𝐩𝐩𝐭𝐭𝐝𝐝𝐜𝐜𝐝𝐝𝐝𝐝𝐝𝐝

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Absorption: Pure Water 
 Absorption by pure water is low in the blue and increases

into the UV, red and infrared. 

 In NIR and SW pure water absorption dominates total 
absorption.

 Uncertainties still exist, especially for absorption in UV.

 Temperature and salinity influence both absorption and
scattering of seawater (>550nm).

 Peaks in absorption spectrum of the water are due to the
excitation of the different vibrational modes of the water
molecule

Image reprinted from http://www.acamedia.info/

Im
age reprinted from

 R
oesler(2021)

Image reprinted from http://www.acamedia.info/

Astrid.Bracher@awi.de
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02 Absorption: ColouredDissolved(Organic) Matter – CDOM 
 Strong absorber at shorter wavelengths (decreases ~λ->1.6).

 Decays approximately exponentially to the red, and an exponential function is fit
to the absorption spectrum. Sope is estimated by non-linear regression (depends
on λ-interval):

𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝜆𝜆 = 𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝜆𝜆𝑐𝑐 ∗ 𝑒𝑒−𝑆𝑆(𝜆𝜆−𝜆𝜆𝑜𝑜)

 Spectral slope S is indicator of the origin of organic
matter composition: humic marine material having
steeper spectral slopes than terrestrial humic material. 

aCDOM spectrum of samples
taken at Lake Constance in 

September 2021

Astrid.Bracher@awi.de



20

Soppa et al. 2022

02 Absorption: Phytoplankton
 Phytoplankton absorption (aph) generally two major peaks (~440 nm, ~675 nm).

 depends on: - absolute concentration of cells, 

- composition of phytoplankton that make up the population, 

- their physiological state. 

 Phytoplankton groups; they differ in photosynthetic pigments and size.

Image reprinted from Mobley (2021)

in situ phytoplankton
absorption

phytoplankton pigments absorption

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Absorption: Non-algalParticles(NAP)
 NAP = particulate material that is not extracted by methanol in the spectrophotometric

measurement of particles on filter pads.

 Includes living organic particles as zooplankton and bacteria, as well as the non-pigmented
parts of phytoplankton (cell walls, membranes etc), detrital material and other inorganic
particles. 

 Stronger absorption at shorter wavelengths, decaying approximately exponentially to the red.

 The slope S varies with composition of mineral particles
(1.0 -1.4). 

𝒂𝒂𝑵𝑵𝑵𝑵𝑵𝑵(𝝀𝝀) = 𝒂𝒂𝑵𝑵𝑵𝑵𝑵𝑵 𝝀𝝀𝒐𝒐 ∗ 𝒆𝒆−𝑺𝑺(𝝀𝝀−𝝀𝝀𝒐𝒐)

Im
age reprinted from

 R
oesler(2021)

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Scattering

refraction

reflection
Changes direction (elastic scattering) and/or

wavelength (inelastic scattering, e.g., water Raman, 

chlorophyll fluorescence).

At sea/air interface, within the water, bottom

reflectance,.

Determines angular distribution of radiance.

Diagnostic for particle properties (size, composition).

More scattering higher chance of light being

absorbed.     

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Scattering
 Mie theory is used as an approximation for estimating bulk optical

properties of natural particles the water.

Im
age reprinted from

 D
avies

et al. (2021)

 But, particles in the water are a 
complex mixture of sizes, forms and
densities.

Water (molecules) Spheres, but shape-wise similar to plankton and minerals 

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Scattering: Phytoplankton
 In general, for phytoplankton cells forward scattering dominates over backward scattering. 

Image reprinted from Mobley (2021)

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 Scattering: Non-algal particles (NAPs)

 Non-algal particles can strongly scatter
showing a decrease on the scattering
coefficients from blue to red.

 Although the spectra is weakly
wavelength dependent, it is strongly
dependent on size, composition, and
abundance. 

Image reprinted from Mobley (2021)

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 ApparentOptical Properties (AOPs) 
 AOPS:

• depend upon the light field;

• depend upon the IOPs;

• are not additive.

 Representatives of AOPs: Ratios or gradients of radiometric
parameters (diffuse attenuation coefficients, reflectances)

 Variations in the absorption and back-scattering change Rrs of
water:

𝐑𝐑𝐩𝐩𝐝𝐝 𝛌𝛌 ≅
𝐛𝐛𝐛𝐛(𝛌𝛌)

𝐚𝐚 𝛌𝛌 + 𝐛𝐛𝐛𝐛(𝛌𝛌)

Commonly used AOPs (Mobley 2021)

 “Easy” to measure, but difficult to interpret.  

Astrid.Bracher@awi.de
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Soppa et al. 2022

03 Water Colour Remote Sensing
 Spectral Irradiance reflectance in water: (or irradiance ratio), R, is defined as the 

ratio of spectral upwelling to downwelling plane irradiances

 Remote-sensing reflectance:

R z, λ =
Eu z, λ
Ed z, λ

Rrs θ,ϕ, λ =
Lw 0+,θ,ϕ, λ

Ed 0+, λ

Images reprinted from Mobley (2020).

Astrid.Bracher@awi.de
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Soppa et al. 2022

02 ApparentOptical Properties (AOPs) 
 Remote Sensing reflectance (Rrs) has dependence on 

chl-a, sky condition, and wind speed. Example for
selected conditions in Case 1 water.

Image reprinted from Mobley (2020)

 Light Penetration Depth: Ed changes in 
respect to depth z. KdPAR is the Diffuse 
Attenuation Coefficient

Ed(𝐳𝐳) = 𝐄𝐄(𝟎𝟎−) 𝐝𝐝𝐞𝐞𝐩𝐩 −𝐊𝐊𝐝𝐝𝐍𝐍𝐍𝐍𝐑𝐑 ♦ 𝐳𝐳

Image reprinted from Hieronymi (2011)

Astrid.Bracher@awi.de
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Soppa et al. 2022

03 Water Colour Remote Sensing
 Multispectral Sensors

 Atmospheric correction

 Types of algorithms for retrieval of bulk water constituents:

 Concentrations of water constituents, e.g. Chl, TSM, CDOM 

 Optical properties such as absorption and scattering coefficients

 Estimate of retrieval uncertainties

Astrid.Bracher@awi.de
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Soppa et al. 2022

03 Global Ocean Colour Sensors
LEO (Lower Earth Orbit- broad swath- coverage 1-3 days):
Sensor Operation Spectral Spectral Spatial Spectral Bands for Ocean Color

Bands #    (nm)       (km)                (nm)
CZCS  1978-1986     4            20            4 (1) 443            520   550              670

SeaWiFS 1997-2010     6          20           9(4) 412 443  490 520   550              670

MODIS(Terra/Aqua) 1999-/2002- 7        10-15      1(0.5) 415 443 488   531 551       667      681

MERIS (ENVISAT) 2002-2012     8        7.5-10 1.2(0.3) 412  443  490 510 560 620 665      682

VIIRS (NPP/JPSS) 2011-/2018- 5   18-20   0.4-1.6     412  445 488       555                 672

OLCI (Sentinel-3)    2016-/2018- 10       7.5-10      1/0.3    400 412 443 490 510      560  620 665 672 682

GEO: 
GOCI   2010- 6        20            0.5 412 443 490 520  550                670

Astrid.Bracher@awi.de
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Soppa et al. 2022

 31

03 Spectral Resolution Long Times Series Sensors

Astrid.Bracher@awi.de
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Soppa et al. 2022

03 Atmospheric correction
 To determine spectral water leaving

radiance Lw or reflectance ρw from LTOA. 

 Challenging since Lw only small part of 
LTOA (max. 10%).

 Indirectly provides masks (flags) for:

 clouds and sub-visible clouds 

 potential uncertainties.

RGB TOA

RGB AC

Chl

MERIS 

Astrid.Bracher@awi.de
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Soppa et al. 2022

Ltoa radiation measured at top of the atmosphere by satellite sensor

L*r, radiation due to Rayleigh molecular scattering (approx. with RT at 
certain geometry/atmos. pressure) 

L*a, radiation due to Aerosol scattering (difficult! – approx. in case-1: IR Lt
has no contribution from Lw! – fails in high scattering waters) 

L*ra, radiation due to Rayleigh-Aerosol multiple scattering (approx. with RT)

Lg, sun Glint (modeled & masked in dependence to wind, viewing angle)

Lwc, radiation due to White Caps (modeled/masked dep. to wind)

Lw, water leaving radiance (max. 10% of Lt)

• t, direct transmittance (~beam attenuation)

• tD, diffuse transmittance 

03 Atmospheric correction
Satellite observes both : the water and the

atmosphere *!

Image reprinted from Mobley et al. (2016)

Ltoa = L*r + L*a + L*ra + TLg + tDLwc + tDLw

Astrid.Bracher@awi.de
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Soppa et al. 2022

03 Common AC algorithms
 Common AC algorithms applied to multi- spectral and hyperspectral imagery over water.

Image reprinted from Dierssen et al. (2021).

Astrid.Bracher@awi.de
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Soppa et al. 2022

03 Spatial Coverage of Different ACs 

Image reprinted from Müller et al. (2015)

MERIS – Polymer AC: Chla-a

MERIS – operational AC: Chla-a

 Sun glint affected data usable: 

 for Polymer and C2RCC;

 but not for operational ESA (MEGS) and 
NASA (L2gen) algorithms.

 MERIS 3-day Chl composite: 

 Polymer vs standard MEGS,

 The coverage for Polymer is doubled mainly 
due to retrieval under sun glint conditions.

Astrid.Bracher@awi.de
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Soppa et al. 2022

03 Key points for atmospheric correction (AC)
 Most bands very low singal over water.

 Most AC (and OC) algorithms were developed for Case-1 waters:

 some applicable for Case-2 too (e.g. Polymer, C2RCC);

 some even applicable for extreme (scattering) waters (e.g. ACOLITE).

 AC accepts moderate wind conditions (< 9 m s-1) :

 normally no correction for enhanced reflectance at sea surface, whitecaps, foam, 
and air bubbles in water;

 potential risk for regions with trade winds or at high latitudes.

 Low Sun or large viewing angle is critical  ~ 65° - 70° cut off:

 because of reflectance at surface – wave shadows;

 large air mass – large path through atmosphere;

 limits geostationary satellites and observations in high latitudes.

Astrid.Bracher@awi.de
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03 Water Colour Algorithms
 In-water algorithms use the atmospheric 

corrected Rrs (ρw ) to derive IOPs or other 
water quality parameters.

 Different types of algorithms

Rrs

IOPs or  
Conc. of bulk parameters 
(CHL, TSM, CDOM, POC)

In-water algorithms

Figure reprinted from
 IO

C
C

G
(2000)

Astrid.Bracher@awi.de



03 Algorithms: empirical – band -ratio

λ1within 410-490 nm, λ2within 540-570 nm

In case-1 waters: attenuation 
dominated by phytoplankton, ratio 
of CDOM and non-algal particles to 
chl a is constant while it is not for 
case-2 waters.

Empirical Model for phytoplankton 
biomass from remote sensing for 
case-1 waters:

chl-a conc. 
= f{a0,a1,...,a5; [RRS(λ1)/RRS(λ2)]}

Astrid.Bracher@awi.de



03 Algorithms: empirical – band -ratio

MERIS ATBD 2003

Astrid.Bracher@awi.de



03 Algorithms: band -ratio (OC4) vs. in situ

RMAX(λ1) = Maximum of RRS-ratio(443/555,490/555,510/555)]
RL = log10(RMAX)
log10(chl-a conc.) = 0.366 + 3.667RL + 1.930RL

2 + 0.649RL
3 -1.532RL

4

Figures from
 O

cean R
em

ote Sensing 2008

Astrid.Bracher@awi.de



03 Algorithms: band -ratio (OC4) vs. in situ

Direct chlorophyll concentration 
measurements on water sampled 
from PS99 (14 Jun – 13 Jul 2016) on 
top of OLCI data

Astrid.Bracher@awi.de



03 Algorithms: inverse problem
Band-ratio algorithms are vulnerable to non-uniqueness problems: Rrs rationing throws out magnitude 
information that makes spectra unique.  

Every spectrum below has Rrs(490)/Rrs(555) = 1.71+/- 0.01, which gives Chl = 0.59 mg/m3 by the SeaWiFS
OC2 algorithm; all these spectra had Chl < 0.2 mg/m3. 

Astrid.Bracher@awi.de



03 Algorithms: inverse methods

• Matrix inversion
• Inversion by optimization
• Inversion by using (semi-) analytical

& neural network (e.g. OLCI CHL-NN)

reflectance
spectrum

sun zenith
view zenith
azimuth diff

pure water
phytoplankton
suspended matter
dissolved org. matter

sun zenith
view zenith
azimuth diff

inverse model

forward model

Success depends on:
• Bio-optical model
• ambiguities

Courtacy to Roland Doerffer, HZG
Astrid.Bracher@awi.de



03 Algorithms: semi -analytical inversions
Parameterize R ~ bb/(a+bb)

Analytic functions for bb, a components
a  = A1a1

*(λ) + A2a2
*(λ) +…+Amam

*(λ)
bb = B1bb1

* (λ) + B2bb2
* (λ) +…+Bnbbn

*(λ)
Am and Bn are eigenvalues (magnitudes)
am

* and bbn
* are eigenvectors (spectral shapes)

Solve for eigenvalues in least squares minimization

Roesler and Perry 1995: Basis (eigen) Vectors

R = 0.33  .  bbw + bbpl + bbps
aw + a +aCM

Explains most of the observed variability

Astrid.Bracher@awi.de



03 Operational semi -analytical algorithms
Use inversion from measured AOPs (reflectances) to IOPs (aph(440), aCDOM(400), bbp) to 

derive geophysical parameters (CHL, TSM, CDOM)
QAA – Quasi-Analytical Algorithm (NASA; OC-CCI) Lee et al. 2002
GSM –Garver-Siegel-Maritorena (CMEMS, GlobColour) Maritorena et al 2002

Characteristics (things to notice):
Basis vector definition
Solution approach
Testing against independent data
Sensitivity analyses

Li et al. Optical 
Express 27-12-
A800 (2019)

Astrid.Bracher@awi.de
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Lecture 2: “New sensor technology and 
methods in water colour RS using 

hyperspectral technology”” 
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04 Going beyond bulk parameters

Phytoplankton diversity matters:

- As base of foodweb
- For carbon cycling
- For resilience of ecosystem
- For oceanic emissions (e.g., precursors

of marine aerosols, ozone depleting
substances, …)

- Radiation feedback

Phytoplankton differ in terms of:

size biogeochemical function nutrient uptake
accessory pigments morphology
thermal niche predation protection/avoidance
chain/colony formation symbiosis
….

Courtesy to S. 
Dutkiewicz, MITAstrid.Bracher@awi.de



04 Going beyond bulk parameters
Coccolithophoride Bloom, Barents Sea, Norway

RGB

From MERIS

© ESA 2003

Astrid.Bracher@awi.de



04 Going beyond bulk parameters

Photos: Sonja Wiegmann, Phytooptics, AWI

Phytoplankton group’s absorption varies 
due to different pigment composition (but 
also influenced by photoadaptation).

Adapted from Bracher et al. 2009 and Sadeghi et al. 2012

Use PFT specific optical signatures in 
underwater light fields to obtain PFT 
products from satellite remote sensing 
reflectance.

Exploit hyperspectral data, also to assess 
inelastic processes.

Astrid.Bracher@awi.de
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Soppa et al. 2022

04 HyperspectralSensors
 Main advantage: spectral differences can be 

better captured by hyperspectral sensors 
(upper figure: dashed lines represent EnMAP
bands).

 Bio-optical algorithms developed for
investigating water quality in optically
complex waters performs best using
hyperspectral data (Hestir et al. 2015).

 Hypercube image (lower figure): optical
complexity from transitional to
coastal and pelagic waters at Venice lagoon (North Adriatic Sea) from HICO/ISS. 
Colours in 3-dim represent reflectance of edge pixels (Giardino et al. 2019).
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04 WaterColourSensors

Examples https://ioccg.org/resources/missions-instruments/:

Sensor Pixel size Swath Revisit time
MSI/S2         10 m 290 km   5 days at equator*
OLCI/S3 300 m 1270 km     daily
MODIS 1000 m              2330 km     daily *only coast &
VIIRS 750 m 3000 km     daily inland water
EnMAP 30 m 30 km    4 days (locally)*

Image reprinted from 
Hieronymi (2019)

Satellite sensors have:

 different numbers of bands;

 at different wavelengths;

 different sensitivity (signal to noise ratios)
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04 Sensors: Frommulti- to hyperspectral
 Still the costs limit to obtain all at once: best 

coverage, highest sensitivity, best spatial and 
spectral resolution.

 Many sensors with different characteristics: 
choice of the best sensors/dataset/algorithm 
depends on the study area, research question, 
period.

 With since 2019 DESIS, PRISMA and EnMAP
and soon (2024) launched PACE imaging
spectrometers productsare aimed to obtain
information beyond bulk parameters.

Image reprinted from Dierssen et al. (2021).
Test bed for hyperspectral algorithms:

Atmospheric sensors operating since 2002
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04 Atmospheric sensors as test-bed for algorithms 
beyond bulk parameters

TROPOMI/S5P: 5/2018 -, 5.5 x 3.5 km pixel
daily global coverage

Hieronymi et al. (2019)

SCIAMACHY/ENVISAT:2002-2012, 30 x 60 km 
pixel,  6 days global coverage

GOME-2/METOP: 2007 - , 40 x 80 km 
pixel, 3 days global coverage

-2

*similar to DESIS 2018-, PRISMA 2019-
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04 Atmospheric sensor SCIAMACHY to retrieve  
phytoplankton groups’ (PFT) chl-a

PFTs absorption PFT differential absorption
PhytoDOAS: Differential 
Optical Absorption 
Spectroscopy to fit oceanic 
and atmospheric absorbers
which have high variation 
with wavelength.

All broad-band effects are 
accounted with lower order 
polynomial.

For retrievals of PFTS:
Bracher et al. 2009, Sadeghi
et al. 2012, Losa et al. 2017
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04 SCIAMACHY-PhytoDOAS phytoplankton groups
Examples of PFT fit results

Differential absorption of phytoplankton groups by PhytoDOAS - comparisons to 
collocated in-situ data

Orbit 19158 Orbit 10654

--- scaled in-situ spectrum
__ spectral fit from SCIAMACHY

only cyanobacteria dominated (>8o%) by diatoms

--- in-situ reference spectrum
__ SCIAMACHY 

Bracher et al. 2009
Astrid.Bracher@awi.de



04 Atmospheric sensor SCIAMACHY to derive 
phytoplankton groups’ (PFT) chl-a time series

Monthly mean surface Chl-a concentrations of four PFTs (March 
2007); Bracher at al. 2009, Sadeghi et al. 2012, Losa et al. 2017

Application of PhytoDOAS times 
series data: Sadeghi et al. 2012b, Ye 
et al. 2012, Pradhan et al. 2019, 2020

Longterm data set: 
SCIAMACHY (2002-2012) 
https://doi.pangaea.de/10.1594/PANGAEA.
870486

Drawback: 
Spatial resolution ~60 km x 30 km, monthly 
coverage

Astrid.Bracher@awi.de
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04 TROPOMI (S5) phytoplankton groups’ chl-a
ESA project 
S5POC

TROPOMI ~5 km spatial 
resolution, daily coverage 
since May 2005

Lower uncertainties than 
CMEMS empirical products

But: only 2 PFTs (only
wavelength <500nm!)

TROPOMI 
PFT fit factor

prokaryoti
c

phyto.

diato
ms

PFT Chl-a (mg m-3)
TROPOMI OLCI (EOF-PFT)*      OCCCI (OC-PFT)**     
analytical spectral decomp.    abundance-based

*: Xi et al. 2021
https://marine.copernicus.eu/
**: CHL from OCCCI, PFT as in 
Losa et al. (2017)
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04 Spectral information of underwater light ESA project 
S5POC

Diffuse attenuation Kd

Effects of Climate Change:

 marine food web
 ocean–atmosphere 

exchange processes 
(radiation feedback, 
trace gas & aerosol 
precursors)

 KD: Sources of CDOM, UV-
absorbing compounds

 KD: Shortwave radiation 
budget in the ocean (PP, 
photodamage, -degradation 
processes)

Distribution of  underwater 
radiation in UV and short blues

Only KD490 from multispectra

VRS=vibrational Raman scattering 
of H2O molecules - seen as 
filling-in in high spectrally 
resolved backscattered radiation. 

Dinter et al. 2015
Oelker et al. (2019)
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VRS fit: UV short-blue blue

Kd [m-1]: UVAB UVA (short)-blue

LUT (RTM)

04 Spectral diffuse attenuation (Kd) from TROPOMI
In three spectral bands via retrieval of Vibrational Raman Scattering 

(VRS): UV to short blue

Sentinel-5p
Source: ESA

LUT (RTM)

S5P Inelastic Scattering (VRS) in Ocean Water

First time Kd retrievals in UV-AB & UV-A from satellite UV measurements via inversion!

Oelker et al. FMARS 2022

S5P Diffuse Attenuation in Ocean Water

PhytoDOAS* Kd-retrieval (basis
Vountas et al. 2007, Dinter et al. 

2015, Oelker et al. 2019)

Data sets:
https://doi.org/10.1594/PANGAEA.940352

• Close to in-situ matchups
• Agreement to OCCCI- and 

OLCI-Kd within OCCCCI-Kd
uncergtainties.

• Low VRS fit errors (<15%).
• Low model (VRS cross section, 

LUT) errors for atmospheric 
and oceanic parameters.

Astrid.Bracher@awi.de
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04 First results from imaging spectroscopy
 Several mission have started since the lauch of the first hyperspectral spaceborne sensor -

Hyperion, BUT no single mission can satisfy all water applications.
 HICO/ISS (2009-2014)  coastal waters OCI/PACE (2024-) open waters

Image reprinted from Dierssen et al. (2021).

Soppa et al. EARSEL IS WS 2022
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04 Polymer atmospheric correction for hyperspectral
sensors (Soppa et al. 2021)

Atmospheric correction was failing while HICO was 
operational (now also bands of strong absorption
must be treated!)
 Polymer: Polymer (almost) directly applicable to 

hyperspectral sensors & best coverage. 
 https://www.hygeos.com/polymer

Objectives:
 Extend to HICO, DESIS, … over water.
 Validate with in-situ data, compare to other AC.
 Incorporate into open source toolbox (EnMAP-

Box).

Arabian Sea chl-a conc. derived after standard AC & 
Polymer

Astrid.Bracher@awi.de
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The Polymer Algorithm

 Polymer: POLYnomial based algorithm applied to MERIS (Steinmetz et al. 
2011)

 Python package available at https://www.hygeos.com/polymer

 Polymer is (almost) directly applicable to hyperspectral sensors.

 Spectral matching algorithm; uses full available spectrum.

 Improved spatial coverage compared to other algorithms due to its 
possibility to recover the Ocean Colour in presence of sun glint. 

 3 step process: (1) Pre-correction of the top of atmosphere radiance, (2) 
spectral matching of the atmospheric and water models, and retrieval of the 
(3) normalized water-leaving reflectance.

 Polymer applied to hyperspectral sensors is as good as for multispectral 
sensors (Soppa et al. 2021).

HICO (10-03-2014) - Rrs 553 nm

Polymer L2gen

Astrid.Bracher@awi.de
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04 Polymer atmospheric correction on HICO (2009-2014) 
at Aeronet-OC vs. in situ (Soppa et al. Sensors 2021)

HICO RGB and Aeronet-OC sites In situ Rrs (Aeronet-OC) matchups

Soppa, M.A.; Silva, B.; Steinmetz, F.; Keith, D.; Scheffler, D.; Bohn, N.; Bracher, A. 
Assessment of Polymer Atmospheric Correction Algorithm for Hyperspectral Remote 
Sensing Imagery over Coastal Waters. Sensors 2021, 21, 4125. 
https://doi.org/10.3390/s21124125 
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04 Polymer atmospheric correction on HICO at Aeronet-
OC vs. in situ (Soppa et al. 2021)

Soppa, M.A.; Silva, B.; Steinmetz, F.; Keith, D.; 
Scheffler, D.; Bohn, N.; Bracher, A. Assessment of 
Polymer Atmospheric Correction Algorithm for 
Hyperspectral Remote Sensing Imagery over Coastal 
Waters. Sensors 2021, 21, 4125. 
https://doi.org/10.3390/s21124125 

 Polymer:
 MAPD: 17% to 36% (66% for 668)
 MPD: -3% to +19% (54% for 668)
 Polymer applied to hyperspectral 

sensors as good as for 
multispectral sensors.

 Polymer ++ MAPD & MAD & # of
matchups than L2gen (e.g. MAPD 
62% and MPD -37% at 412).

HICO-Polymer and HICO-L2gen vs in situ Rrs
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04 Polymer implemented into toolbox EnMAP-BOX
 QGIS/EnMAP-Box
 Visualization after processing EnMAP L1B data in EnMAP-Box

 Maps
 Spectra

https://www.enmap.org/
data_tools/enmapbox/

 Multiple tools to 
analyse output in 
EnMAP-Box

 Selection of spectra 
from different water 
bodies (e.g. inland 
water, open ocean, 
coastal water )

 Spectra

Astrid.Bracher@awi.de



04 Evaluation of hyperspectral imager DESIS over water
Polymer atmospheric correction (AC) used to process DESIS Level 1, MSI/Sentinel-2 and OLCI/S-3
Over 7 AERONET-OC sites + Lake Constance

Lake Constance true colour composites (RGB) of Level 1 (R:665, G:560, B:490) in 14.08.2021 

Improved 
detection of 
water properties 
with DESIS

Astrid.Bracher@awi.de

Soppa, M. A. et al. (2022)
https://doi.org/10.5194/isprs-
archives-XLVI-1-W1-2021-69-2022.



How Polymer performs applied to DESIS?

DESIS L1B

Sentinel-2-MSI
L1C

Sentinel-3-OLCI
L1

Polymer AC
Chl-a conc. and  

normalized water 
leaving reflectance

 DESIS, S2-MSI, S3-OLCI images at 8 study sites were processed with Polymer AC and intercompared.

Soppa et al. 2022
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Soppa, M. A. et al. (2022)
https://doi.org/10.5194/isprs-
archives-XLVI-1-W1-2021-69-2022.



DESIS - 04.02.2019

Nori aquaculture sites and tidal flats

Grey & white areas: masked 
by Polymer atmospheric 
correction (AC)

Good flagging (inconsistency flag) of 
tidal flats with DESIS. 

Ariake: Chl-a 
concentration 
(mg/m3)

04 DESIS (with Polymer AC) at Ariake area, Japan

Astrid.Bracher@awi.de

Soppa, M. A. et al. (2022)
https://doi.org/10.5194/isprs-
archives-XLVI-1-W1-2021-69-2022.



Ariake: Chl-a 
concentration 
(mg/m3)

S2-MSI - 01.02.2019DESIS - 04.02.2019

- Grey pixels are flagged regions due to several factors: cloud, thick aerosol plume, optimized parameters 
out of bunds, etc.

- More pixels are flagged correctly by Polymer in DESIS than S2-MSI.
Nori aquaculture sites and tidal flatsNori aquaculture sites and tidal flats

Astrid.Bracher@awi.de

04 DESIS & S2 (with Polymer AC) at Ariake area, Japan

Soppa, M. A. et al. (2022)
https://doi.org/10.5194/isprs-
archives-XLVI-1-W1-2021-69-2022.
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04 DESIS (with Polymer AC) in Venice Bay (Adriatic Sea) 

Soppa, M. A. et al. (2022) Intercomparison of DESIS, 
Sentinel-2 (MSI) and Sentinel-3 (OLCI) data for water 
colour applications. https://doi.org/10.5194/isprs-
archives-XLVI-1-W1-2021-69-2022.

Chl-a conc.

RGB Phytoplankton Biomass DESIS water reflectance (RRS)

Grey & white areas: masked 
by Polymer atmospheric 
correction (AC)



• Adjacency effect along the coastline.

• Striping effect, in future use L1C data.

DESIS - 13.02.2020

Chl-a concentration (mg/m3)

Coccolithophore bloom

Soppa, M. A. et al. (2022) 
https://doi.org/10.5194/isprs-
archives-XLVI-1-W1-2021-69-2022.

Astrid.Bracher@awi.de

04 DESIS evaluation at Galata, Black Sea



Galata: Chl-a 
concentration 
(mg/m3)

• Adjacency effect along the coastline.

• Striping effect  use L1C data.
DESIS - 13.02.2020

Soppa, M. A. et al. (2022) 
https://doi.org/10.5194/isprs-
archives-XLVI-1-W1-2021-69-2022.

04 DESIS evaluation at Galata, Black Sea
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Lucinda Total Suspended Matter (mg/L)
DESIS - 06.12.2019 S2-MSI- 05.12.2019

• TSM derived using a simple empirical algorithm (Nechad et al., 2010).

• Similar distribution and magnitude.

04 DESIS vs. S2 evaluation at Lucinda, Australia
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04 DESIS vs. S2 evaluation at Lucinda, Australia

Astrid.Bracher@awi.de

Better differentiation of 
TSM/CDOM and Chl-a 
with DESIS than S2-MSI. 

DESIS
S2-MSI

Soppa, M. A. et al. (2022) 
Intercomparison of DESIS, 
Sentinel-2 (MSI) and Sentinel-3 
(OLCI) data for water colour
applications. 
https://doi.org/10.5194/isprs-
archives-XLVI-1-W1-2021-69-2022.

DESIS

Lucinda, Australia
OC-Aeronet
run by T. Schröder, 
CSIRO

Chl-a conc.

Chl-a conc.
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04 Water Quality: DESI for Assessing Costa Rica 
Wetland Estuarine

Water colour
products are
useful
indicators in 
water quality
monitoring.

Total Suspended Matter and CDOM absorption products derived from
DESIS hyperspectral data

Image reprinted from Pinnel et al. (2021):
https://desis2021.welcome-manager.de/archiv/web/userfiles/desis2021/20210930_Moneowet_Npinnel_final.pdf
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 Continue the improvement and development of atmospheric correction and in-
water algorithms.

 Spectral similarity of different water constituents, e.g. different phytoplantkon
species.

 More hyperspectral validation sites, more Cal/Val sites as Moby and Boussole.

 Further development of in situ instruments e.g. IOPs.

 Standardized metadata protocols.

 Big data processing.

(Current) challenges and limitations of water colour
remote sensing

Astrid.Bracher@awi.de
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Lessons Learned
 Water colour remote sensing is a powerful tool for monitoring and investigating aquatic ecosystems.

 Interaction of the light with the atmosphere, water surface, in-water constituents modifies spectral
shape and magnitude of reflected signal.

 Bio-optical models are used to describe the relationship between water constituents and optical
properties of a water body.

 Water colour products are useful indicators for monitoring optical water quality.

 The Inherent Optical Properties (IOPs) and Apparent Optical Properties (AOPs) describe and measure
the optical properties of the water/medium through which the light propagates.

 Atmospheric correction algorithms are used to remove the influence of the atmosphere and surface
from the total signal measured by the sensors.

 There is a full range of sensors/algorithms and the choice of the best one depends on 
the study area, research question, period.

Astrid.Bracher@awi.de
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Further Reading
(1) Mobley, C. D. Light and Water. Radiative Transfer in Natural Waters. Academic Press, 1994.
(2) Kirk, J. T. O. Light and Photosynthesis in Aquatic Ecosystems. Cambridge University Press, 1994.
(3) Robinson, I. S. Measuring the Oceans from Space. Springer and Praxis Publishing, 2004.
(4) International Ocean Colour Coordinating Group: http://www.ioccg.org/ 
(5) Bukata, R. P., J. H. Jerome, K. Ya. Kondratyev, and D. V. Pozdnyakov. Optical Properties and Remote Sensing of

Inland and Coastal Waters. CRC Press, 1995. 
(6) Martin, S. An Introduction to Ocean Remote Sensing. Cambridge University Press, 2004.
(7) Dierssen, H., A. Bracher, V. Brando, H. Loisel, and K. Ruddick. 2020. Data needs for hyperspectral detection of

algal diversity across the globe. Oceanography 33(1):74–79, https://doi.org/10.5670/oceanog.2020.111.
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