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1 Scope of the Document 

This document contains descriptions of the algorithms that are of relevance for the DIVERSITY II project, and an 

analysis of the relationship between remotely sensed indicators and their effect on biodiversity. It focuses on 

algorithms that were used in the final processing, but includes also other algorithms that were considered 

during the development phase. 

The structure of the document corresponds to the data processing order, starting with pre-processing 

techniques, and followed by lake and dryland algorithms. The description of the algorithms used in each 

processing step varies. For standard approaches, only a short description, basic equations and literature 

references are given. Where different applicable approaches are available, an evaluation was performed during 

the experimental phase, and validation results are provided to justify the final selection. Figure 1 and Figure 2 

provide overview schemes for inland waters and drylands, respectively.  
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Figure 1: Scheme for DIVERSITY II inland waters processing. The algorithms described in this document are coloured in 
white. Light grey marks intermediate products, dark grey marks input data, and blue marks final output products. 

 

Figure 2: Scheme for DIVERSITY II drylands processing. Net Primary Productivity (NPP, green), Rain Use Efficiency (RUE, 
blue-green) and Water Indices (blue) are derived and collected in regional databases, and then further assembled to first 

and second order indicators. 

2 Introduction  

Deriving the basic water quantity and water quality parameters for inland waters is a challenge. In particular 

the identification of suitable atmospheric correction and water quality parameter retrieval algorithms for 

different lake types is an unresolved issue (Mark William Matthews, 2011; M. a. D. a. G. A. b. B. V. E. c. S. 

Odermatt, 2012). For Diversity II, previous experiences in this field are summarized and a comparison of various 

algorithms is performed, including our own adaptations of the Case2R and FUB algorithms to inland waters. 

The parameters under consideration are chlorophyll-a (CHL), total suspended matter (TSM), coloured dissolved 

organic matter (CDOM, also addressed as yellow substance or gelbstoff), turbidity/attenuation and Secchi 

depth. All these parameters except CDOM are assessed by means of in situ data from more than 37 lakes and 

reservoirs, and all available matchups in the 10-year MERIS FR database. This validation and intercomparison 

exercise exceeds any previously reported study regarding the number of different lakes considered. 

EO based approaches to the assessment of dryland conditions and EO based findings with regard to 

biodiversity are primarily dependent of the geographic scale. Large area (> 0.5 Mio skm) assessments such as in 

this study, analyse time series data of above ground green biomass, which is estimated for fixed increments of 

time (most typically decades, months, years) using EO derived vegetation indices or bio-physical indices. Most 

commonly, the NDVI, the Normalised Difference Vegetation Index, is used as a proxy for NPP, where the NOAA 

GIMMS NDVI data constitute a prominent, very frequently used data set reaching back more than 30 years. 

Nevertheless, in Diversity II drylands, emphasis is laid on the usage of the MERIS based fAPAR as main 

vegetation indicator and biophysical variable. MERIS NDVI data are evaluated for two selected test sites for 

comparison with the fAPAR based results. The developed processing suite is also applied to the NOAA GIMMS 

NDVI data in order to provide longer term trends and for contrasting the results obtained with these 
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widespread used data to the MERIS based outcomes. The generation of Rain Use Efficiency indicators was a 

further project requirement and was realised along with the derivation of an analogue indicator based on Soil 

Moisture data.  

3 Pre-Processing 

3.1 Improved Geolocation us ing Amorgos  

Small islands and complex shorelines of coasts and lakes, as well as patchy structures in the water, cause a high 

spatial variability. A high accuracy of the geolocation in the order of sub-pixels is necessary for obtaining good 

spatial and temporal composites (Level 3 products). This high accuracy is a keystone when looking for 

matchups of in situ data for validation purposes. 

The criteria, which lead to the choice of the final tool, are: 

¶ geometric accuracy 

¶ availability of the software 

¶ usability in the context of the DIVERSITY processing chain 

¶ completeness of the available software, e.g. with respect to auxiliary data 

¶ processing performance 

The initial accuracy specifications for MERIS absolute geolocation was 2000m (Sotis, Balducci, & Campbell, R., 

Goryl, 2011) with an operational goal of ±150m at nadir corresponding to about the half size of a ground pixel. 

Initial geo-location performance was significantly worse than required because of sensor attitude inaccuracies 

(Bicheron et al., 2011). With AMORGOS (Accurate MERIS Ortho Rectified Geo-location Operational Software), 

ESA has made available a tool that improves MERIS FR geolocation to an accuracy better than 70m RMS. This is 

sufficient for the application of DIVERSITY. AMORGOS has been developed by ACRI-ST. However, AMORGOS is 

known to be computationally intensive and having problems in high latitudes. Further, it should be pointed out 

that AMORGOS needed an update for working with the MERIS data acquired after the orbital change 

manoeuvre in November 2010. An updated version for Linux operating systems (version 3.0p1) is available, and 

provides compatibility also with the new ENVISAT Orbit. AMORGOS includes a precise orbit determination, 

instrument pointing and performs an ortho-rectification.  

The documentation of the AMORGOS tool and installation is available on the ESA website. There are two 

documents that are relevant.  

¶ The AMORGOS MERIS CFI Software User Manual & Interface Control Document describes the 

installation and operation of the AMORGOS Tool: 

http://earth.esa.int/services/amorgos/download/Amorgos_ICD-SUM_3.0a.pdf 

¶ The AMORGOS Software Transfer Document describes the procedure which patches the AMORGOS 

ǎƻŦǘǿŀǊŜ ƻƴ ƻƴŜΩǎ ǎȅǎǘŜƳΣ ǎǘŀǊǘƛƴƎ ŦǊƻƳ ǘƘŜ ǎŜǘ ƻŦ ŘŜƭƛǾŜǊŀōƭŜǎ ǇŜǊǘŀƛƴƛƴƎ ǘƻ ǾŜǊǎƛƻƴ оΦлǇŀǘŎƘм ŀƴŘ ǘƘŜ 

local installation of version 3.0:  

http://earth.esa.int/services/amorgos/download/Amorgos_STD_i3r0p1.pdf 

AMORGOS is run once for every MERIS_FRS_1P file and generates the corresponding MER_FSO_1P file. Re-

build of the instrument projection is done using MER_FRS_1P internal data, the so-called MERIS detector index 

data set, and some additional MERIS Level 1b auxiliary data, the FR frame offset, extracted from appropriate 

MER_INS_AX file. For each MERIS pixel restored in instrument projection, an ortho-rectification algorithm 

computŜǎ ǘƘŜ ŦƛǊǎǘ ƛƴǘŜǊǎŜŎǘƛƻƴ ōŜǘǿŜŜƴ ǘƘŜ ǇƛȄŜƭΩǎ ƭƛƴŜ ƻŦ ǎƛƎƘǘ ŀƴŘ ǘƘŜ 9ŀǊǘƘ ǎǳǊŦŀŎŜΣ ǊŜǇǊŜǎŜƴǘŜŘ ōȅ 

interpolation of the Digital Elevation Model (DEM) cells elevations on top of the reference ellipsoid. Line of 

sight is determined using its pointing vector expressed relative to the satellite, the satellite location and 

attitude, which are in turn determined from Orbit and Attitude files using the appropriate CFI routines. 

Location of the intersection is expressed as longitude, geodetic latitude and geodetic altitude. 

http://earth.esa.int/services/amorgos/download/Amorgos_ICD-SUM_3.0a.pdf
http://earth.esa.int/services/amorgos/download/Amorgos_STD_i3r0p1.pdf
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AMORGOS is producing a so-called FSG (Full Swath Geo-corrected) product. This is structurally identical with 

the FRS product but with 3 additional bands for the precise and corrected latitude, longitude and altitude. Tests 

have been performed on the performance of the AMORGOS Tool using different MERIS FRS products and 

different processing computers and network environments. The overall result of these tests is that AMORGOS 

processes 32000 pixel/sec on a 3GHz Xeon with Linux OS, 2GB RAM and data on local disks or accessible via a 

fast network.  

AMORGOS is executable software, which takes a MERIS FRS product as input and generates an FSG product as 

output. AMORGOS performs an improved navigation and pointing calculation and ortho-rectifies the data using 

an external digital elevation model. An important issue is the limitation of frame numbers for the FSG product. 

Due to output product time limits, the number of lines of an FSG product cannot exceed the value of 10305. 

Because the input FRS product may consist of up to 12865 lines, the processing of such a product has to be 

performed in two steps. AMORGOS provides input switches in the configuration file to handle this constraint. 

Since AMORGOS is a binary distribution for Linux, it runs only under this operating system. It expects a certain 

directory structure, as depicted in the following Figure 3, which is taken from the AMORGOS Software Transfer 

Document. The figure does not contain the DEM directory, where the tiles of the digital elevation model reside. 

 

Figure 3: AMORGOS directory structure 

The validation of the accuracy has been performed for the absolute accuracy as well as for the relative 

accuracy. In the latter one, pairs of MERIS FRG images have been collocated and the difference of randomly 

selected sample points have been calculated. Figure 4 represents the RMSE in longitude as a function of RMSE 

in latitude for the 146 pairs. Only 3 pairs are beyond a 150m threshold for the relative accuracy, which is half a 

MERIS FR pixel.  
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Figure 4: Global relative accuracy results (unit: meter); source: (Bicheron et al., 2011) 

3.2 Radiometric Correction  

MERIS Full Resolution data are provided as top-of-atmosphere (TOA) spectral radiances, i.e. with calibration 

applied to the raw data. However, the L1b archive that ESA is distributing consists of data processed at 

different dates, and with the calibration coefficients available at the time of processing. This leads to 

ƛƴŎƻƴǎƛǎǘŜƴŎȅ ƛƴ ǘƘŜ ŘŀǘŀǎŜǘΣ ŀƴŘΣ ƳƻǊŜ ƛƳǇƻǊǘŀƴǘƭȅΣ ǘƘŜ ǉǳŀƭƛǘȅ ƻŦ ǘƘŜ ǎŜƴǎƻǊΩǎ ŘŜƎǊŀŘŀǘƛƻƴ ƳƻŘŜƭ Ƙŀǎ ōŜŜƴ 

improved throughout the years so that the latest model, available since 3
rd

 reprocessing, ensures best quality. 

Further there are specific issues with the calibration that are not addressed in the standard calibration and 

which lead to residual errors visible as camera interface and vertical striping. 

Hence the radiometric correction that will be applied to all MERIS FR scenes consists of three different 

processing steps. They have been investigated, validated and applied to the MERIS FRS archive within the 

CoastColour project. The three steps are the 

ω Improved calibration in order to rebuild 3
rd

 reprocessing radiometric calibration, adjustment has 

been developed within the DUE II project CoastColour and LC-CCI 

ω Equalization to reduce coherent noise following (Bouvet & Ramino, 2010)  

ω Smile correction  

3.2.1 Improved Calibration  

Spectral and radiometric calibrations are key processes for all quantitative algorithms that exploit the spectral 

shape and magnitude. The spectral calibration of MERIS is performed by using measurements of a coloured 

diffuser and by a spectral matching technique using the measurements of the O2-A absorption band. The 

spectral calibration has been proved to be within 0.1nm accuracy. This is considered to be adequate for the 

generation of CCI-LC products. The radiometric accuracy is more critical. MERIS has two diffusers on-board, the 

first one being used regularly to monitor the radiometric response and the second one being exposed to sun 

light only 3 to 4 times per year in order to monitor the ageing of the first diffuser. With this technique it was 

possible to derive a new degradation model of the instrument, which is applied for the third reprocessing, 

which is taking place in Winter 2009/Spring 2010. This reprocessing quality is required for CCI-LC. The 

reprocessing, however, concerns only Reduced Resolution products. In spring 2011, also the IPF (the 

operational processor) will be upgraded with the new degradation model and from that point onwards, also 

FRS products will be processed with the improved calibration. But all archived FRS products will remain at old 

calibration status. Hence, an algorithm was developed to correct 2
nd

 re-processing products to 3
rd

 reprocessing 

radiometric quality. 

The radiometric calibration as described below is a non-linear process including several steps. The radiometric 

gains are the second last step before the L1b are written. However, the last step is the stray light correction 
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which is a non-linear process and not revertible from L1b product. The Improved Calibration is therefore only 

an approximation.  

The valid MERIS samples are digital counts resulting from the detection and acquisition by MERIS of a bi-

dimensional field of spectral radiance in front of the instrument. The objective of the radiometric processing, 

together with the stray light correction, is to estimate that spectral radiance. An inverse model of the MERIS 

processing is used for that purpose, using parameters stored in the Characterisation and Radiometric 

Calibration databases and the MERIS samples themselves. The MERIS acquisition model is described in Eq. 1. 

 
Eq. 1 

Whereas: 

¶ M is the camera (or module); b is the spectral band; k is the pixel column; f is a frame (processing unit 

of number of image lines)  

¶ Xb,k,m,f is the MERIS raw sample 

¶ NonLimb,m is a non-linear function, representing the non-linear transformations which take place in 

the CCD, amplifier and A/D converter; NonLin depends on band and gain settings 

¶ Tf
VEU

 is the temperature of the MERIS amplifiers (VEUs) at the time of frame f 

¶ Tf
CCD

 is the temperature of the MERIS detectors (CCDs) at the time of frame f 

¶ g and gc are (dimensionless) temperature correction functions 

¶ ALb,k,m the "absolute radiometric gain" in  counts/radiance unit; AL depends on band & gain settings 

¶ Lb,k,m,f the spectral radiance distribution in front of MERIS 

¶ Smb,k,m,f the smear signal, due to continuous sensing of light by MERIS 

¶ C
0
b,k,m the calibrated dark signal (possibly including an on-board compensation), dependent on band 

and gain settings 

¶ Gb,k,m a linear operator (weighted sum) representing the stray light contribution to the signal. For a 

given sample, some stray light is expected from all the other samples in the module, spread into the 

sample by specular (ghost image) or scattering processes 

¶  ʁis a random process representative of the noise and measurement errors 

This model is inverted during processing: The inverse of the absolute instrument gain ALb,k,m is applied to the 

valid samples of all bands after dark and smear signal subtraction, with a compensation for the estimated 

temperature which is expressed as a function of time in Eq. 2. 

 
Eq. 2 

Where Rb,k,m,f are the spectral radiances before the stray light correction. The Improved calibration is assuming 

the final stray light corrected radiances as equal to this Rb,k,m,f. The 2
nd

 reprocessing radiometric gains (AL) are 

multiplied to R, and then the inverse of the 3rd reprocessing gains are multiplied to give an estimate of the 3rd 

reprocessing radiances. 

3.2.2 Coherent Noise Equalisation  

The MERIS equalization module performs a radiometric equalisation of the MERIS L1b products. It reduces 

detector-to-detector and camera-to-camera systematic radiometric differences and results into a diminution of 

the vertical stripping observed on MERIS L1b products. The MERIS swath is imaged by a CCD. The radiance at 

each pixel of a MERIS L1b products results from the measurements of 5 cameras spread across the swath, each 

one imaging a part of the swath with 740 so-called detectors in FR (corresponding to 185 mean detectors in 

RR). This results into 3700 detectors imaging the swath of MERIS FRS product (925 in RR).  The response of each 

one of these detectors is calibrated during the routine operation of the instrument. Residual uncertainties in 
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the calibration process result into detector-to-detector and camera-to-camera systematic radiometric 

differences. The equalisation corrects for these radiometric differences via a set of detector dependant 

coefficients correcting for the residual uncertainties in the calibration process. These coefficients are retrieved 

via a methodology described in Bouvet and Ramino, 2010, based on observations of the Antarctica plateau 

spread out throughout the MERIS mission lifetime. 

The coefficients are different for MERIS Reduced and Full Resolution products. While the compilation of a full 

mission data set in reduced resolution, and subsequently the calculation of the noise equalisation coefficients, 

this process is not yet completed for full resolution data.  

3.2.3 Smile Correction  

MERIS is measuring the reflected sunlight using CCD technique. A CCD is measuring in one of its dimensions 

one image line, and in the other dimension the spectrally dispersed radiance for each pixel along the image 

line. I.e., the spectral measurements of each pixel along an image line are made by their own set of sensors of 

the CCD. This causes small variations of the spectral wavelength of each pixel along the image. This is called the 

"smile effect". The MERIS instrument is composed of 5 cameras; each equipped with it is own CCD sensor. The 

variation of the wavelength per pixel is in order of 1nm from one camera to another, while they are in the 

order of 0.1nm within one camera. Even though this variation is small compared to the spectral bandwidth of a 

band, which is typically 10nm, and can hardly be seen in an image, it can cause disturbances in processing 

algorithms that require very precise measurements, for example the retrieval of chlorophyll in the ocean. 

These disturbances can result in visual artefact ("camera borders") or reduced accuracy of the Level 2 products. 

Therefore, the MERIS Level 2 processor corrects the smile effect. The Level 1b product is not smile corrected, 

because this product shall provide the user exactly what the instrument is measuring, and that is in fact the 

radiance at the given wavelength of each pixel. 

The smile correction consists actually of two parts: a radiance correction and a reflectance correction. The 

reflectance correction consists of an estimation of the reflectance spectral slope from the measurements in 

two neighbouring bands, and the interpolation of the reflectance along this slope from the actual pixel 

wavelength to the nominal wavelength of the considered band. It is defined in an external configuration data 

file, which bands will be corrected, and which bands are used for the slope estimation. The corrected 

reflectance is calculated according to Eq. 3 and Eq. 4. The required parameters are included in Table 1. 

 
Eq. 3 

 
Eq. 4 

Table 1: Smile correction parameters. 

Parameter Description Usage Physical Unit 

 Bottom-of-Rayleigh reflectances  input none 

 wavelengths per pixel input nm 

 nominal wavelengths input nm 

 detector index at the pixel location of the spectra input none 

 the band index of reflectance to be corrected input none 

 upper band index for interpolating the slope input none 
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Parameter Description Usage Physical Unit 

 lower band index for interpolating the slope input none 

 slope of reflectance  input none 

 smile corrected reflectance per band and pixel output none 

3.3 Cloud Screening  

3.3.1 Background  

Clouds play an important role for optical satellite remote sensing and are treated in two opposite ways: Either 

cloud properties are retrieved, e.g. for weather forecast or climate studies (Liou, 1992; Rossow & Schiffer, 

1999, 1999) or the focus of the interest is the Earth surface, land or water, which is concealed by clouds (Luo, 

Trishchenko, & Khlopenkov, 2008). In the latter case, the presence of the cloud needs to be identified, and the 

change of the surface reflectance due to the cloud has to be estimated. 

An image pixel can be cloud free, totally cloudy, or partly cloudy: 

¶ In the cloud free case there are no water droplets or ice crystals in the atmosphere which change the 
surface reflectance.  

¶ In the totally cloudy case the optical thickness is so high that the portion of surface reflectance at the 
signal measured by the satellite is negligible. 

¶ The partly cloudy case comprises all intermediate situations where the measured reflectance is a 
mixture of a significant portion of the surface reflectance, but modified due to the presence of a cloud. 
This can be either due to an optically thin cloud, or the cloud is covering only a fraction of a pixel in the 
field of view of the sensor (Preusker, Hünerbein, & Fischer, 2008). 

Cloud free and totally cloudy pixels can be identified rather easily, and most of the tests used in earth 

observation processing systems for cloud identification today assign either of these two stages, and hence also 

partly cloudy cases have to be assigned to either of these two classes (EUMETSAT, 2006). Such a binary cloud 

flag is not appropriate if several different higher-level processing algorithms are applied, each of which having a 

different robustness to partial cloudy pixel. Some novel algorithms therefore deliver a graduated scale, as an 

indicator of the extent to which a signal is influenced by the presence of clouds (Gomez-Chova, Camps-Valls, 

Calpe-Maravilla, Guanter, & Moreno, 2007; C. Merchant, Llewellyn-Jones, Saunders, Rayner, & Kent, 2005; 

Schiller, H., Brockmann, C., Krasemann, H., & Schönfeld, 2008). Such an indicator can be related to cloud 

properties, e.g. apparent cloud optical thickness, the atmospheric transmission or cloud features. 

Clouds have certain characteristics which can be used for their identification and characterisation (Luo et al., 

2008): 

¶ Brightness 

¶ Whiteness 

¶ Cold temperature 

¶ High altitude 

However, none of these characteristics is always given if a pixel is cloudy; and this is the main problem of cloud 

identification. For instance, thin lower clouds are difficult to differentiate from bright surfaces (like glint over 

water; snow or ice in land). Then methods based on other characteristics (features) than the ones given above 

must be used. In particular, the clouds can be also detected using the spatial and temporal variability of the 

reflected radiation. In addition, clouds screen the tropospheric gases. This leads to the increase in the 

reflection inside corresponding gaseous absorption bands (e.g., band 11 on MERIS (0.761 µm)), which is 

routinely used for the cloud top height monitoring (Richard Santer, Carrère, Dessailly, Dubuisson, & Roger, 

1997). 

One way to detect clouds would be to work directly with optical measurements. Further, derived cloud physical 

properties can be used to characterise clouds and assess their impact on the retrieved signal. This includes, 

amongst others, cloud fraction, cloud top temperature, cloud top pressure, cloud type, cloud phase, cloud 
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optical depths and cloud effective particle size. Such properties can be studied using the radiative transfer 

modelling. (Jürgen Fischer, Schüller, & Preusker, 1999) have done extensive work in this respect over the past 

years (see also (Brenguier et al., 2000; Pawlowska et al., 2000; Rathke & Fischer, 2002). They have developed 

the MERIS algorithms for cloud top pressure, cloud optical thickness, cloud albedo and cloud type retrieval and 

have translated this knowledge into a probability based cloud detection algorithm (Preusker et al., 2008). 

Cloud detection became important with the systematic processing of the NOAA AVHRR instrument in the 

1980s. Statistical histogram analysis methods were developed by (Phulpin, Derrien, & Brard, 1983). Most 

common used were threshold algorithms, e.g. Saunders and Kriebel (1988). Large scale textures were identified 

using pattern recognition techniques as proposed by Garand and Weinman (1986).These methods worked 

quite well over the ocean but exposed problems in Polar Regions (separation of clouds from ice and snow) and 

in the tropics (low level, warm clouds). A good overview of the cloud screening techniques at the late 80s is 

given by Goodman and Henderson-Sellers (1988). Improved methods are proposed for the AVHRR (Simpson & 

Gobat, 1996) and later for ATSR (Simpson, Schmidt, & Harris, 1998). 

The cloud screening algorithms for the ATSR 1 and 2 in the 1990s were mainly based on previous work for 

AVHRR and use spectral threshold tests (Costanzo, Hawkey, & Kelsey, 2012).The thermal band at 12µm is used 

as main tool to identify the cold cloud surface by a threshold, supported by other thresholds on band 

differences and on the histogram of the radiance distribution in the image. The unique feature of two views 

under different angles of the same pixel and the spatial coherence of the radiance are also exploited. The cloud 

screening of the AATSR is basically the same with refined and additional tests due to additional bands. 

Recently, tests on vegetation and snow indices have been introduced (Costanzo et al., 2012). However, 

application oriented projects are not satisfied with the standard cloud screening, and are proposing alternative 

methods, for example for the GlobCarbon processing (Plummer, 2008) and for the LC-CCI processing (Kirches, 

Krueger, et al., 2012). 

The MERIS Level 2 cloud screening is a combination of 8 different tests (Richard Santer et al., 1997). Three of 

those are classical threshold tests on spectral radiances or differences, and five are connected with the 

pressure estimates derived from the differential oxygen A-band absorption measurements. The potential of the 

hн! ŦŜŀǘǳǊŜ Ƙŀǎ ōŜŜƴ ŀŘŘǊŜǎǎŜŘ ƛƴ 9{! ŦǳƴŘŜŘ ǇǊƻƧŜŎǘǎ ά9ȄǇƭƻƛǘŀǘƛƻƴ ƻŦ ǘƘŜ ƻȄȅƎŜƴ ŀōǎƻǊǇǘƛƻƴ ōŀƴŘέ ŀƴŘ 

άa9wL{ !!¢{w {ȅƴŜǊƎȅέΦ ¢ƘŜ ǊŜǎǳƭǘ ƻŦ ǘƘŜǎŜ ŀŎǘƛǾƛǘƛŜǎ ƭŜŘ ǘƻ ŀƴ ǳǇƎǊŀŘŜ ƻŦ ǘhe operational MERIS pixel 

classification in the third reprocessing. Major improvement is due to including dedicated pressure algorithms 

for detection of the height of the scattering surface over land and ocean. 

A big problem is the distinction between clouds and snow/ice, in particular for instruments, which do not have 

spectral bands in the NIR and SWIR. An extensive study including the cloud screening over snow and ice has 

been undertaken by Stamnes et al. (2007), Hori et al. (2007) and Aoki et al. (2007) for the purpose of snow 

property retrieval. Snow and ice are less reflective in the NIR spectral region, and the so-called normalized 

differentiation ice index (NDII) and the corresponding snow index (NDSI) are good tools to differentiate clouds 

from snow and ice. These indices are defined in Eq. 5 and Eq. 6, respectively. The reflectance for ice decreases 

with the wavelength much faster as compared to snow. Therefore, large values of NDII signify the bare ice case. 

   

NDII =
R(0.545mm) - R(1.05mm)

R(0.545mm) + R(1.05mm)  

Eq. 5 

   

NDSI =
R(0.545mm) - R(1.64mm)

R(0.545mm) + R(1.64mm)  

Eq. 6 

Also measurements of trace gas vertical columns (e.g., SCIAMACHY onboard ENVISAT) are disturbed by cloud 

presence because corresponding instruments have large fields of view to enhance the sensitivity to small 

gaseous concentrations. Cloud clearing algorithms are described in Cervino et al. (2000) for GOME, and 

Kokhanovsky (2008) described the use of MERIS to support the cloud screening for SCIAMACHY.  



 DIVERSITY II ATBD, Issue 2.4 20 October 2015 

 21 

Another cloud detection scheme based on Bayesian methods for deriving a per-pixel probability of cloud-free 

conditions is proposed by Merchant et al. (2005) and is continually developed by Mackie et al. (2010; 2010). 

The Bayesian Statistics can be regarded as a general theory for inversion problems and provides a theoretical 

basis for look-up tables for the observed values. In the approach presented by Mackie et al. (2010; 2010) 

satellite observations have been compared with simulated clear and cloudy sky radiances using information 

from both spectral and textural features. The Bayesian Statistics pays attention to the knowledge about the 

considered object and uncertainties in the measured values. Clear-sky brightness temperatures and 

reflectances are simulated from numerical weather prediction data using forward radiative transfer models and 

cloudy radiance look-up tables are defined empirically. Application specific cloud masks can be retrieved 

through the knowledge of the posteriori probability of clouds by varying the severity of cloud mask. 

Furthermore the Bayesian methodology can be used with other satellite instruments where forward modelling 

is used for simulating the observed conditions or corresponding data sets exist. 

3.3.2 Categorisation of Cloud Detection Methods  

Cloud detection methods used here can be categorized in the following classes: 

¶ Spectral threshold methods: spectral characteristics, such as temperature, brightness, whiteness or 
height of the scatterer are tested against a threshold value. The threshold can be parameterized by 
viewing geometry, location or time. Most cloud screening algorithms given in the reference list include 
such tests. 

¶ Feature extraction and classification: the spectral data space, if transformed into a feature space, can 
be statically or dynamically (i.e. scene dependent) separated into cloud or clear classes. This group of 
algorithms also includes spatial structure based algorithms. Examples are given by Gomez-Chova et al. 
(2007). 

¶ Learning algorithms: the Bayesian probability approach and general data mining techniques are 

employed. Cloud probability or cloudiness index values are generated after training the algorithm with 

simulated or measured data. Examples are given in Merchant et al., (2005); Mackie et al. (2010; 2010); 

Gomez-Chova et al. (2007) for AATSR and in Schiller et al. (2008) for MERIS. A generic approach of a 

learning algorithm has been developed by Colapicchioni (2004). 

¶ Multitemporal analysis: pixels are not always cloud covered and a time series of data is used to 

separate cloudy from clear cases. For example, such kind of method is applied in the Cyclopes 

processing (Baret et al., 2007). 

¶ Multi sensor approach: in cases, where multiple sensors are on the same platform and perform 

simultaneous measurements, the synergetic algorithms can be used to better identify clouds. This was 

considered, for example, in the case of MERIS and SCIAMACHY (Kokhanovsky et al., 2008) and MISR 

and MODIS (Shi, Clothiaux, Yu, Braverman, & Groff, 2007). 

As it follows from the discussion given above, the screening procedures are of great importance for successful 

retrievals of snow properties from space.  

3.3.3 Theoretical description  

Current standard MERIS cloud screening uses spectral thresholds on shortwave bands, complemented by 

spectral slope tests in order to recover bright land surface and snow (Richard Santer et al., 1997). In the third 

reprocessing of MERIS these cloud and snow tests are significantly changed and improved (Brockmann, 

Ruescas, & Stelzer, 2011) by adding tests on the height of the scattering surface (based on the oxygen 

absorption measurements in MERIS band 11), and new tests for snow and ice detection using the MERIS 

Differential Snow Index (MDSI), based on the ratio of bands 13 (865nm) and 14 (885nm). 

A new approach is making use of the knowledge gained during the development of the MERIS 3
rd

 reprocessing 

cloud screening. The tests are translated into features and integrated into a probabilistic arithmetic approach. 

In a first step of the feature based probabilistic arithmetic approach, the sensor measurements are 

ǘǊŀƴǎŦƻǊƳŜŘ ƛƴǘƻ ŦŜŀǘǳǊŜǎ ǊŀƴƎƛƴƎ ŦǊƻƳ ώлΧмϐΣ ǿƘŜǊŜ л Ƙŀǎ ŀ ǾŜǊȅ ƭƻǿ ŎƭƻǳŘ ǇǊƻōŀōƛƭƛǘȅ ŀƴŘ м ƛƴŘƛŎŀǘƛƴƎ ŀ ƘƛƎƘ 

probability respectively. A value of 0.5 is the uncertainty value ς no further indication if it is a cloud or not. 
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Afterwards the standardized features will be combined in a logical order of a sequence of threshold tests. The 

combination will be done by arithmetic operations, addition and multiplication. This extends the Boolean logic 

ƛƴǘƻ ŀ ǇǊƻōŀōƛƭƛǎǘƛŎ ǎǇŀŎŜΦ ¢ƘŜ ǊŜǎǳƭǘǎ ǊŀƴƎŜ ŀƎŀƛƴ ōŜǘǿŜŜƴ ώлΧмϐΦ LŦ ǘŜǎǘǎ ǊŜǎǳƭǘ ƛƴ ǘƘŜ ŜȄǘǊŜƳŜ л ŀƴŘ мΣ ǘƘŜ 

probabilistic calculations are identical to the Boolean expressions. 

3.3.4 Practical considerations  

3.3.4.1 Sensor independent approach 

The feature based probabilistic arithmetic approach enables decoupling the sensor specific measurements 

from the physically based features and the logical combination. After the feature values have been derived 

from a sensor measurement, all subsequent calculations do not depend on the sensor anymore. Thus the pixel 

identification developed here is mainly sensor independent and can be considered as unique for any optical 

sensor. 

The uniqueness consists of a certain set of features, which are calculated for each instrument and probabilistic 

combination of these features in order to calculate a set of pixel classification attributes. The implementation 

how the features are calculated is instrument specific (Figure 5). 

 

Figure 5:  Principle of the sensor independent Pixel identification method 

3.3.4.2 Probabilistic Arithmetic  

A feature is a probabilistic quantity with a value between 0 and 1, with the following meaning (Table 2): 

Table 2: Definition of values for classification features 

Value Meaning 

0 The feature is definitely FALSE 

0.5 The status of the feature is not known 

1 The feature is definitely TRUE 

 

Features are combined by simple arithmetic averaging. We can assume, as an example, two features, f1 and f2, 

which do have no dependency from each other, and both being an indication that a third feature, f3, is true. 

Then, f3 is the average of f1 and f2. ¢ƘŜ ƛƴǘǊƻŘǳŎǘƛƻƴ ƻŦ ǘƘŜ ǇǊƻōŀōƛƭƛǘȅ ǎŎŀƭŜ ώл Χ мϐ Ƙŀǎ ŦǳǊǘƘŜǊ ǘƘŜ ŀŘǾŀƴǘŀƎŜ 

that it enables decoupling of feature values from the instruments. It does not matter how a physical quantity is 

derived because it wƛƭƭ ōŜ ƳŀǇǇŜŘ ǘƻ ǘƘŜ ƛƴǘŜǊǾŀƭ ώл Χ мϐΦ CƻǊ ŜȄŀƳǇƭŜΣ ǘƘŜ ōǊƛƎƘǘƴŜǎǎ ŦŜŀǘǳǊŜ ǿƛƭƭ ōŜ ŎŀƭŎǳƭŀǘŜŘ 
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from top of atmosphere radiances in the case of MERIS, whereas it will be calculated from reflectances in the 

case of VGT. These are different physical quantitiesΣ ōǳǘ ǘƘŜȅ ŀǊŜ ōƻǘƘ ǎŎŀƭŜŘ ǘƻ ώл Χ мϐΦ 

The scaling from a physical quantity, such as radiance or temperature, to a probability value may include a non-

linear mapping. This can express the (un-)certainty that we have in value ranges in the physical data space.  For 

example, very low temperatures have a very high probability to be a cloud, whereas above a certain 

temperature value the probability decreases exponentially. 

Not every feature can be calculated for every instrument. In such cases the feature value is constant equal to 

0.5. This convention allows formulating the logical combination of features even if a feature is not available for 

a certain instrument, and hence the logical combination can be formulated instrument independently. 

3.3.4.3 Single Image Features 

The following table (Table 3) lists the features, which are used in the probabilistic combination, and how they 

are calculated for each instrument. 

Table 3: Feature definition. 

Feature Explanation 

Pressure Indicating a high altitude from where the photons are scattered. Can be derived from 

measurements in gaseous absorption bands, e.g. O2A or water vapour 

NDVI If calculated for a pixel that is potentially a cloud, a high vegetation index is an 

indication of a (semi-) transparent atmosphere 

NDSI The NDSI is a meaningful quantity only above bright surfaces. Then it can be used to 

separate snow/ice from clouds 

White A bright and spectrally flat signal; can be a cloud or snow/ice 

Spectral Flatness A spectrally flat signal; The colour can be anything from black over grey to white. 

Temperature Temperature of the emitting surface; clouds can be very cold. 

Bright Brightness of the scattering surface 

Glint Risk The glint risk can be calculated from the observation geometry and wind speed, 

assuming a certain wave distribution (e.g. Cox and Munk). Glint and clouds are hardly 

separable and hence it is useful to identify glint risk in addition to the cloud/water 

classification. 

Radiometric Land 

Value 

A classification of the surface type as land, provided that the pixel is clear and the 

measurement can be used to assess the surface type. 

Radiometric 

Water Value 

A classification of the surface type as water, provided that the pixel is clear and the 

measurement can be used to assess the surface type. 

A priori Land 

Value 

Classification of the pixel using a static background map and the geolocation of the 

pixel. 

A priori Water Classification of the pixel using a static background map and the geolocation of the 
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Value pixel. 

3.3.4.4 Spectral Features  

The following new spectral features have been considered, investigated und applied within the LC-CCI project 

(Kirches, Krueger, et al., 2012):  

¶ Blue band feature; 

¶ Cloud value feature; 

¶ Clear land feature. 

The blue band feature based on the Blue Band Cloud Screening of the GlobCover Project and the entire 

description may be found in the GlobCover Design Justification File. A simple blue band test has been adopted 

for MERIS by using the 412 nm channel. The developed cloud screening method is applied to reflectances. A 

first threshold for band 1 reflectances is used to detect the most brilliant dense clouds. The clear pixels are 

tested by a filter, which performs the reflectance ratio of band11 and band10 related to the altitude of the 

scattering surface. An optimised threshold permits identifying thin clouds which are not detected by the first 

blue band test. Three states are supposed: 0=Out of Orbit, 1=Clear and 2=Cloud. The optimised cloud mask is 

globally coherent with the bright flag of standard MERIS products. However, a higher performance of the cloud 

screening over semi-transparent clouds can be observed. Large areas are not detected by the bright flag or 

probability algorithms. The analysis shows that the blue band algorithm is more able to detect semi 

transparent clouds.  

The cloud value feature is predicted by two neuronal network models or to put it more succinctly, they are 

back-propagation neuronal networks (NN) with one input and one output layer. The NNs have been trained 

with a back-propagation learning algorithm by using the PixBox data (see section 3.5.6) whereas the training 

dataset was splitted w.r.t. the surface properties land and water and these two datasets have been used 

separately for the training. Therefore we get a so-called LandNN and a WaterNN for the prediction of the cloud 

value. The PixBox data are described in the LC-CCI PVR (Kirches, Brockmann, et al., 2012). The decision which 

NN will be used is only depending on the classified surface type through IdePix. Afterwards the cloud value is 

calculated through the NN by using the MERIS FSG respectively and RRG TOA reflectance spectrum as input. 

The cloud value has a range from 0 through 2.  The user defined thresholds - 1.25 for the LandNN and 1.35 for 

the WaterNN are used for the verification of the current pixel status as clear land or clear water. If the cloud 

value is greater than the particular threshold then the pixel status is set to cloud.  

3.3.5 Cloud shadow and cloud edge detection  

A more comprehensive representation of clouds is proviŘŜŘ ōȅ ǘǿƻ ŀŘŘƛǘƛƻƴŀƭ ǇƛȄŜƭ ǇǊƻǇŜǊǘƛŜǎΣ ΨŎƭƻǳŘ ŜŘƎŜΩ 

ŀƴŘ ΨŎƭƻǳŘ ǎƘŀŘƻǿΩ (Kirches, Krueger, et al., 2012). These two properties are also kept in the pixel identification 

ŦƭŀƎ ŀƴŘ Ŏŀƴ ōŜ ŎƻƴǎƛŘŜǊŜŘ ŀǎ ŀ ƪƛƴŘ ƻŦ άǇƻǎǘǇǊƻŎŜǎǎƛƴƎέ ƛƴ ǘƘŜ ŎƭƻǳŘ ŘŜǘŜŎǘƛƻƴΦ ¢ƻ ŘŜǘŜŎǘ ŘŀǊƪ ŎƭƻǳŘ ǎƘŀŘƻǿ 

pixels - whose spectra are polluted by the shadow - the position of the shadow will be determined by 

ǇǊƻƧŜŎǘƛƴƎ ǘƘŜ ΨŎƭƻǳŘ ǇƛȄŜƭǎΩ ƻƴǘƻ ǘƘŜ ƎǊƻǳƴŘ ǳǎƛƴƎ ǘƘŜ ǎǳƴ ǇƻǎƛǘƛƻƴΣ ǘƘŜ ǇƛȄŜƭΩǎ ŀƭǘƛǘǳŘŜ ƻƴ 9ŀǊǘƘΣ ŀƴŘ ǘƘŜ ŎƭƻǳŘ 

height estimated from cloud top pressure. 

Cloud edge pixels aǊŜ ƛƴ ǇǊƛƴŎƛǇƭŜ ǊŜƎŀǊŘŜŘ ŀǎ ƴŜƛƎƘōƻǳǊ ǇƛȄŜƭǎ ƻŦ ŀ ΨŎƭƻǳŘΩ ŀǎ ƛŘŜƴǘƛŦƛŜŘ ōŜŦƻǊŜ ƛƴ ǘƘŜ ǇƛȄŜƭ 

classification. The width of this edge (in number of pixels) can be set by the user. In brief, the algorithm to 

identify cloud edge pixels works as follows: 

ω Use a 2x2 square with reference pixel in upper left. 

ω Move this square row-by-row over the given tile. 

ω If reference pixel was not cloud, do not do anything. 

ω If reference pixel is cloudy: 

o if 2x2 square only has cloud pixels, then set cloud buffer of two pixels in both x and y 

direction of reference pixel; 

o if 2x2 square also has non-cloudy pixels, do the same but with cloud buffer of only 1. 
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3.3.6 Validation of the cloud screening using PixBox  

PixBox is a dedicated software tool that facilitates the efficient collection of reference pixels for the validation 

of Idepix. Using a large dataset of globally distributed imagery, individual pixels are manually selected as 

validation sample points and characterized by a visual inspection of its spectral and image content related 

properties. In order to achieve a balanced distribution of sampled properties (e.g. atmospheric conditions, 

surface type, climate zone, season, observation angles), adequate numbers of pixels for each class are 

collected. All identified pixels are then processed using Idepix, and the agreement is quantified in terms of 

confusion matrices. 

A large set of 17k MERIS FR pixels was collected in the scope of the CoastColour project, and detailed validation 

results are provided in the corresponding report (Ruescas, Brockmann, Stelzer, Tilstone, & Beltran, 2014). We 

recapitulate two confusion matrices here, for pure land/water/cloud/ice, and for mixed pixels that are affected 

by semi-transparent clouds or spatially mixed (Table 4). The land cases (in-situ database) are almost completely 

identified by the Idepix classification (3624 from 3942 = 92%) for pure and also for pure and ambiguous pixel 

cases. However, a significant portion of the cloudy pixels have been misclassified as land (3008 from 12839 = 

23%) for pure and ambiguous pixel case. In contrast the portion the misclassified cloudy pixel is insignificant 

(201 from 5552 = 4%) for the pure pixel cases. A main conclusion of the two resultant confusion matrixes is that 

some of the cloud pixels are added to the clear land class, probably semi-transparent clouds. In addition, the 

more detailed analysis of the result of the Africa region shows that bright surfaces are classified as clouds. 

Table 4: Confusion matrix for the Idepix validation using PixBox. The upper table is for pure pixel, the lower for pure and 
ambiguous pixel cases together (Ruescas et al., 2014). 
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3.4 Land and Water Separation  

For the identification of lakes and precise delineation of the shorelines, a good method is needed to separate 

between land and water surfaces. The current separation in standard MERIS products uses a static background 

map that holds the information of land or water for each pixel position. Especially for lakes with scale 

structures in the shoreline and small islands inside of lakes, the accuracy of this background information is not 

sufficient. In addition, the extent of a lake is not always static and due to water level changes, the shoreline of a 

lake can change over time. The information about these changes is an important element to be covered within 

DIVERSITY. Therefore, a good static map and a subsequent radiometric test are necessary for our applications. 

Idepix identifies several problematic pixel classes that prevent appropriate characterization of the water 

composition. It uses the SRTM Water Body data sets (SWBD) as a basis map (see Diversity II TS for a data 

description), but combines these preliminary outlines with a mixed pixel test. Especially in medium resolution 

satellite data, the pixels are often a mixture of different surface types. Thus, along coastlines or the shoreline of 

a lake, the single pixels cover land as well as water areas. The land portion within a pixel is influencing the 

spectral signal significantly and thus the water retrieval will fail. Floating algal blooms, caused by e.g. 

cyanobacteria blooms, will also be recognized as mixed pixels. This floating vegetation is also influencing the 

signal measured at the satellite sensor and therefore has to be recognised in the images. 

When speaking about a mixed pixel, this is referring to the mixed spectrum, which is the sum of the pure 

spectra of each component within the Pixel, weighted by the spatial proportion of each material. When 

scattered photons interact with multiple components, the mixture has the potential of becoming nonlinear. 

This happens more often over land with low-resolution sensors.  

So far, these mixed pixels are classified as land, water or cloud -within one unique category - when they can 

really contain a portion of each. There is a need of a better screening of pixels in sub-pixel level and 

identification and flagging as mixed pixel. For doing this, it is assumed a linear relationship within the different 

ŎƻƳǇƻƴŜƴǘǎ ƻŦ ǘƘŜ ǎǇŜŎǘǊǳƳΩǎ ǇƛȄŜƭΣ ŀƴŘ ŀƴ ŀƴŀƭȅǎƛǎ ōŀǎŜŘ ƻn their mixture is done by means of a spectral 

mixture analysis (SMA). The SMA technique is a spectral unmixing approach that assumes that pixel values are 

ƭƛƴŜŀǊ ŎƻƳōƛƴŀǘƛƻƴǎ ƻŦ ǊŜŦƭŜŎǘŀƴŎŜ ŦǊƻƳ ŀ ƭƛƳƛǘŜŘ ǎŜǘ ƻŦ ŎƻƴǎǘƛǘǳŜƴǘΩǎ ŜƭŜƳŜƴǘǎ ƻǊ end members (Adams, J.B., 

Smith, M.O., & Gillespie, A.R., 1989). The essential assumptions for SMA are that landscapes are composed of a 

limited number of fundamental components, and that the remotely sensed signal of a pixel is linearly related to 

fractions of the end member used. In the SMA, the spectral properties of a pixel are modelled as a linear 

combination of end member spectra weighted by the percent ground coverage of each end member according 

to Eq. 7, and the parameters described in Table 5.  
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 Eq. 7 

Table 5: Idepix spectral mixture analysis parameters. 

Parameter Description Usage Physical Unit 

 Measured mixed spectrum from pixel i input none 

N Number of endmembers input none 

 k-th endmember spectrum input none 

 
Residual term in pixel i output none 

 
Fraction of endmember k in pixel i output none 

 

Retrieving the best fit with the measured mixed spectrum in Eq. 7 provides for the fraction of endmembers. 

The model fit is assessed by either an error in the fraction (negative fractions or fractions exceeding 100%), the 

residual term at each wavelength or as a root mean square error across all bands. The inversion can be done by 

least squares estimation, single value decomposition or Gram-Schmidt orthogonalization. A flowchart of the 

Idepix algorithm is provided in Figure 6. Further documentation is available from Aquamar and CoastColour 

project documentation by Brockmann Consult. 

 
Figure 6: Processing chain for mixed pixel estimation: the pure pixel selection was made only once, and spectra of each 

pixel used as inputs in the SMA for all images 

MERIS FR and corresponding RR images are used to validate the Idepix processor. Each RR pixel is a mixture of 

16 FR pixels. The FR land-water mask is thus a reference for the retrieval of pixel mixtures from the MERIS RR 

image. 
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Figure 7: Full resolution land abundance map (in red) overlaid onto a reduced resolution land abundance image of the 
same area (left); RGB composition (right). 

3.5 Identification of optically shallow Water  

3.5.1 Bottom reflected Radiance  

Water bodies in which a significant portion of the water leaving radiance (Lw( )˂ is reflected by the bottom 

substrate are referred to as optically shallow. Water quality retrieval in optically shallow waters is complicated 

by a number of additional parameters that affect the remotely sensed signal, namely: 

¶ Bottom depth, including tidal effects 

¶ Bottom albedo (i.e. substrate types) 

¶ Water column transparency and its vertical variability 

¶ Illumination conditions 

¶ Air-water interface effects including whitecaps and sun glint 

Most research on remote sensing of optically shallow waters is focused on clear, oligotrophic marine coastal 

waters with a euphotic depth of up to 30 m, including tropical lagoons and coral reefs. Preferred instruments 

are ground, airborne or high-resolution spaceborne sensors, which provide signals that allow for the retrieval 

of water column and bottom optical properties in such waters (Maritorena, Morel, & Gentili, 1994). In these 

cases, the effect of the water column through which sunlight must pass twice is significant. The differential 

attenuation increase with wavelength from blue to green causes the signature of a seabed type to vary with 

depth, as depicted in Figure 8. A large number of scientific approaches to treat the signal contributions from 

bottom reflectance is discussed in version 1 of this ATBD, including forward models by Lyzenga (1981; 1978), 

Maritorena et al. (1994), and Lee et al. (1998, 1999), bathymetry estimation by Bierwirth et al. (1993) and 

Dierssen et al. (2003), the correction of benthic reflectance for water constituent retrieval (Cannizzaro & 

Carder, 2006; Giardino et al., 2012), or the classification of seabed habitats (Kenny et al., 2003; Louchard et al., 

2003). 
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Figure 8: Variations of bottom reflectance when viewed through different depths of seawater. The grey bars show typical 
wavebands of HR multispectral imagers (from Robinson, 2010, after Mumby and Edwards, 2000). 

In turbid water, where scattering is relatively high across the whole spectrum, the attenuation coefficients are 

large and few photons can penetrate more than 1m (Robinson, 2004), making bottom reflectance negligible. 

However, depending on the vertical stratification, turbid water layers can mimic the water-leaving reflectance 

of shallow waters, introducing considerable ambiguity in the separation of optically deep and shallow waters. 

As a matter of fact, the requirements in the scope of Diversity II, to identify optically shallow pixels of a 

medium resolution sensor, without a priori information of water optical properties or bathymetry, for all lake 

water types and without manual intervention, go beyond all currently known approaches. 

3.5.2 Shallow Water Identification  Algorithm Development  

The objective within Diversity II is to identify and flag pixels for which bottom reflection significantly affects the 

retrieval of water quality parameters. A new approach was developed, which is remotely based on the band 

arithmetic bottom reflectance indicator suggested by Cannizzaro and Carder (2006). Their study however 

differs significantly from our requirements. First, they applied their algorithm only to in situ reflectance 

measurements, and most of the MERIS atmospheric corrections under consideration for Diversity II are not 

applicable to shallow waters. Second, a significantly larger variability of water optical properties is expected for 

the 300 Diversity II lakes, than represented by their experimental data. 

In consequence, we evaluate similar spectral band ratios as in Cannizzaro and Carder (2006), but for use with 

TOA radiances and bottom-of-Rayleigh reflectances (BRR, see Diversity II TS). Figure 9 shows exemplary the 

bottom signal effect in TOA radiances, enhancing especially the signal in MERIS band 5, while enhancement at 

shorter and longer wavelengths is almost absent. In contrast, the signal enhancement by turbid water affects 

more or less the whole spectrum.  
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Figure 9: Example pixel location and spectra, for optically shallow water (red), optically deep and clear water (blue), 
optically deep and turbid water (green) and an unknown water type (pink). 

The expressions in Eq. 8 and Eq. 9 are evaluated with MERIS imagery, using radiance and BRR data as input. 

When applied to individual images, the image-to-image variability of the indicators does not allow setting a fix 

threshold. A considerable ambiguity with turbid estuaries occurs, as expected especially for stratified waters. 

The temporal persistence of shallow water specific signals can help to prevent such cases. Consequently, Eq. 8 

and Eq. 9 are applied in temporal aggregation expressions for several months of available MERIS data (e.g. the 

Mai-October for seasonally freezing high latitude lakes). Minima, 10-percentiles and averages are compared for 

both expressions using BRR and radiance, resulting in a total of 16 static indicator maps. 
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IF ratio_413=
Ls,band1×Ls,band 7

(Ls,band 5)
2

< Thres, shallow = TRUE
 

Eq. 8 

   

IF ratio_490=
Ls,band 3×Ls,band 7

(Ls,band 5)
2

< Thres, shallow = TRUE
 

Eq. 9 

These simplistic approaches to identify areas with permanently elevated signals in band 5 correspond well to a 

more extensively derived MODIS shallow water map created for Lake Michigan (see Figure 10). Among the 8 

perennial prototype lakes (Balaton, Michigan, Nicaragua, Peijanne, Peipsi, Tahoe, Vanern, Victoria), significant 

shallow areas in the 300 m resolution data are expected only for the clearest ones, i.e. Michigan and Tahoe. 

Mean aggregates of Eq. 9 (ratio_490) are identified as the most coherent indicators in this scope, based on the 

qualitative assessment of the indicaǘƻǊΩǎ ǎǇŀǘƛŀƭ ŘƛǎǘǊƛōǳǘƛƻƴΣ ƘƛǎǘƻƎǊŀƳǎ ŀƴŘ ŎƻƳǇŀǊƛǎƻƴǎ ǿƛǘƘ ōŀǘƘȅƳŜǘǊȅ 

data.  

   

 

Figure 10: A comparison of an L3 optically shallow water indicator and a reference map, for the Northern basin of Lake 
Michigan. Left: May-October 2008 L3 mean aggregate of ratio_413. Right: MODIS shallow water classification by 

Shuchman et al. (http://www.mtri.org/cladophora.html ); Light brown is sandy benthos, green is submerged vegetation.  

Taking into account the complete lack of shallow water identification methods for inland or turbid coastal 

waters, setting the thresholds of the ad hoc shallow water identification described here is subject to significant 

trade-offs. They are chosen such that relatively small, near-shore areas are identified, while the false 

identification in permanently turbid estuary areas (e.g. the Detroit river estuary in Lake Erie, or the Rhone 

http://www.mtri.org/cladophora.html
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estuary in Lake Geneva are minimized. In this regard, a threshold of ratio_490 < 0.65 is found to extract 

reasonable shallow water extents along the shorelines in Lakes Michigan and Tahoe, while masking only very 

few pixels along the shoreline for other lakes with smaller shallow areas. However, an exception occurs in the 

most turbid prototype lake, Balaton, where many false-positive shallow pixels are identified, and a reduced 

threshold of ratio_490 < 0.5 is required. The ratio_490 indicator thresholds for all 350 Diversity II lakes are 

documented in the lake list appended to the Diversity II Technical Specifications document. 

3.5.3 Assessment and validation of the shallow water indicator  

The visual assessment of the temporally aggregated ratio_490 revealed that the vast majority of the 350 lakes 

considered in Diversity II falls into three categories: 

ω Ratio_490 > 0.7 for the entire lake area. This is the largest category making up for roughly half of all 

assessed cases, and consists among others of lakes located at high latitudes, where particle 

concentrations are too low to cause a sufficiently high peak in Ls at 550 nm, or CDOM absorption is so 

high that it effectively masks it. Examples for this case are shown in Figure 11 and Figure 12. 

ω Ratio_490 < 0.6 for most of the lake area. This second category includes about 30 % of all cases, 

including a lot of knowingly sediment-rich lakes and reservoirs, where consistently high turbidity 

causes high peaks at 550 nm. Examples for this case are shown in Figure 12. 

ω Intermediate ratio_490 gradients. This final category includes about 20% of all cases. These are the 

cases where an extended assessment was carried out in order to verify the indicated shallow water 

areas, shown for the examples in Figure 13 to Figure 15.  

 

 
Figure 11: Example lakes where the ratio_490 approach does not indicate any shallow water areas. From left to right: 

Lake Vanern (Sweden), Lake Baikal (Russia), Lake Peipus (Estonia/Russia). 

   
Figure 12 Example lakes where ratio_490 is lowered by constantly high turbidity. From left to right: Lake Brienz 

(Switzerland), Lake Balaton (Hungary), Markermeer (The Netherlands). 

Category 1 was processed with the default threshold of 0.65 without further evaluation, because these lakes do 

not exhibit the spectral feature that was identified to indicate shallow water areas. Accordingly, it is not 

possible to quantify the likeliness of type II errors (false negatives). Category 2 comprises of type I errors (false 

positives) that are relatively easy to identify, because ratio_490 does not follow the expected gradient of 
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shallowness, from littoral to pelagic areas within the lake. The high turbidity that is typical for the lakes of 

/ŀǘŜƎƻǊȅ н ƳŀƪŜ ōƻǘǘƻƳ ǊŜŦƭŜŎǘŀƴŎŜ ƎŜƴŜǊŀƭƭȅ ǳƴƭƛƪŜƭȅΣ ŜǾŜƴ ƳƻǊŜ ǎƻ ƛƴ a9wL{Ω олл Ƴ ǇƛȄŜƭǎΦ CǳǊǘƘŜǊƳƻǊŜΣ ǘƘŜ 

degree of ambiguity between backscattering from suspended sediments and sandy substrates is very high, 

making a separation impossible with the available approach. Consequently, category 2 was processed with 

reduced thresholds that prevented the masking of significant areas of the lake, reducing the number of type I 

errors to almost zero.  

For the lakes in category 3, verification of the indicator was done on a case-by-case basis with high-resolution 

RGB satellite images (Google Maps, other sources) and bathymetry maps as reference. High-resolution RGB 

satellite images were highly useful to identify spatial patterns of benthic vegetation, sand banks, eroded 

channels and even aqua farms. Bathymetry maps were not found for all lakes, and had often a relatively low 

depth resolution, but were often useful as a reference for the shoreline slope in identified areas. Examples for 

successfully identified shallow waters are given in Figure 13 to Figure 15. The default threshold of 0.65 worked 

reliably in the depicted examples, but was adjusted occasionally when the reference data did not provide 

evidence for the presence of shallow waters. In this way, the risk to commit type I errors was minimized also 

for this category. 

 
Figure 13: Ratio_490 shallow water indicator (left), screenshot from Google Maps (centre) and bathymetry map from 

www.wldb.ilec.or.jp in 20 m intervals (right) for Lake Vattern, Sweden.  

 
Figure 14: Ratio_490 shallow water indicator (left), screenshot from Google Maps (centre) and bathymetry map from 

www.lake-garda-revealed.com in 10+ m intervals (right) for Lake Garda, Italy. 

http://wldb.ilec.or.jp/data/databook_html/eur/eur-15.html
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Figure 15: Ratio_490 shallow water indicator (top left), screenshot from Google Maps (right) and bathymetry map from 

www.jsedres.sepmonline.org for Lake Issykkul, Kazakhstan. 

In summary, the application of the ratio_490 application enabled for the identification for about 40 cases of 

verified shallow water areas in relatively clear lakes, at a minimal risk of false positives. Given that such shallow 

water mapping was done for the first time, the resulting masks are a valuable output of the project that could 

among other uses serve as training data for further development of corresponding algorithms. Accordingly, the 

shallow water mask is included in all Diversity II products. The assessment however also revealed that the 

indicator does not work in turbid waters, where false positives were removed manually. 

3.6 Atmospheric Correction  

Optical satellite measurements are subject to atmospheric scattering and absorption. Most methods to retrieve 

geophysical parameters from such measurements require a correction for these atmospheric effects, i.e. to 

derive surface directional reflectances (SDR), also called bottom of atmosphere (BOA) reflectance, from top of 

atmosphere (TOA), at-sensor radiances. A variety of methods exist to do this correction, corresponding to 

different requirements for different ground targets and atmospheric conditions. An overview of the basic 

theory and relevant methods for Diversity II is given, introducing specific approaches for land and inland water 

targets, and the adaptation of the former approaches for the latter kind of targets. Validation analyses 

performed with different candidate algorithms are summarized thereafter. 

3.6.1 Theoretical Background  

The atmospheric correction is of critical importance since the effects of the temporally and spatially variable 

atmosphere can significantly affect the efficiency of any subsequent algorithm which aims at the determination 

of land or water surface characteristics (e.g. Synergy-Aerosol and land surface ATBD, 2009, or Antoine and 

Morel 1999). The atmospheric correction is normally performed in two stages. Firstly, the atmospheric 

properties are determined at the time of satellite overpass. In the second step, the transfer of radiation in the 

atmosphere is inverted to estimate the surface reflectance, accounting for the absorbing and scattering effects 

of atmospheric gases, in particular ozone, oxygen and water vapour, of the scattering of air molecules (Rayleigh 

scattering) and for the correction of absorption and scattering due to aerosol particles. Various techniques exist 

to perform this inversion, e.g. by simplification to single scattering and analytical solution, or by approximating 

http://jsedres.sepmonline.org/content/71/3/430/F1.expansion.html
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the multiple scattering case with polynomials (Steinmetz, Deschamps, & Ramon, 2011) or neural networks. 

Very often pre-calculated look-up tables (LUT) (Grey, North, & Los, 2006; Rahman & Dedieu, 1994) are used. Of 

these two stages, the estimation of atmospheric properties is the most challenging and greater source of error 

(Vermote & Kotchenova, 2008). All components except aerosols can be rather easily corrected. Ozone can be 

taken from other satellites, available from met services, and oxygen and water vapour can be taken from 

MERIS measurements thanks to dedicated spectral bands. However, aerosols are spatially and temporally 

highly variable and do not have a distinct spectral absorption features. MERIS has been designed to provide 

measurements that allow the determination of aerosols, however, this is difficult and still subject to ongoing 

research and algorithm development. The aerosol correction typically consists of two parts: the calculation of 

these aerosol properties and secondly the actual correction of the reflectance (after Rayleigh and gas 

absorption correction). This can be a sequential process where the reflectance correction takes an aerosol 

optical depth and its spectral dependency as input, or a one-step approach where aerosol properties and 

reflectance corrections are one implicit step.  

Currently, atmospheric radiative transfer (RT) codes allow retrieval of surface reflectance with a high degree of 

precision for a known atmospheric profile, with theoretical error typically <0.01 in surface reflectance (Juergen 

Fischer & Grassl, 1984; Kotchenova, Vermote, Matarrese, & Klemm, 2006). This enables both forward 

simulation of satellite radiances, and inversion of such models to estimate surface reflectance given a set of 

top-of atmosphere (TOA) radiances. Over land, the key problem in correction of surface reflectance for aerosol 

effects lies in simultaneous estimation of aerosol at the time of acquisition.  

3.6.1.1 Definitions  

¢ƘŜ ŀǇǇŀǊŜƴǘ ǎǇŜŎǘǊŀƭ ŘƛǊŜŎǘƛƻƴŀƭ ǊŜŦƭŜŎǘŀƴŎŜ wϝ ˂ ƛƴ ǘƘŜ ǿŀǾŜōŀƴŘ ˂ ƻŦ ǘƘŜ ŎƻǳǇƭŜŘ ǎǳǊŦŀŎŜ-atmosphere 

system is related to the radiance L ˂measured by a satellite at the TOA by: 

 

Eq. 10 

Where EǎΣ˂ is the extraterrestrial irradiance at the time of the measurement. The view and solar vectors are 

denoted by Ws and Wv ǊŜǎǇŜŎǘƛǾŜƭȅΣ ǿƘƛƭŜ ˃s ŀƴŘ ˃v denotes cosines of solar and view zenith.  

Over land, often a uniform, Lambertian surface is assumed as a basis for the modelling of the atmosphere-

surface radiative transfer for operational atmospheric correction algorithms of single-view instruments. Under 

that assumption, the relationship between top of atmosphere reflectance R* and the surface directional 

reflectance R˂ can be approximated by Eq. 11: 

 

Eq. 11 

Where Ratm means the atmospheric scattering term (TOA reflectance for zero surface reflectance), g˂ denotes 

atmospheric transmission for ŜƛǘƘŜǊ ǎŜƴǎƻǊ ǘƻ ƎǊƻǳƴŘ ƻǊ ƎǊƻǳƴŘ ǘƻ ǎŜƴǎƻǊ ŦƻǊ ǿŀǾŜōŀƴŘ ˂Σ ŀƴŘ ǎ ŘŜƴƻǘŜǎ 

atmospheric bi-hemispherical albedo with respect to the surface. The view and solar vectors are denoted by Ws 

and Wv ǊŜǎǇŜŎǘƛǾŜƭȅΣ ǿƘƛƭŜ ˃s ŀƴŘ ˃v denotes cosines of solar and view zenith. Spectral directional reflectance R 

is derived from TOA reflectance by means of the analytical inversion  

 

Eq. 11 

and the corresponding equation is: 
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Eq. 12 

As discussed in GlobAlbedo ATBD, 2010, the Lambertian equivalent reflectance R,˂ which is taken as SDR in the 

GlobAlbedo processing chain, represents a smoothed version of the surface BRDF, with errors up to 15% for 

turbid atmospheres (Hu, Lucht, & Strahler, 1999). 

 

Figure 16: Estimation of the relative error in reflectance retrieval caused by the assumption of a Lambertian surface 
(Rahman & Dedieu, 1994) after resampling to the GlobAlbedo AOD550 grid and the spectral response (Lopez et al., 2013). 

3.6.1.2 Aerosol retrieval approaches 

The parameters required to model aerosol radiative effects are aerosol optical depth (AOD) for a given 

reference wavelength, its spectral dependence, which may be defined by the Angstrom coefficient, single 

scattering albedo, and phase function. These properties are closely related to aerosol amount, composition and 

size distribution. Aerosol retrieval methods can be categorized in the following classes: 

¶ single-view methods 

¶ multi-temporal methods 

¶ multiple view-angle (MVA) methods 

Single-view methods: These algorithms are based on different assumptions, depending on available spectral 

sampling. MERIS is an imager providing mainly spectral information in 13 different channels (2 of its 15 bands 

are dedicated to measure oxygen and water vapour absorption) measured from a single viewing geometry. 

Thus the retrievals have to explore the wavelength dependence in order to provide information on the aerosol. 

The separation of the surface contribution is always based on a priori knowledge about the spectral properties 

of the surface. This is rather easy in the case of open ocean water, but challenging for turbid coastal water and 

land surfaces. A number of approaches have proven successful: 

¶ Identification of dark targets: Where it is possible to identify targets of dark dense vegetation (land) or 

clear water, with known spectral properties, this may be used to derive aerosol path radiance over 

these targets (Kaufman & Sendra, 1988). Operational algorithms have been developed for MERIS 

(Richard Santer, Carrère, Bubuisson, & Roger, 1999; R. Santer, Ramon, Vidot, & Dilligeard, 2007) on 

this basis, but the areas where the surface is dark enough are sparse and spatial-temporal 

interpolation is necessary. Also, these derived aerosols optical properties are connected with a 

substantial error.  

¶ Spectral mixing: This method is used to retrieve aerosol optical properties over land. The algorithm 

described by Guanter et al. (2007) uses mainly the assumption that aerosol is spatially more 
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homogeneous than surface reflectance. Therefore the algorithm searches locally for pixels with the 

most and the least dense vegetation cover (darkest and brightest pixels) and assumes the atmospheric 

information to be constant. This allows the determination of the aerosol content. Once the aerosol 

properties over land are known, they can be interpolated to provide the necessary parameterization 

of atmospheric correction over water (see section 3.6.2.2). 

¶ Coupled aerosol retrieval: Coupled inversion algorithms allow for the simultaneous retrieval of aerosol 

optical parameters and background reflectance. Such methods are computationally more expensive, 

since the number of unknown parameters in the inversion is significantly increased. However, dark but 

optically complex water bodies make this expensive strategy necessary due to the low ratio of water-

leaving to TOA radiance. C2R-type neural networks perform an explicit atmospheric correction step 

where a reduced set of background reflectances is applied to retrieve aerosol optical properties 

(Doerffer & Schiller, 2007). In contrast, the FUB neural network algorithm (Schroeder, Behnert, 

Schaale, Fischer, & Doerffer, 2007a) achieves a coupling by training water constituent concentrations 

directly for corresponding TOA radiances, performing no explicit atmospheric correction. More recent 

approaches of this kind (Brajard, Santer, Crépon, & Thiria, 2012; Steinmetz et al., 2011) have not yet 

been evaluated for Diversity II, but potential stands for further improvement, especially if the 

troublesome sun glint effect is adequately accounted for. 

Multi-temporal methods: Related to single view retrieval methods are those which allow retrieval from time 

series, assuming greater stability of land surface reflectance compared to aerosol (Lyapustin & Wang, 2009) 

The time series allows use of recent reflectance retrievals as a prior in inversion, but such techniques are 

particularly relevant where high temporal sampling is available, such as from geostationary instruments 

Multiple view-angle (MVA) methods: While spectral methods may produce very good results in regions where 

the assumptions are fulfilled, global aerosol retrievals show a number of uncertainties due to the large 

variability in spectral surface properties. The principal advantage of an MVA approach is that no a priori 

information of the surface spectrum is required and aerosol properties can be retrieved over all surface types, 

including bright deserts. Limitations of the angular approach are that the algorithms require accurate co-

registration of the images acquired from multiple view angles. 

3.6.1.3 Adjacency effects 

²Ŝ ǊŜŦŜǊ ǘƻ ŀŘƧŀŎŜƴŎȅ ŜŦŦŜŎǘǎ ŀǎ ǎƛƎƴŀƭ ŎƻƴǘǊƛōǳǘƛƻƴǎ ŦǊƻƳ ǎǳǊŦŀŎŜǎ ŀŘƧŀŎŜƴǘ ǘƻ ŀ ǇƛȄŜƭΩǎ ƛƴǎǘŀƴǘŀƴŜƻǳǎ ŦƛŜƭŘ-of-

view, which enter the field of view as a consequence of atmospheric path scattering. The effect is spectrally 

dependent and occurs along the border of strongly contrasting surfaces, e.g. near-zero NIR reflectance of clear 

or absorbing water, and high NIR reflectance of dense vegetation. It mainly depends on atmospheric turbidity 

and the observation and illumination geometry. An assessment of adjacency effects over surface waters was 

carried out by Santer and Schmechtig (2000), and several methods to correct for them have been developed 

(Bulgarelli, Kiselev, & Zibordi, 2014; Richard Santer & Zagolski, 2009; Sterckx, Knaeps, Kratzer, & Ruddick, 

2014). It was described by Odermatt et al. (2008) that the publicly available ICOL adjacency correction module 

(Richard Santer & Zagolski, 2009) facilitates effective removal of adjacency related spatial radiance gradients 

over lakes of low reflectance (Figure 17). However, the consistent improvement in terms of radiative accuracy 

does not consistently propagate to the accuracy of retrieved water constituents (Daniel Odermatt, Giardino, & 

Heege, 2010), and validation for other lake and environment types are lacking. Therefore, further evaluation of 

the ICOL algorithm is necessary. 
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Figure 17: MERIS band 13 (865 nm) radiance transects across Lake Constance, on 5 dates with variable atmospheric 
density. The solid, uncorrected transects reveal a significant increase in radiance towards the shoreline, while the 

dashed, ICOL corrected spectra correspond better to the homogenous water properties outside the emerging plume in 
red (from D Odermatt et al., 2008).  

3.6.2 Candidate algorithms for atmospheric correction over water  

3.6.2.1 Bottom-of-Rayleigh processor 

In a very simplistic model the atmosphere consists of three distinct layers: a top layer composed of the 

absorbing gases (ozone, oxygen), a middle layer composed of air molecules (Rayleigh scattering) and a bottom 

layer where all aerosols are included. The geometric depth of the Rayleigh layer extends to the ground, i.e. the 

aerosol layer is geometrically infinite small, or all aerosols are on the ground. 

The concentrations of the gases are known from external sources (i.e. it is included in the MERIS tie-points 

from ECMWF forecast or re-analysis) or, in case of oxygen and water vapour, can be derived from dedicated 

MERIS spectral bands. The transmission can then easily be calculated and the radiance at the bottom of the gas 

layer can be calculated by diving by the gaseous transmission. 

¢ƘŜ ƻǇǘƛŎŀƭ ŜŦŦŜŎǘ ƻŦ ǘƘŜ ǎŜŎƻƴŘ ƭŀȅŜǊΣ ǘƘŜ ŀƛǊ ƳƻƭŜŎǳƭŜǎΣ Ŏŀƴ ōŜ ŎŀƭŎǳƭŀǘŜŘ ŦǊƻƳ wŀȅƭŜƛƎƘΩǎ ǘƘŜƻǊȅΦ ¢ƘŜ wŀȅƭŜƛƎƘ 

scattering depends on the angles of the incoming light (= sun zenith and azimuth) and the scattering direction 

(= sensor zenith and azimuth). The Rayleigh phase function is analytically described. The intensity of the 

scattered light then depends on the air mass, which is a function of the surface air pressure and the geometric 

length of the line of sight. I.e. all components of the scattering within the Rayleigh layer can be computed from 

geometry and air pressure, which is known from external sources (in the case of MERIS it is contained in the 

tie-point data within the Level 1 product). 

The Rayleigh scattering is quantitatively the largest contribution in the atmosphere in the blue and green 

wavelengths. If only gaseous absorption and Rayleigh scattering are corrected (but not the aerosol) a rough 

estimate of the surface reflectance is already obtained. This approximation of the surface reflectance was 

found useful in highly turbid waters, where aerosol retrieval is very challenging due to the high backscattering 

even in the red and NIR parts of the spectrum (Mark William Matthews, Bernard, & Robertson, 2012). In 

contrast, water-leaving signals in low turbidity waters are often smaller than aerosol scattering, making the 

BRR processor an insufficient approach for such targets. 
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3.6.2.2 SCAPE-M 

The Self-Contained Atmospheric Parameters Estimation for MERIS data (SCAPE-M) algorithm (Guanter et al., 

2008) has been designed for SDR retrieval from MERIS TOA data over land and inland waters and has been 

successfully validated against ground-based measurements and other processing approaches. The algorithm 

intercomparison performed within Diversity II has revealed that it is a good choice for highly scattering inland 

waters, yet suffers certain operationalization limitations. 

SCAPE-M applies a sequential approach to retrieve aerosol loading and water reflectance (L. Guanter et al., 

2007; Luis Guanter, Gómez-Chova, & Moreno, 2008). It performs automatic cloud screening, aerosol and water 

vapour retrieval according to Figure 18, making use of LUTs compiled with the MODTRAN radiative transfer 

model. The atmospheric optical properties retrieved over land are thereby spatially interpolated from small to 

medium lakes, avoiding several potential error sources of AOT retrieval over water, e.g. assumptions of 

background reflectance or corresponding iterations of a bio-optical model, and adjacency effects. It is on the 

other hand vulnerable to spatially heterogeneous atmospheric conditions, and only applicable to lakes of a 

limited size.  

Aerosol optical thickness and water vapour are retrieved for 30x30 km tiles. Within each tile, dark pixels 

(including inland waters) are used as a maximum threshold for AOT at 550 nm to prevent negative reflectances. 

The sensor radiance of 5 land pixels within the tiles is inverted to estimate AOT at 550 nm using the MODTRAN 

based LUTs. Surface reflectance is assumed to be a linear mixture of vegetation and soil. The abundance of 

these two endmembers and AOT at 550 nm are retrieved concurrently, using a simple rural aerosol model. In 

order to finalize the correction, AOT estimates are spatially interpolated to tiles where the retrieval was 

unsuccessful, and a resulting continuous AOT (550 nm) map is smoothed by means of cubic convolution.  

Because aerosols can spatially quite variable, the interpolation of AOT should be limited in space. Guanter et al. 

(2010) set the limit to lakes of less than 1600 km
2
 area, and inland water pixels within 20 km of the shore. 

Technically we have removed this constraint within the SCAPE-M processor in order to be able to process every 

pixel. The error or uncertainty associated with the atmospheric correction should be increased with increasing 

extrapolation distance.  

With the continuous AOT map obtained in this way, a cloud mask, digital elevation model (DEM), observation 

angles and columnar water vapour, a pixel by pixel correction for Lambertian ground reflectance is performed, 

including inland waters (Luis Guanter et al., 2010). The strengths and weaknesses of this approach have been 

demonstrated in a comparison with in situ measured and C2R retrieved reflectances where the retrieval of red-

NIR reflectance by eutrophic waters works significantly better than with C2R, while the latter works more 

accurately for oligotrophic waters (Figure 18).  
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Figure 18: Comparison between reflectance spectra calculated by SCAPE-M and the BEAM lake processors. All the data 
were processed by ICOL and C2R processors in BEAM, except for Lake Albufera and Lake Rosarito, to which the eutrophic 

lakes processor was applied (from Guanter et al. (2010)). 

3.6.2.3 C2R and CoastColour Neural Networks  

The Case 2 Regional (C2R) processor has been developed for the MERIS instrument for water bodies where the 

assumption of a black ocean in the NIR is not valid due to scattering from particles in case of high 

concentrations of TSM and phytoplankton, or where high scattering in the visible part exists due to yellow 

substance. In all those cases the standard ocean atmospheric correction algorithms no not work. The neural 

network approach of (Doerffer & Schiller, 2007) is based on an inversion of the full spectrum, using all 

wavelengths. The TOA full spectrum results from the water leaving spectral radiance transmitted through the 

atmosphere; hence the TOA radiance carries all information of the water leaving spectrum as well as the 

atmospheric contribution. A numerical radiative transfer model is used to simulate a large number of TOA 

radiance spectra, where both the water leaving spectrum as well as the atmospheric parameters are varied. 

The radiative transfer is a non-linear process, and hence a non-linear inversion method is required for 

correcting for the atmospheric effect and retrieving the water-leaving signal. This non-linear inversion is 

performed mathematically by a neural network. 

The modelled atmosphere consists of three parts, according to Doerffer and Schiller (2008b): 

[1] A module to compute the water leaving radiance reflectance RLw(l) (elsewhere Rw) at BOA 

[2] A standard atmosphere, which includes 50 layers with variable concentrations of different aerosols, cirrus 

cloud particles and a rough, wind dependent water surface with specular reflectance, but with a constant air 

pressure- and ozone profile up to the top of standard atmosphere (TOSA) 

[3] A layer on top of TOSA, which contains only the difference between the standard and real atmosphere 

concerning air molecules and ozone, completing to TOA 

The determination of spectral water leaving radiance reflectance RLw(l) from the TOA radiance reflectance 

RLTOA(l) starts by adjusting air pressure and Ozone concentration to a standard atmosphere of 1013.2 hPa and 

350 DU, respectively, using metadata provided with MERIS L1 imagery (1-4 in Figure 19). In this way, the 

number of variables of the subsequent inversion step could be reduced. 
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Figure 19: Atmospheric correction scheme for the MERIS lakes processor (from Doerffer and Schiller (2008b)). 

The atmospheric correction neural network (NN, step 8) has a structure of several hidden layers with a large 

number of fully connected neurons. The NN uses TOSA radiance reflectance in 12 MERIS bands (412, 443, 490, 

520, 560, 620, 665, 681, 708, 756, 778, 865 nm), and illumination and viewing geometry as input. It thereof 

retrieves the water leaving reflectance (RLw) in all bands, along with atmospheric optical thickness in 4 bands 

and the corresponding Angstrom coefficient (alpha), and path radiance and transmittance. Absorption, 

scattering and surface reflection by the water body are also retrieved, but not written to the output product. 

The Monte Carlo model used for modelling the optical properties of the atmosphere is based on publications 

by Gordon (1997), Mobley (1994), Morel and Gentili (1991). A special emphasis is put in the parameterization 

of aerosol optical properties. Continental, maritime, urban and stratospheric aerosols are included. In order to 

cover the full variability encountered in AERONET measurements, a custom, logarithmic aerosol size 

distribution was applied. The contribution by small aerosols was increased in this way, having a significant 

effect on Angstrom coefficients. During simulations, specific vertical profiles for each aerosol type are randomly 

weighted. In order to create a uniformly distributed variable space for AOT, a random value within the 

occurring total attenuation is chosen. The attenuation is then randomly assigned to each aerosol type. 

The background water leaving reflectance is provided a forward NN that is trained with Hydrolight simulations 

(Mobley, 1994), since water is too high in optical thickness to efficiently run the Monte Carlo model. In the case 

of coastal waters (i.e. the C2R module), the computed ranges are: 

¶ Scattering coefficient for all particles, range b(442 nm) 0.01 ς 59.5 m
-1
 

¶ Absorption of phytoplankton pigments, range a(442 nm) 0.001 ς 2.0 m
-1
 

¶ The absorption of yellow substance and bleached particles, range a(442 nm) 0.0029 ς 9.2 m
-1
 

Validation of the MERIS lakes/C2R atmospheric correction is available in (S Koponen et al., 2008). 

In the framework of the ESA DUE CoastColour project the C2R approach was modified in order to cope with 

extreme waters, where the TSM concentration goes up to 1000mg/l and the chlorophyll concentration can go 

up to 100mg/l. The bio-optical model was modified to allow for flexible spectral dependencies of yellow 

substance absorption and scattering of suspended sediments. The atmospheric model was extended to include 

other aerosol types, representative for coastal areas. These extensions make the CoastColour atmospheric 

correction much more flexible for different water types and atmospheric conditions as compared to the C2R 

atmospheric correction.  
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3.6.2.4 Improve Contrast between Ocean & Land  

The Improve Contrast between Ocean & Land (ICOL) is a BEAM plugin processor that removes adjacency effects 

in MERIS L1B imagery and produces L1C images for further processing (Richard Santer & Zagolski, 2009). The 

procedure towards estimation and correction of adjacency effects requires the application several modules 

that account for Rayleigh and aerosol effects, ǘƘŜ ǿŀǘŜǊ ǇƛȄŜƭΩǎ ŘƛǎǘŀƴŎŜ ŦǊƻƳ ǘƘŜ ǎƘƻǊŜ ŀƭƻƴƎ ǘƘŜ ǎƻƭŀǊ ǇǊƛƴŎƛǇŀƭ 

plane, and the illumination and observation geometries (Figure 20). The separate treatment of these steps 

prior to the actual atmospheric correction and water constituent retrieval leads to relatively high processing 

costs, but introduces also additional uncertainties. For example, the application of a dark water assumption for 

ICOLs AOT estimation corresponds to a relatively rough approximation prevented by state-of-the-art 

atmospheric correction algorithms. Nonetheless, the application of ICOL often lead to radiometrically improved 

reflectance, even when those improvements did not necessarily propagate to the accuracy of retrieved 

constituents (Kratzer & Vinterhav, 2010; Daniel Odermatt et al., 2010). These findings were generally 

confirmed in the Diversity II algorithm selection, therefore ICOL was experimentally assessed but not applied to 

derive the final Diversity II products. 

 

Figure 20: ICOL overview processing flow chart (from Santer and Zagolski (2009)). 

3.6.3 Validation of atmospheric correction over water  

According to the MERIS Lakes Validation Protocol (Kari Kallio et al., 2007), validation of atmospheric correction 

is done using above or below water surface reflectance measurements. In the scope of Diversity II, a large 

number of such data was collected from supportive scientists, but no preference regarding the measurement 

method was made in order to cover as many different lakes as possible.  

3.6.3.1 In situ spectro -radiometric measurements  

Data of altogether 20 lakes is used, and matching MERIS acquisitions are available for 18 of them (Table 6). All 

data is converted to water-leaving reflectance following the MERIS Lakes Validation Protocol for comparison. 

Matchup extraction was done using a Calvalus instance that searches the MERIS FR archive and processes only 

relevant pixels and subsets as required by the algorithms (Scape-M, ICOL). All matchups are supplied with 

Idepix cloud screening (Section 3.3) and land/water separation flags (Section 3.4). No shallow water tests were 

applied, assuming that all field samples represent optically deep water. 
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For Lake Vanern, a total of 171 matchups from the Palgrunden AERONET Ocean Colour station are found, 

whereof 74 are valid. For the other 17 lakes, 140 measurements from field campaigns are available, whereas 

certain closely located field measurements may correspond to the same MERIS pixel. 46 out of those 140 

measurements correspond to valid pixels. The main reason for this significant difference is that the dataset for 

Spanish lakes and reservoirs consists of numerous cases where manual identification of suitable matchup pixels 

is necessary due to the narrowness of the basins. Using only coordinate metadata in our automated matchup 

extraction, the extracted pixels represent often adjacent land. Cases representing invalid cases are still 

considered, but quoted separately.  

Another limitation of the available reference data is that relatively little simultaneously sampled water 

constituent concentrations are available, in particular almost no CDOM measurements. Locally expected 

variability ranges and visual estimation of the water composition from reflectance spectra will therefore be 

discussed for further interpretation. 

Table 6: Spectro-radiometric matchup measurements available for validation in the scope of Diversity II. Measurement 
techniques for the ASD FieldSpec and RAMSES are described in (Kari Kallio et al., 2007). The minima and maxima of 

ŀǇǇƭƛŎŀōƭŜ ŎƻƴǎǘƛǘǳŜƴǘǎ ǊŜŦŜǊ ƻƴƭȅ ǘƻ ǘƘŜ ΨƴψǾŀƭƛŘΩ ŎŀǎŜǎ, i.e. those identified as cloud free and valid. 

Lake name Provider 

Institution 

Quantity  

Device 

n_total 

n_valid 

chl Range 

[mg/m
3
] 

tsm Range 

[g/m
3
] 

cdom Range 

[m
-1
] 

Albufera 

 

Antonio Ruiz-Verdú 

Univ. Valencia 

Rrs
+
  

ASD FieldSpec 

14 

9 

327.1-489.6 - - 

Alcantara 

 

Antonio Ruiz-Verdú 

Univ. Valencia 

Rrs
+
  

ASD FieldSpec 

3 

0 

- - - 

Almendra 

 

Antonio Ruiz-Verdú 

Univ. Valencia 

Rrs
+
 

ASD FieldSpec 

10 

5 

42.1-59.5 - - 

Balaton 

 

Peter Hunter 

Univ. Stirling 

Rrs
+
 

Satlantic HyperSAS 

18 

8 

6.6-26.5 9.5-14.0 - 

CuerdaDelPozo 

 

Antonio Ruiz-Verdú 

Univ. Valencia 

Rrs
+
 

ASD FieldSpec 

7 

0 

- - - 

Geneva 

 

Daniel Odermatt 

Univ. Zurich 

R
-
 

Trios RAMSES 

3 

3 

- - - 

Hartbeespoort 

 

Mark Matthews 

Univ. Cape Town 

Rrs
-
 

Satlantic HyperTSRB 

4 

0 

- - - 

Iznajar 

 

Antonio Ruiz-Verdú 

Univ. Valencia 

Rrs
+
 

ASD FieldSpec 

10 

0 

- - - 

Kasumigaura 

 

Bunkei Matsushita 

Univ. Tsukuba 

Rrs
+
 

ASD FieldSpec 

10 

7 

75-95 32-48 - 

Loskop 

 

Mark Matthews 

Univ. Cape Town 

Rrs
-
 

Satlantic HyperTSRB) 

8 

2 

1.0 0.5-1.7 - 

Paeijanne 

 

Sampsa Koponen 

SYKE 

Rrs
+
 

ASD FieldSpec, WISP 

3 

3 

1.9-2.1 0.7-1.1 2.5-2.8 

Peipsi 

 

Tiit Kutser 

Univ. Tartu 
Rrs

-
 (Trios RAMSES) 

6 

4 

9.0-26.8 2.2-6.9 4.7-11.0 

Pyhajarvi 

 

Sampsa Koponen 

SYKE 

Rrs
+
 

ASD FieldSpec 

3 

3 

5.3-7.2 2.0 1.5-1.6 
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Lake name Provider 

Institution 

Quantity  

Device 

n_total 

n_valid 

chl Range 

[mg/m
3
] 

tsm Range 

[g/m
3
] 

cdom Range 

[m
-1
] 

Rosarito 

 

Antonio Ruiz-Verdú 

Univ. Valencia 

Rrs
+
 

ASD FieldSpec 

37 

2 

54.6-58.3   

Tremp 

 

Antonio Ruiz-Verdú 

Univ. Valencia 

Rrs
+
 

ASD FieldSpec 

4 

0 

- - - 

Vanern 

 

Susanne Kratzer 

Univ. Stockholm 

Rw,n 

AERONET OC 

171 

74 

- - - 

Vesijarvi 

 

Sampsa Koponen 

SYKE 

Rrs
+
 

ASD FieldSpec 

4 

4 

1.7-4.6 1.2-2.6 0.9-1.8 

Zurich 

 

Daniel Odermatt 

Univ. Zurich 

R
-
 

Trios RAMSES 

3 

3 

- - - 

 

3.6.3.2 Matchup results  

Radiometric validation was performed for reflectance outputs of the BRR, C2R, CoastColour, FUB and Scape-M 

algorithms. C2R, CoastColour, FUB are used with and without ICOL adjacency effect correction, resulting in a 

total of 8 estimated reflectances in each matchup. The different algorithms have different applicability 

constraints; therefore not all 8 estimates are available for each matchup. In addition, FUB estimates 

occasionally negative reflectances, which are not visible in plot canvas. The matchups were calculated with 

MERIS FR bulk reprocessed input products, a comparison with the previously available CoastColour data is 

provided in the end of the Section. 

In hypertrophic waters of more than 100 mg/m
3
 CHL, the variability of optical properties is highly complex, 

since small changes in phytoplankton pigment composition have a large impact on the shape of the spectral 

reflectance. This favours the application of BRR and Scape-M, which do not require any previous knowledge of 

ǘƘŜ ǿŀǘŜǊΩǎ ŀǇǇŀǊŜƴǘ ƻǇǘƛŎŀƭ ǇǊoperties, while the NN algorithms are challenged not only in terms of training 

range, but also with regard to the predefined phytoplankton absorption properties they are trained for. This 

effect is evident in matchups of the Albufera Lagoon and Lake Hartbeespoort (Figure 21). The mixed_pixel flag 

is raised in both cases, but the agreement of BRR and Scape-M in situ spectra at > 800 nm indicate that there is 

perhaps little and no significant land signal in the Albufera and Hartbeespoort matchup pixel, respectively. The 

shape of the Scape-M and BRR retrieved spectra are equally adequate, including the 709 nm reflectance peak 

at the edge of the secondary CHL absorption feature. However BRR strongly overestimates the in situ 

reflectance in the Albufera case, where Scape-M retrieves almost double (t = 0.24) the AOT as for 

Hartbeespoort (t = 0.16), which leaves a much larger aerosol effect being neglected by BRR. A somewhat larger 

scatter similarly indicates the effect of aerosol scattering for BRR when comparing all 3 cloud-free 

Hartbeespoort measurements at once (Figure 22).  

An assessment of superimposed TSM and CDOM variability ranges cannot be taken into account for 

hypertrophic waters due to a lack of data.  
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Figure 21: Reflectance matchup comparisons for hypertrophic water in the Albufera Lagoon (Spain, 25 May 2005, left) 
and Lake Hartbeespoort (South Africa, 15 October 2010, right). The Idepix land flag is raised for the Albufera example. 

 

Figure 22: Reflectance scatter plots for 3 measurements in Lake Hartbeespoort, using BRR (left) and Scape-M (right) 
atmospheric corrections. 

In meso- and eutrophic waters of 10-100 mg/m
3
 CHL, a larger variety of different optical cases is available, 

although the missing TSM and CDOM in situ data make careful interpretation necessary. [1] In Lake Balaton, 

the reflectance levels are higher than for any other site, at only intermediate CHL levels. This indicates 

significant scattering by inorganic particles (Figure 23), as expected from permanent re-suspension in the 

shallow lake. [3] In Lake Peipsi, CHL concentration is at similar levels as in Balaton, however, TSM is significantly 

lower, and CDOM clearly dominant according to the extraordinary concentrations measured (Figure 24). [3] In 

the Almendra and the Rosarito Reservoirs, CHL is about twice that in Balaton and Peipsi, and the spectral 

reflectance features indicate that CHL is dominant over allochthonous TSM and CDOM. The reflectance in the 

first two MERIS bands, where scattering, CDOM and CHL absorption coincide, remains at intermediate levels 

unlike the drop caused by CDOM in Peipsi. At the other end of the spectrum, NIR reflectance of approximately 

Rw = 0.005 to 0.01 at 753 and 780 nm remains clearly lower than in Balaton, indicating lower TSM scattering in 

spite of the higher CHL and thus phytoplankton abundance.  
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Figure 23: Reflectance matchup comparisons for mesotrophic water for two different sites in Lake Balaton (Hungary, 22 
August 2010).  

 

Figure 24: Reflectance matchup comparisons for eutrophic water in Lake Peipsi (Estonia, left: 12 May 2011, right: 2 
September 2011).  

 

Figure 25: Reflectance matchup comparisons for CHL dominated eutrophic water for two different sites of the Almendra 
Reservoir (Spain, 10 July 2007, left).  
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Figure 26: Reflectance matchup comparisons for eutrophic water in the Rosarito Reservoir (Spain) on 15 June 2004 (left) 
and 1 July 2004 (right).  

As far as spectral features are concerned, the reflectance peak at 709 nm remains a preferred means to 

retrieve CHL in meso- and eutrophic waters with MERIS (Binding, Greenberg, Bukata, Smith, & Twiss, 2012; 

Mark William Matthews et al., 2012; Moses, Gitelson, Berdnikov, & Povazhnyy, 2009). It can be seen from the 

examples above that this feature is very prominent in the third case, persists in the TSM influenced Balaton 

conditions, but diminishes completely in the case of Peipsi. As previously shown for hypertrophic conditions, 

this exact retrieval of the 709 nm peak favours again the use of BRR and Scape-M. But unlike for the 

hypertrophic cases, the bio-optical variability in meso- and eutrophic waters is mostly within the NN 

ŀƭƎƻǊƛǘƘƳǎΩ ǘǊŀƛƴƛƴƎ ǊŀƴƎŜΣ ƳŀƪƛƴƎ ǘƘŜƳ ŀ ǊŜŀǎƻƴŀōƭŜ ŀƭǘŜǊƴŀǘƛǾŜΦ ¢ƘŜ /ƻŀǎǘ/ƻƭƻǳǊ ŀǘƳƻǎǇƘŜǊƛŎ ŎƻǊǊŜŎǘƛƻƴ 

(CCL2R) has a larger training range, which is generally an asset, but only really visible in the Lake Peipsi 

matchups. On the downside, the AOT is frequently underestimated at t = 0.01, raising doubts about its overall 

optical closure. Reflectances estimated by C2R have somewhat lower relative RMSEs (e) than CCL2R for Lake 

Balaton and the Almendra and Rosarito Reservoirs, but primarily for their magnitudes, while the shape is 

usually worse, which is visible as an uneven scatter in Figure 27. FUB significantly underestimates reflectance in 

most cases, and provides only visible bands and the one at 709 nm. The low relative RMSEs by FUB is not 

comparable to CCL2R and C2R, as relative errors in the absent bands are relatively high for the latter two due 

to the low signal level.  

 

Figure 27: Reflectance scatter plots for 11 measurements in Lake Balaton, using Scape-M, CCL2R, C2R and FUB (left to 
right) atmospheric corrections. 

As far as oligo- to mesotrophic waters of less than 10 mg/m
3
 are concerned, the available data represents clear 

and CDOM dominated waters, but lacks TSM dominated waters (e.g. high alpine reservoirs). In both water 

types, reflectance levels are significantly lower than for the previous trophic levels, due to a lack of particulate 

scattering. Under these circumstances, the ratio of water-leaving to path scattered radiance at sensor level 

decreases to levels below 10%. Consequently, the line-of-sight type NN atmospheric corrections perform 

significantly better (Figure 28) than when AOT is interpolated (Scape-M) or if aerosol scattering is entirely 

neglected (BRR). When low scattering is combined with allochthonous CDOM as in boreal regions, reflectances 
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can drop even further towards sensor noise level, making all atmospheric correction challenging and error 

prone as e.g. negative reflectances from FUB indicate (Figure 29). 

 

Figure 28: Reflectance matchup comparisons for clear, oligotrophic water in the Loskop Reservoir (South Africa, 1 August 
2011, left) and Lake Zurich (Switzerland, 15 August 2007, right).  

 

Figure 29: Reflectance matchup comparisons for CDOM dominated oligotrophic water in Lake Paijanne (Finland, 7 August 
2007, left) and Lake Pyhajarvi (Finland, 23 August 2007, right). 

As far as the performance of ICOL is concerned, a total of 37 of valid matchup pixels are available for 

evaluation. The relative spectral RMSE (Daniel Odermatt et al., 2010) shown in the spectral plots above is a 

suitable means to evaluate the reflectance magnitude adjustment by ICOL, while it does not allow an 

assessment of the retrieved shape and thus overall accuracy. 
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Table 7 summarizes the counted improvements in terms of relative RMSE for each measured spectrum and 

algorithm. This analysis was done with the CoastColour processed MERIS FR L1B data, before the bulk 

reprocessed archive was available. The Spanish reservoirs are not included. The outcome indicates a significant 

improvement by ICOL in the cases of C2R and FUB, while for CCL2R, less than half of all measurements are 

improved, while the relative RMSEs increase for a larger number of measurements (counts not shown). The 

counted improvements are quite randomly distributed across the lakes, while it seems that the most significant 

improvements in terms of reduction in rel. RMSE occur for CDOM-rich Finnish lakes.  
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Table 7: Counts of ICOL test cases and number of rel. RMSE improvements propagated to atmospherically corrected 
spectra for CCl2R, C2R and FUB. All spectro-radiometric matchups with valid pixels in Table 6 are included, apart Vanern 

and the Spanish reservoirs. The percentage in brackets is the average decrease in relative spectral RMSEs for the 
improved cases. 

Lake name ICOL test cases CCL2R improved C2R improved FUB improved 

Balaton 8 5 (5%) 8 (8%) 8 (11%) 

Geneva 3 0 (-) 3 (26%) 3 (16%) 

Kasumigaura 7 4 (5%) 6 (2%) 4 (2%) 

Loskop 2 0 (-) 1 (2%) 1 (1%) 

Paeijanne 3 3 (43%) 3 (74%) 3 (20%) 

Peipsi 4 0 (-) 3 (15%) 3 (16%) 

Pyhajarvi 3 2 (11%) 2 (2%) 3 (28%) 

Vesijarvi 4 0 (-) 2 (17%) 0 (-) 

Zurich 3 0 (-) 3 (17%) 3 (14%) 

Sum 37 14 31 28 

 

The effect of the MERIS FR bulk reprocessing on retrieved reflectances is generally small, and barely visible in 

spectral plots. Table 8 contrasts relative RMSEs for both input data types and the two extreme examples 

depicted above, namely the most eutrophic (Albufera, Hartbeespoort: Figure 21) and CDOM dominated ones 

(Paijanne, Pyhajarvi: Figure 29). The example of lake Paijanne is the only one where significant differences are 

observed, but the causes for this difference are not further investigated.  

Table 8: Relative RMSEs (ʁ, [%]) for the reflectance matchup comparisons using ΨbulkΩ reprocessed MERIS FR as in Figure 
21 and Figure 29, and for ǘƘŜ /ƻŀǎǘ/ƻƭƻǳǊ όΨ//Ωύ a9wL{ Cw Řŀǘŀ ōŀǎƛǎ ǇǊƛƻǊ ǘƻ ǊŜǇǊƻŎŜǎǎƛƴƎΦ 

 
Albufera 

(Figure 21) 

Hartbeespoort 

(Figure 21) 

Paijanne 

(Figure 29) 

Pyhajarvi 

(Figure 29) 

 bulk CC bulk CC bulk CC bulk CC 

CCL2R 77 n.a. 91 91 292 263 69 69 

ICOL-CCL2R 78 n.a. 92 91 186 179 62 62 

C2R 103 103 98 98 415 410 102 100 

ICOL-C2R 103 103 97 97 314 315 98 98 

FUB 115 114 100 100 157 158 99 99 

ICOL-FUB 115 114 100 100 127 141 73 73 

Scape-M 84 83 62 61 439 435 186 189 

BRR 108 108 48 n.a. 641 627 291 291 
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3.6.3.3 Algorithm selection and usage  

! ǉǳŀƭƛǘŀǘƛǾŜ ǎǳƳƳŀǊȅ ƻŦ ǘƘŜ ŀǎǎŜǎǎŜŘ ŀǘƳƻǎǇƘŜǊƛŎ ŎƻǊǊŜŎǘƛƻƴ ŀƭƎƻǊƛǘƘƳǎΩ ǎǳƛǘŀōƛƭƛǘȅ ƛǎ ǇǊƻǾƛŘŜŘ ƛƴ Figure 30. 

The results are in line with the findings in previous studies (Luis Guanter et al., 2010; Daniel Odermatt et al., 

2010; Ruiz-Verdu et al., 2008). However, the analysis of matchup measurements cannot account for all relevant 

selection criteria, which includes further algorithm-specific limitations: 

¶ Smooth spatial gradients (Scape-M) 

¶ Dependence on distance from shoreline (Scape-M) 

¶ The availability of bands (Scape-M, FUB) 

¶ The propagation of small modifications (ICOL) 

¶ Limited training ranges (FUB, C2R, CCL2R) 

In addition, although an unparalleled amount of data was available for Diversity II, reference data remain 

limiting. Regular measurements are only available from the Lake Vanern AERONET station. Those in situ 

measurements are derived using an anisotropy assumption based normalizing procedure, which is quite 

reliable for ocean colour measurements, but less so in inland water remote sensing.  

Therefore, no final selection decisions are derived from the radiometric matchup validation. Instead, 

corresponding observations will be applied to interpret the outcome of the constituent matchup validation, 

which will be used as the main algorithm selection benchmark.  

 

Figure 30: Scheme of the recommended applicability for the assessed algorithms. Entries in brackets indicate partial 
limitations, i.e. the 709 nm peak by CHL in eutrophic waters and the vanishing signal level in CDOM dominated 

oligotrophic water. 

3.7 Drylands Auxiliary Data pre -processing  

In this project, the spatial differentiation of vegetation greenness and trends thereof will be related to various 

kinds of space-based data that represent water availability for plants. In general, the relation between 

vegetation biomass and water availability as measured by these data sets has major drawbacks imposing 

limitations on thŜƛǊ ŘƛǊŜŎǘ ŎƻƴŦǊƻƴǘŀǘƛƻƴΦ hƴŜ ƳŀƧƻǊ ŦŀŎǘƻǊ ƛǎ ǘƘŜ ŎƻŀǊǎŜ ǎǇŀǘƛŀƭ ǊŜǎƻƭǳǘƛƻƴ ƻŦ ǘƘŜǎŜ άǿŀǘŜǊέ Řŀǘŀ 

sets that does not match the 300 m pixel width of the MERIS FR data. Thus, the temporal /spatial variability of 

rainfall or soil moisture present at the MERIS pixel level and influencing vegetation growth cannot be 

reproduced with these datasets. In addition, rainfall feeds only partially into vegetation growth; substantial 

parts of it evaporate or run of. The latter makes soil moisture data that relate directly to water in the root zone 

in general better suited for such comparisons, but they would also be required at a much better spatial 

resolution. First high-resolution soil moisture data sets are being produced and tested by various research 

groups, however no data sets consistently available for the study sites during the MERIS period do yet exist for 

ready usage in this project. High-resolution sensor data are often scarce (e.g. ENVISAT ASAR) and thus their 

availability hinders the production of coherent time series.  
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3.7.1 Soil Moisture Data  

3.7.1.1 Rational and objective  

Reasons to include Soil Moisture (SM) data in the analyses are that they are part of the ECVs (Essential Climate 

Variables), and that space based SM data are available on a global scale for the last 30 years. Within Diversity II 

ς Drylands they are of scientific interest as soil moisture is more directly related to the actual water availability 

for plants than rainfall, as it constitutes ς roughly ς the water that remains in the soil or root zone after surface 

runoff and evapotranspiration. The SM data have been used as variable per se and for the derivation of SMUE ς 

Soil Moisture Use Efficiency, an analogue product to Rain Use Efficiency. SM and SMUE status and trends as 

well as epochal difference indicators have been generated and can becompared with corresponding products 

derived from rainfall data. . 

3.7.1.2 Soil moisture data  

The global soil moisture data set has been generated in the ESA funded WACMOS project 

(http://wa cmos.itc.nl/) by merging active and passive microwave spaceborne sensor data as described by Liu et 

al. 2012. The SM-MW (microwave based soil moisture data) has a spatial resolution of 0.25 x 0.25°, a daily 

coverage and represents the upper few ~ 2 cm of the soil (Dorigo et al., 2012). Even though the data go back as 

far as to 1978, trend analyses should only be performed from 1988, as the underlying SMMR sensor (1978 ς 

мфутύ άhas only a very short overlap with the successive SSM/I sensor, making a trend-preserving match with 

later datasets impossibleέ (Dorigo et al., 2012). The selected SM-MW data fulfil the (SOW) criteria that they 

originate from space borne EO measurements and are globally available. Currently this data is being used for 

comparative trend analyses (Dorigo et al., 2012), is being cross-validated with soil moisture data from other 

sources, and will be further improved in the ESA CCI project (http://www.esa-soilmoisture-cci.org/).  

In Diversity II, CCI SM v2.0 were used.  

3.7.1.3 Pre-processing of the CCI SM data   

The SM data were integrated to half-monthly data by summing up the daily values. A half-monthly value was 

accepted if at least one valid daily measurement was available during the respective half-month. The SM data, 

like the rainfall data, were resampled (nearest neighbour) to a grid spacing of Ғ 0.07273° (8 km at the equator), 

and geographic coordinates (WGS84) to match the GIMMS NDVI data. 

Prior to their further usage the SM data were low-pass filtered (averaged) with a kernel size of 3*3 (0.07273°) 

pixels in order to generate smooth transitions between the sub-sampled pixels. Note that the filter kernel is 

about as large as one pixel of the original data, thus the filtering constitutes an interpolation and slight 

smoothing with the objective to avoid artificially strong differences between the pixels and to obtain later on 

an overall smooth appearance of the derived indicator maps.  

For their actual usage in the dryland sites, the data were temporally integrated in phenological periods, which 

have been derived with the MERIS fAPAR data. Spatial sub-sampling (bilinear) to fit the MERIS data resolution 

was an integrated part of the ERDAS models that were developed for their analysis. 

3.7.2 Hydro -Meteorological Data  and Pre-processing  

3.7.2.1 Rational and objec tive  

The usage of hydro-meteorological data has the broad objective to relate vegetation growth and its variability 

to the major driving factors, i.e. water and energy. Water as the main constraint of vegetation growth in 

drylands is, besides the SM data, was represented by TRMM and GPCP rainfall data. The GPCP data were used 

to supplement the TRMM data that cover only latitudes between 50° N and S. Further on, air temperature data 

(CPC) were available as well as actual evapotranspiration data (MOD16 ET) on a global scale. The latter two 

parameters and their relation to NPP trends are of special interest for drylands in moderate climates, where 

besides water also energy is a significant constraint for vegetation growth. Whereas such analyses were done 

http://wacmos.itc.nl/
http://www.esa-soilmoisture-cci.org/
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globally on a systematic base by Fensholt et al. (2012), for this project it was planned to perform only limited 

and exemplary tests in selected sites, concentrating on evapotranspiration. When comparing the ET data to 

rainfall data, globally quite inconsistent results were obtained as described in section 3.7.2.6. For this reason, 

the ET data were not further used in the project. Moreover, due to the large number of indicator products that 

were derived based on fAPAR, rainfall and SM data alone, we refrained from the application of the air 

temperature data. It would without any doubt be of interest to contrast ET and air temperature data to 

vegetation productivity, and we refer to the literature where such analyses have been reported (Diversity II 

Product User Handbook, drylands).   

3.7.2.2 GPCP rainfall data  

GPCP rainfall data are a blended gage-satellite product by NOAA (http://precip.gsfc.nasa.gov/). They reach 

back to 1979, are gridded with a resolution of 2.5 x 2.5° and produced for monthly intervals. For that reason 

they are not the first choice in the project because half-monthly time intervals have been chosen for the 

vegetation time series data. However, they have been used in numerous investigations and constitute 

therefore a common reference to many studies (Fensholt et al., 2012). As noted above, they were only used to 

supplement the TRMM rainfall data beyond 50° N and S, and pre-processed analogue to the SM data. Further 

on, for usage along with half-monthly data, these monthly data were broken down to halfmonthly values by 

halving the monthly figures.  

3.7.2.3 TRMM Rainfall data  

The Tropical Rainfall Measuring Mission, a joint venture of NASA and the Japanese space agency JAXA, provides 

EO based rainfall data with a ground resolution of 0.25 x 0.25° beginning in 1997. The gage corrected TRMM 

3B42 v6 data with a temporal resolution of three hours were summed to halfmonthly values and the small 

number of remaining gaps was filled with TRMM 3B43 data, applying the below described procedure. 

wŜǎŀƳǇƭƛƴƎ ǘƻ ǘƘŜ DLaa{ b5±L ƎǊƛŘ όҒ лΦлтнтоϲύ ŀƴŘ 3*3 low pass filtering after the resampling were applied 

such as to the SM and GPCP rainfall data.  

Beyond 50° N and S, GPCP v2 data were mosaicked with the TRMM data after breaking down these monthly 

data to halfmonthly values, as noted above. Thus in the test sites crossing the northern and respectively 

southern latitude of 50°mixed rainfall data were used, as it was preferred to exploit the TRMM data with their 

significantly better resolution to the maximum extent. 

 

Filling gaps of the TRMM 3B43 data 

On a global scale, the half-monthly aggregated TRMM 3B42 precipitation estimates are quite complete with 

only a few regions containing a pronounced amount of data gaps. To retrieve a data set with no remaining gaps 

globally, TRMM 3B43 (monthly data) data were used and the 3B42 data were recalculated as follows: 

¶ Recalculation of bi-weekly sums to hourly average sums 

¶ Where one out of two data points within one month is missing the following procedure is applied: 

ὦ ςὼ ὥ                                    ὦ ςὼ ὥ  , where b represents the missing 

value, a and x the available values, and the indices represent the data source, i.e., 42 for TRMM 

3B42 and 43 for TRMM 3B43. 

¶ For cases where both half-monthly 3B42 data points are not available within one month, both are 

replaced with 3B43 values assuming that the hourly precipitation is equally distributed over one 

month. 

¶ ὦ πςὼ ὥ For cases in which one 3B42 is missing and  ςὼ ὥ                          ,it is 

assumed that ὦ π                     , since the monthly mean precipitation is significantly below the 

precipitation for the known part of the month. 

¶ In a final step bi-weekly sum precipitation is calculated from the hourly sums assuming that two 

weeks comprise 15.21 days. 

http://precip.gsfc.nasa.gov/
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Figure 31 depicts the amounts of pixel being affected by the processing described above for global coverage. 

Annual values are totals for the contained 24 bi-weekly layers. 

 

Figure 31: Data source of the final global TRMM data set 

The TRMM rainfall data have been compared to data of several ground stations in Australia. In spite of the 

difficulty of spatially and temporarily matching EO based rainfall data with ground station and thus point data, 

the validation delivered mainly good correlation results between TRMM rainfall and the station data, where 

only two out of 10 sample points show a low (point 4) or very low correlation (point 5), as reported in PQR. The 

Pearson correlation coefficients are listed in Figure 32. As a general tendency, a small positive bias in the 

precipitation estimates was observed. In Figure 32 the monthly rainfall sums for the sample point 5, the one 

with the lowest correlation are plotted for the TRMM and the station data. Despite of the low correlation at 

this location, the temporal courses of the two time series are well comparable and show that the low 

correlation is mainly due to a shift of one month between most of the values in this case. Promising validation 

and evaluation results for TRMM rainfall data were also obtained by Nair et al. 2009, or by Liechti et al. 2012.  

 

 

 

 

Pearson r between monthly TRMM and station rainfall amounts 2002 ς 2012 at the sample points:  

1: 0.90,   2: 0.85,   3: 0.43,   4: 0.74,   5: 0.10,   6: 0.95,   7: 0.91,   8: 0.92,   9: 0.9,   10: 0.87 

Figure 32: TRMM versus station precipitation at location no. 5 in the right hand map 

3.7.2.4 CMORPH Rainfall data 

In addition to the TRMM rainfall data, CMORPH data of the NOAA Climate Prediction Center 

(http://www.cpc.ncep.noaa.gov/products/janowiak/cmorph.shtml) have been pre-processed by BC and used 

for comparison with the TRMM 3B42 data. CMORPH rainfall data are available from 2002, have a nominal 

ground resolution of 8*8 km² and rely solely on EO data. Due to their higher spatial resolution they might 

better capture small-scale rain events, however their quality in relation to other products is controversially 
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judged in the literature. For example, according to Liechti et al. (2012) CMORPH is overestimating the rainfall 

by nearly 50 %. ¢ƛŀƴ Ŝǘ ŀƭΦ όнллтύ ǎǘŀǘŜΥ άThe analyses show that at annual or seasonal time scales, TRMM 3B42 

has much lower biases and RMS errors than CMORPH. CMORPH shows season-dependent biases, with 

ƻǾŜǊŜǎǘƛƳŀǘƛƻƴ ƛƴ ǎǳƳƳŜǊ ŀƴŘ ǳƴŘŜǊŜǎǘƛƳŀǘƛƻƴ ƛƴ ǿƛƴǘŜǊΦ ¢Ƙƛǎ ƭŜŀŘǎ ǘƻ рл҈ ƘƛƎƘŜǊ wa{ ŜǊǊƻǊǎ ƛƴ /ahwtIΩǎ 

area-averaged daily precipitation than TRMM 3B42έ. Significant higher rainfall amounts were also found with 

the CMORPH data in this project compared to the TRMM data, also spatial and temporal inconsistencies of 

their correlations. Based on these and the literature findings, and as the CMORPH data are only based on EO 

data versus the gage corrected TRMM 3B42 data, we decided to use the TRMM 3B42 precipitation data as 

major source for rainfall estimates, supplemented with the GPCP data beyond 50° N and S.  

3.7.2.5 CPC Air Temperature data  

The selected CPC global surface air temperature data originates from interpolation of climate station data, and 

is available since 1948 as monthly data in a ground resolution of 0.5 x 0.5° 

(http://iridl.ldeo.columbia.edu/SOURCES/.NOAA/.NCEP/.CPC/.GHCN_CAMS/.gridded/.dataset_documentation.

html). However, as mentioned above, the air temperature data have not been used for product generation 

because we concentrated on contrasting the NPP proxies with water parameters only in the derived indicator 

products. Precipitation is the most important limiting factor to vegetation growth in drylands, and has as such 

been used as sole factor to contrast vegetation productivity against, without establishing a relation to the other 

major climate factors of vegetation productivity, i.e., temperature and solar radiation. Figure 33 shows the 

weight of these fundamental growth limiting factors at the global scale. Especially in the test sites located in 

temperate climate zones, temperature and to a lesser degree solar radiation constitute potential constraints to 

primary production. However, in the regional context the weight of these factors depends on further variables 

including topography, vegetation types, soil nutrients and other soil properties etc., factors which could not be 

taken into account in this global project, even though at the spatial resolution of the MERIS data these factors 

are important. As this study does not model NPP we have related the derived NPP proxies only to precipitation 

and soil moisture, which can be regarded as the major growth constraining factors in the analysed test sites.  

 

Figure 33: Potential limits to vegetation net primary production based on fundamental physiological limits by solar 
radiation, water balance, and temperature (from Churkina & Running, 1998; Nemani et al., 2003; Running et al., 2004). 

Source: http://www.ntsg.umt.edu/project/mod17   

Nevertheless, temperature trends during the past decades have been found to influence vegetation activity, for 

instance in a recent study by Zhou et al. (2015). They detected a significant warming trend with an increasing 

rate of 0.052 °C/year in the years 1982-2012 covering over 90% of the vegetated areas in Central Asia (Figure 

34), and correlated the temperature trends with vegetation activity trends by means of partial correlation and 

ǘƘǳǎ ŜȄŎƭǳŘƛƴƎ ǘƘŜ ƛƴŦƭǳŜƴŎŜ ƻŦ ǊŀƛƴŦŀƭƭ ǘǊŜƴŘǎΦ ¢ƘŜȅ ŎƻƴŎƭǳŘŜŘΥ άThe increasing temperature prompted 

http://iridl.ldeo.columbia.edu/SOURCES/.NOAA/.NCEP/.CPC/.GHCN_CAMS/.gridded/.dataset_documentation.html
http://iridl.ldeo.columbia.edu/SOURCES/.NOAA/.NCEP/.CPC/.GHCN_CAMS/.gridded/.dataset_documentation.html
http://www.ntsg.umt.edu/project/mod17
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vegetation greening before 1991 for most areas. However, in 1992ς2011, this warming trend resulted in 

desiccation, suppressing the greening trend by increasing evapotranspiration and fire occurrences. The 

precipitation-controlled area expanded in 1992ς2011, compared to 1982ς1991ά ό½Ƙƻǳ Ŝǘ ŀƭΦ 2015). 

 

Figure 34: Precipitation and temperature trends 1982-2012 in Central Asia, source: Zhou et al. 2015 

Also Sensoy et al. (2013) state, based on temperature trend analyses in Turkey: άThe most interesting feature in 

this time series is the relatively strong change in air temperature since 1994, which corresponds well to similar 
trends in many parts of the world ά (Houghton et al. 2001, cited by Sensoy et al. 2013).  

3.7.2.6 MOD16 ET Evapotranspiration data  

This ET data set is computed globally daily at 1km, using MODIS land cover and MODIS fAPAR/LAI data and 

global surface meteorology from the GMAO (Global Modeling and Assimilation Office) 

(http://www.ntsg.umt.edu/project/mod16#data-product, where also a brief description of the data is found). 

MOD16 ET data had been considered to be used for WUE  - water use efficiency analyses in selected test sites. 

Such studies have for instance been performed for the conterminous United States by Lu and Zhuang (2010). 

The different spatial patterns of water availability (first half of August 2004) are shown in Figure 35. While a 

general N ς S gradient is common to all products; spatial detail and patterns deviate considerably. It can be 

easily envisaged that RUE, SMUE and WUE inŘƛŎŀǘƻǊǎ ŘŜǊƛǾŜŘ ǿƛǘƘ ǘƘŜǎŜ ŘƛŦŦŜǊŜƴǘ άǿŀǘŜǊ ǇǊƻŘǳŎǘǎέ ǿƛƭƭ ǾŀǊȅ 

significantly in spatial regards. Another presentation of differences between these data sets is given in Figure 

36, where time series of GIMMS NDVI, TRMM rainfall, CCI soil moisture and MODIS evapotransporation are 

contrasted. While in the upper example (Caatinga, Brazil) a clear seasonal relation between all data sets exists, 

in the Namibian site, which is much dryer, the MODIS evaporation data do not show a seasonal behaviour 

analogue to the other data sets. The vegetation and water highs are not matched in the evapotranspiration 

data there. The same missing (or weak) temporal correlation between MODIS evapotranspiration data sets and 

other time series reflecting moisture conditions can be seen at other sites (not shown here). Thus the question 

arises especially with regard to the MODIS evapotranspiration data whether and/or where their usage can be 

expected to deliver meaningful Water Use Efficiency results. Figure 37 shows the pearson correlation 

coefficient between the timeseries data (one calendar year) of TRMM 3B42 rainfall and MODIS 

evapotranspiration, respectively. Pearson r varies significantly between climate zones, which can be expected, 

but it also varies substantially within and between the dryland sites, analogue to what has been stated above 

for the time series diagrams. Thus in regions with low correlations between the two, very different results for 

RUE and WUE can be expected. Due to these expected strong inconsistencies, we refrained from the usage of 

the ET data for the calculation of WUE indicators.  

http://www.ntsg.umt.edu/project/mod16#data-product
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Figure 35Υ 5ƛŦŦŜǊŜƴǘ ǎǇŀǘƛŀƭ ǇŀǘǘŜǊƴǎ ƻŦ ǘƘŜ άǿŀǘŜǊέ Řŀǘŀ ǎŜǘǎ ƛƴ ǘƘŜ {ŀƘŜƭ test site of the first half of August 2004. 
(relative scaling was adjusted, a general N to S gradient of increasing moisture from orange to green / blue tones  can be 

seen in all products.  

 

 

Figure 36: Comparative time series of GIMMS NDVI, TRMM rainfall, CCI soil moisture, and MODIS evapotranspiration for 
two dryland test sites 
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Figure 37: Pearson correlation coefficient between one year time series of TRMM rainfall data and MODIS 
evapotranspiration data (missing areas are due to TRMM 3B42 data gaps) 

3.7.3 AVHRR NDVI 

3.7.3.1 Rational and objective  

The NOAA AVHRR GIMMS NDVI time series (http://glcf.umd.edu/data/gimms/ ) reaches back to 1981 and 

provides thus a means to tie the relatively short MERIS time series into a longer observation of NPP. This way, 

the MERIS NPP status and trends can be better assessed, e.g. whether these MERIS years constitute part of an 

ongoing trend, or show the start of a new trend or vice versa. In the Diversity II project, NOAA GIMMS NDVI 3g 

data were quite extensively used for the following reasons and purposes: 

¶ This data has been investigated in a large number of studies, which provide useful reference 

information to this project 

¶ Vegetation trends of NOAA GIMMS derived in Diversity II have been compared to the MERIS fAPAR 

based trends (see PUH section 3.5.10) to check the consistency of the applied methods. In addition, 

various further GIMMS based applications of the Diversity II methodology are demonstrated in the 

PUH.  

¶ For demonstrating past trends prior to the period with MERIS data and comparison of the 

developments within the MERIS periods to the preceding 20 years: based on the GIMMS NDVI data 

and GPCP rainfall data, the vegetation trends versus rainfall trends were expressed in a second order 

product.   

3.7.3.2 GIMMS3g NDVI 

NOAA AVHRR GIMMS3g NDVI data cover the period from 1981 to 2011 and constitute the latest release of this 

unique long-term NDVI time series of the GIMMS research group (Fe). The data is available in 0.07 x 0.07° 

ground resolution and half-monthly time intervals (Tucker et al. 2004).  

No pre-processing is necessary for the GIMMS NDVI data (phenological analysis not being regarded as pre-

processing). Instead, the other auxiliary datasets were geometrically adapted to the GIMMS data as described 

earlier. 

3.7.4 Modelled NPP data based on BETHY/DLR 

For test sites 04 Northern Kazakhstan and 12, Southern Africa West modelled NPP time series data have been 

processed and compared to the MERIS based indicators. The NPP data were derived with the most recent 

version (spring 2015) of BETHY/DLR (Biosphere Energy Transfer Hydrology Model, DLR), and provided by M. 

Tum and K. Günther (DLR).  

BETHY/DLR is a soil-vegetation-atmosphere-transfer (SVAT) model that was modified to the usage with 

meteorological and EO based vegetation time series data (Wißkirchen et al. 2013, Tum 2012). BETHY/DLR has 

been tested for several regions in the world. It is used at DLR to estimate sustainable bioenergy potentials. It 

http://glcf.umd.edu/data/gimms/
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employs remote sensing products (Albedo, LAI, Landcover, CO2 concentration, elevation), meteorological 

parameters (Wind speed, Temperature, Precipitation, PAR), climatic zones, and static data, i.e., soil types. 

Figure 38 provides an overview of the input data used. BETHY/DLR is currently assessed at continental to 

country scales.  

The BETHY NPP data were generated as monthly NPP sums in grams C/m² and 1km² pixel size (at the equator). 

For comparisons to the MERIS fAPAR derived NPP proxies, they were converted into half-monthly values and 

300m*300m pixel size, and then aggregated into sum values per vegetation year, starting from 2003 and 

ending 2010, exactly like the MERIS fAPAR based NPP proxies. 

 

 

Figure 38: Input data used for BETHY/DLR, overview provided by M. Tum, DLR 

The BETHY/DLR derived NPP data were provided as monthly time series data for the entire MERIS period 

(2002-2012). For adaptation to the half-monthly data used in Diversity II, the monthly data were split into two 

half-monthly data sets with half of the NPP amount of the respective monthly value each. The resulting half-

monthly time series data were then smoothed with a gliding mean over three half-monthly values, i.e. each 

data value was replaced by the mean of the value itself, the preceding value and the following value.  

The resulting half-monthly time series data were processed with the Diversity II tools in order to derive the 

most essential first order products and to compare these to the corresponding fAPAR based products. The 

comparison results are reported in the PUH, section 3.5.3 and in the PQR,  

While we are dealing with NPP data in this context ŀǎ ƻǇǇƻǎŜŘ ǘƻ άƻƴƭȅέ btt ǇǊƻȄƛŜǎ ƎŜƴŜǊŀǘŜŘ ƛƴ 5ƛǾŜǊǎƛǘȅ LL, 

we must be aware that the data are originating from models, underlying assumptions and input data with their 

own uncertainties. Thus the performed comparisons will also depend on the uncertainties associated with the 

BETHY/DLR NPP data. These depend for instance on the underlying SPOT Vegetation based LAI data or the GLC 
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land cover data and their parametrisation in the model, where the alignment with GLC land cover boundaries 

for example is quite obvious in the BETHY/DLR NPP data. Nevertheless, such comparisons help building 

confidence in both products, if they show the expected commonalities. For this reason the comparison results 

were deliberately published in the PUH. Discrepancies on the other hand, which were partially also observed, 

should serve as valuable incentive to further study and improve the data sets and models.  

4 Algorithms Lakes Processing  

4.1 Water Quality Retrieval  

Water quality is estimated from MERIS data (optically relevant constituents) and AATSR data (lake surface 

temperature emission). The former will be processed by means of several different algorithms, while the latter 

have already been processed to higher-level products and is described in Section 4.1.5. 

4.1.1 Optical Water Types Identification  

The Optical Water Type algorithm (OWT) separates input water-leaving reflectance spectra in seven classes, 

according to their fuzzy membership in classes that were clustered from in situ reflectance measurements 

(Moore, Dowell, Bradt, & Ruiz Verdu, 2014). Types 1-3 represent clear to absorption-dominated waters, class 4-

5 represent highly productive waters, and class 6-7 are for high levels of turbidity. These seven endmember 

spectra are depicted in Figure 39. A mode-aggregated L3 product layer representing the dominant OWT per 

time interval for each pixel is provided with the Diversity II inland water products.  

The applicability of OWT was assessed using CoastColour (CC) atmospheric corrected MERIS and in situ water-

leaving reflectance spectra (see Section 3.6.3.1 for a description of the in situ data). 42 matchup comparisons in 

10 lakes are available.  

ω In 21 cases, the same class is assigned to the CC and the corresponding in situ spectrum 

ω In 14 cases, the classes are adjacent 

ω In 7 cases, the classes are farther apart. 5 out of these 7 cases are combinations of OWT 1 and 

OWT 3, which are of relatively high optical similarity (examples in Figure 39). 

 

   

     

Figure 39: In situ and CC atmospherically corrected spectra and corresponding water types in Lakes Zurich, Paijanne, 
Loskop (upper left to right), Kasumigaura, Hartbeespoort and Peipsi (lower left to right). The floating point numbers in 

the legend indicate the calculated class membership. 












































































































































































