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Abstract: In winter 2008-2009, Lake Occhito, a strategic multiple-uses reservoir in South Italy, was affected 
by an extraordinary Planktothrix rubescens bloom. P. rubescens is a filamentous potentially toxic 
cyanobacterium which has recently colonized many environments in Europe. A number of studies is currently 
available on the use of remote sensing techniques to monitor different fresh water cyanobacteria species. By 
contrast no specific applications are available on the remote sensing monitoring of P. rubescens. In this paper 
we present a specific algorithm, based on Water Leaving Reflectances (WLR) from MERIS data, 
atmospherically corrected using the Aerosol Optical Thickness (AOT) retrieved by MODIS data, to detect P. 
rubescens blooms. The high accuracy in AOT data, provided by MOD09 surface reflectance product, at 1km 
spatial resolution, allowed obtaining a good correlation between the WLR and the P. rubescens chlorophyll-a 
concentrations measured in the field, through multiple stations fluorometric profiles. A modified Normalized 
Difference Chlorophyll index (NDCI) algorithm is presented. The performance of the proposed algorithm has 
been successfully compared with other specific algorithms for turbid productive waters. We demonstrated how 
important is to verify the spectral behaviour of bio-optical parameters in order to develop an ad hoc algorithm 
that better performs with respect to standard algorithms. 

Keywords: P. rubescens algal bloom; remote sensing; MERIS; MODIS 
 

1. Introduction 

Cyanobacterial blooms are becoming increasingly frequent in lakes [1]. In recent years, the 
filamentous and potentially toxic cyanobacterium P. rubescens has colonized many environments in 
Europe [2], often appearing in mesotrophic conditions during the recovery of the trophic state of the 
lake [3]. A conspicuous presence of this species has been also documented in different lakes located in 
Northern [4, 5], Central [6, 7] and Southern [8, 9] Italy.  
P. rubescens is a red-coloured species, also known as ‘burgundy blood alga’, because its presence can 
cause an intense redness of the lake water [10, 11]. This species can produce microcystins [12, 13], 
secondary hepatotoxic metabolites suspected to be tumour promoters [9].  

In winter 2008-2009 lake Occhito, in Southern Italy, one of the largest Italian and European 
reservoirs whose water storage is used for both irrigation and drinking supply, was affected by an 
extraordinary bloom of P. rubescens, jeopardizing human health. 

It became thus evident, the importance of a constant monitoring of the lake. Local 
administrations planned a series of measuring campaigns collecting data every month, but only in 
few points in the whole extent of the lake.  

Remote sensing offered the possibility to improve the monitoring and increase the spatial and 
temporal resolution of the traditional analysis. 

In recent years remote sensing techniques are emerging in a wide range of applications both in 
environmental researches and management issues. Detecting bio-optical parameters in water 
chlorophyll_a (chl_a) concentration, total suspended sediments and dissolved organic matter), has 
been one of the first applications of remote sensing techniques, started in 1978 with the launch of 
NASA’s Coastal Zone Color Scanner (CZCS). Since then, many algorithms have been implemented 
exploiting the spectral behaviour of algal species present in a particular aquatic environment. Some 
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algorithms were based on simply band ratio, other, more complex (i.e. semi-analytic or analytic) 
requiring more ancillary information.  

In lacustrine environments much attention has been paid to the monitoring of cyanobacteria 
blooms [14, 15] because of their potential harmfulness. 

Cyanobacteria are generally monitored via remote sensing using the biomarker pigment 
phycocyanin [16-19]. The latter is a secondary accessory pigment belonging to the family of the 
phycobiliprotein present in all the cyanobacteria species from which it is used to increase the light 
harvesting in the visible spectrum [11]. The presence of phycocyanin gives to the reflectance spectrum 
a specific behaviour. In particular, the presence of absorption feature in reflectances, near 630 nm, and 
a small peak near 650 nm have been used to monitor cyanobacteria blooms [20]. For this reason, the 
most exploited wavelengths to retrieve chlorophyll-a from satellite data are 665nm, 709nm and 
753nm. 

Gitelson et al. in 2003 [21], proposed an algorithm to retrieve chl_a in higher plants leaves, 
exploiting reflectances at 665nm, 709nm, and 753nm. Later, in 2005, Dall’Olmo and Gitelson [22] 
applied this model (3BDA) and presented its special case (2BDA) for turbid productive waters, using 
only the first two bands of the 3BDA. In 2011, Bresciani [19], suggested to use a simple band ratio 
algorithm emphasizing the reflectance peak between 620nm and 560nm, obtaining good results in the 
retrieval of cyanobacteria blooms. Mishra and Mishra [23], in 2012, based on the Normalized 
Difference Vegetation Index (NDVI) proposed the Normalized Difference Chlorophyll Index (NDCI) 
to predict chl_a concentration from MERIS images in estuarine and coastal turbid productive waters, 
centred in the same two bands of 2BDA.  

In addition to phycocyanin, P. rubescens cells contain phycoerythrin the secondary pigment 
(phycobiliprotein) responsible for the intense red colour of its blooms [24]. Compared to phycocyanin 
a minor number of remote sensing studies addressed their attention to phycoerythrin. Most of these 
studies considers the portion of the spectrum affected by phycoerythrin only to get a better estimate 
of phycocyanin [25, 26], and in particular only one specific application is available for the monitoring 
of P. rubescens [27]. 

It is well known from literature [28] that this pigment presents a shifted absorption peak with 
respect to phycocyanin behaviour, as shown in Figure 1. The consequence is a stronger signal in 
reflectance between 709nm and 680nm. 

 

 
Figure 1: Comparison of the absorption behaviour of phycoerythrin and phycocyanin pigments. 

In this paper we suggest to use signal at 680nm to better discriminate phycoerythrin and thus P. 
rubescens chl_a concentration. We present a modified NDCI algorithm based on Water Leaving 
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Reflectances (WLR) from MERIS data, atmospherically corrected using the Aerosol Optical Thickness 
(AOT) retrieved by MODIS data, to detect P. rubescens blooms exploiting the peculiar characteristics 
of this specie of algae [27]. In particular band 8 (681nm) and band 9 (709nm) have been used. The 
model was tested using multiple station chlorophyll-a profiles of P. rubescens conducted on Lake 
Occhito during a very strong bloom of this species. Results were statistically analysed and compared 
with the most efficient algorithm found in literature to retrieve cyanobacteria.  

2. Materials and Methods  

2.1. Study area 

With maximum surface area and total usable volume of around 14 km2 and 247 106 m3 
respectively, Lake Occhito is one of the largest Italian and European reservoirs (Table 1).  

Table 1. Morphometric features of Lake Occhito 

Variable Value Unit 
Watershed area 1,012 km2 
Lake area 13.74 km2 
Maximum elevation 198 m a.s.l. 
Maximum depth 40 m 
Lake volume 333 106 m3 
Irrigation network area 600 km2 

 
The dam was built at the end of 1950' on the bed of the Fortore River at the border between the 

Puglia and the Molise Regions (Figure 2).  

 
Figure 2: Position of the study area (upper left panel) and details of the Lake Occhito on the 6th of April 2009 

sampling date. Grey surface: maximum lake area (195 m a.s.l.); black full line: lake shore line during the 
sampling; dotted line permanent inflows and outflows; stars: fluorometric sampling stations. Overlaid to the 

figure is represented the MERIS grid. Filled grey cells: water pixels, empty cells: land-water pixels (not used). The 
dashed rectangle delimits the area where the AOT by MOD09 were averaged over the lake surface (see text for 

details). 
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The watershed of the reservoir (≈1000 km2) drains the waters of a number of temporary streams 
and of four permanent inflows (Figure 2). Total inflow to the lake is around 7 m3s-1. The reservoir has 
a theoretical water renewal time of about 1 year. Lake Occhito is a strategic reservoir whose water 
storage is used for both irrigation and drinking supply. In particular it is the only source of drinking 
water for the entire Province of Foggia (around 700 103 inhabitants) and the principal irrigational 
source of water for the "Tavoliere di Puglia", one of the most productive agricultural area in South 
Italy. The reservoir is subjected to a level oscillation of about 7 m between the filling 
(November-March) and the emptying phase (April-October). At the end of the filling phase the 
reservoir can reach a maximum level of 195 m a.s.l. at which corresponds a maximum depth of 
around 40 m at the base of the dam (Figure 2). Here the lake waters are withdrawn at a fixed height 
(≈28 m) above the lake bottom. After withdrawal the water runs by gravity into a dark tunnel for 
about 16 km and then it is stored in a superficial splitter (Finocchito) where it is distributed to the 
drinking treatment plant and to the irrigation network (total served area>1000 km2) respectively. 

The presence of P. rubescens in Lake Occhito was detected for the first time during the winter 
2008-2009 when an extraordinary bloom of this species was observed [29]. The bloom development 
followed a typical trend already described in other Italian lakes (eg [30, 31]) with a marked 
winter-spring peak followed by a decrease of the P. rubescens population in summer. P. rubescens cell 
density was around 40 106cell l-1 in February and reached a maximum of about 160 106cell l-1 in march 
[24]. The P. rubescens density then remained high throughout the month of March and at the 
beginning of April 2009. Subsequently the P. rubescens density abruptly decreased to values of 20-40 
106 cell l-1 until July 2009. Up to July 2009 the phytoplankton population was markedly dominated by 
P. rubescens. In particular in April 2009 about 90% of the phytoplankton biomass was due to this 
species [12, 29]. 

2.2. Field data 

Several field campaigns were conducted in the present study from October 2008 to January 2011.  
In particular in April 2009 Chlorophyll-a concentration profiles were performed in 9 lake 

sampling stations (stars in Fig. 1) using the portable fluorometer bbe Moldanke FluoroProbe 
(http://www.bbe-moldaenke.de/), able to differentiate the chlorophyll-a content associated to four 
algal spectral classes, using class-specific fluorometric fingerprints [32]. The P. rubescens fingerprint 
used in this study in particular was previously determined [4] using natural strains of this species 
from Lake Pusiano (North Italy).  

P. rubescens chlorophyll-a data were averaged over the first 5 m of the water column before the 
comparison with satellite data. 

2.3. Satellite data 

Satellite imagery used in this study were MERIS (Medium Resolution Imaging Spectrometer, 
data provided by © ESA (2016)) and MODIS (Moderate Resolution Imaging Spectrometer) sensors.  

MERIS (http://envisat.esa.int/handbooks/meris/) is a 68.5° field-of-view pushbroom imaging 
spectrometer that measures the solar radiation reflected by the Earth at a ground spatial resolution of 
300 m in 15 programmable spectral bands between 390 and 1040 nm. Its primary objective is to enable 
quantitative observations of marine constituents such as chlorophyll-a, total suspended solid, 
dissolved organic matter, etc. [32]. The spatial and spectral resolutions provided by this sensor are the 
most suitable for the study presented in this paper. MERIS data provides a global coverage every 3 
days. 

MODIS (http://modis.gsfc.nasa.gov/) is a key instrument aboard the TERRA (EOS AM) and 
AQUA (EOS PM) satellites. TERRA's orbit around the Earth is timed so that it passes from north to 
south across the equator in the morning, while AQUA passes from south to north over the equator in 
the afternoon. This allows TERRA and AQUA MODIS to view the entire Earth's surface every 1 or 2 
days, acquiring data in 36 spectral bands, or groups of wavelengths, with 1km x 1km of spatial 
resolution.  
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The requirement to collect MERIS; MODIS and in situ measurements at the same time, led to a 
total of 16 images to analyse, and a total of 33 pixels corresponding to in situ stations. Consequently, 
16 MERIS images and corresponding MODIS surface reflectance product (MOD09) related to the 
study area, were acquired and used to calibrate and validate the linear regression model between 
satellite reflectances and P. Rubescens chlorophyll-a concentrations measured in the field. 

In addition to the surface reflectance, the MOD09 product provided the AOT distribution (at 1 
km spatial resolution) of the target area. The AOT at 555 nm computed by MOD09 was averaged over 
the lake surface as showed in Figure 2 (dashed rectangle) and then used to atmospherically correct 
MERIS data using SMAC processor (http://www.brockmann-consult.de/cms/web/beam/) of 
VISAT-BEAM. 

SMAC is a Simplified Method for Atmospheric Corrections of satellite measurements. It is a 
semi-empirical approximation of the radiative transfer in the atmosphere, that considers two way 
gaseous transmission, atmospheric spherical albedo, total atmospheric transmission, Rayleigh 
scattering and aerosol scattering [33]. 

3. Results 

3.1. Band math approach to detect P. rubescens 

Figure 3 shows 9 examples of spectral signatures (extracted from MERIS data) corresponding to 
the 9 stations sampled on the 6th of April 2009 on Lake Occhito, before (Figure 3a) and after (Figure 3b) 
the atmospheric correction.  

 
Figure 3: Spectral signatures corresponding to 9 sampling stations on April 6th, 2009, before and after the 
atmospheric correction. a) TOA=Top Of Atmosphere Reflectances; b) WLR=Water Leaving Reflectances. 

From Figure 3 it can be noticed the strong effect of the atmosphere on the MERIS signal. The 
atmospheric correction in particular reveals 2 marked peaks in Band 5 (560nm) and Band 9 (709 nm) 
of the MERIS WLR, coherent to the spectral signature measured from [27].  

In contrast with literature algorithms, the presented approach, exploits the red peak in the P. 
rubescens spectrum, and with a normalized band ratio algorithm, amplifies the gap between Band 9 
(708nm) and Band 8 (681nm) of MERIS data, as described in the following equation: 

 

WLRratio = (B9-B8)/(B9+B8), (1)

3.2. Data analysis and comparison with different algorithms to detect Chlorophyll_a concentration 

According to [34], the most used remote sensing models based on bio-optical parameters to 
detect chl_a concentration from MERIS data are those reported in Table 2. 
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Table 2: Summary of the most used chl_a concentration detection models. (B# refers to the band 
number of MERIS) 

 

Name Algorithm 

2BDA chl_a ≈ B9/B7 

3BDA chl_a ≈ (B7-1 – B9-1)*B10 

NCDI chl_a ≈ (B9-B7)/(B9+B7) 

Bresciani chl_a ≈ B6/B5 
 
The first three algorithms have been developed for generic algae signatures, while Bresciani 

algorithm is specific to detect chl_a concentration from cyanobacteria. 
From a preliminary analysis, the best correlations between model and measures of chl_a 

concentration are highlighted by using the 4th algorithm in the table. Therefore, a robust statistical 
analysis was conducted to compare the applicability of the Bresciani model and the proposed model 
(WLRratio) in eq. (1). 

The analysis has been focused on three variables, namely the observed Chl_a data, the WLRratio 
and Bresciani variables. Since the declared objective is to provide a model for predicting the Chl_a 
data from WLRratio or Bresciani datasets, the normality of all the three datasets has been checked 
before the application of the regression model. Table 3 accounts for the summary statistics of the three 
analysed variables: 

Table 3: Table reporting the summary statistics related to the three analysed variables. 

Summary Statistics Chl_a Bresciani WLRratio 
# Observations 20 20 20 

Minimum 1.300 0.456 -0.179 
Maximum 29.605 1.623 0.415 
1° Quartile 3.175 0.645 -0.028 

Median 9.799 0.789 0.109 
3° Quartile 20.576 1.151 0.325 

Median 11.387 0.932 0.130 
Standard Deviation (n-1) 9.176 0.380 0.204 

Coefficient variation 0.785 0.398 1.530 
Asymmetry (Pearson) 0.565 0.687 0.108 

Kurtosis (Pearson) -1.036 -0.905 -1.407 
 
Currently, different statistical tests are available for checking the normality of a given dataset. In 

this study, four different tests have been applied, namely Shapiro-Wilk, Anderson-Darling, Lilliefors and 
Jarque-Bera [35, 36]. Most of the tests indicated the non-linearity of the datasets. Therefore, before 
modelling both dependent (Chl_a) and independent variables (WLRratio and Bresciani datasets) were 
transformed in order to meet the main assumptions underlying the linear regression model. This has 
been achieved through a Box-Cox transform [37] whose explicit equation is provided below: 

 

                                    ܼ௜ = ൜ ௜ܻఒ,݈݃݋ ௜ܻ,ߣ ≠ ߣ0 = 0, (2) 
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In particular, the WLRratio dataset underwent to a log transform, while Chl_a and Bresciani were 
subjected to a λ-transform. A test check downstream after the transform, confirmed that all the three 
datasets are now Gaussian and linear. Therefore, hereafter we refer to the transformed variables as 
BC(Chl_a), BC(WLRratio) and BC(Bresciani). An evaluation of the linear correlation between 
BC(Chl_a), BC(WLRratio), and BC(Bresciani) is suitable before modelling to check for a relationship 
between the dependent variables and the independent ones. The values of the Pearson correlation 
coefficient are about 0.97 and 0.91 respectively for the couples BC(Chl_a) - BC(WLRratio), and 
BC(Chl_a) – BC(Bresciani). Table 4 accounts for the summary statistics of the Box-Cox transformed 
variables. It is quite evident the similarity between mean and median and the reduced value of 
asymmetry after the transform, which proves the success of the transform. 

Table 4: Table reporting the summary statistics related to the three analysed variables after Box-Cox transform. 

Summary Statistics BC(Chl_a) BC(Bresciani) BC(WLRratio) 
# Observations 20 20 20 

Minimum 0.270 -0.931 -0.198 
Maximum 5.025 0.438 0.347 
1° Quartile 1.306 -0.483 -0.029 

Median 2.961 -0.251 0.103 
3° Quartile 4.290 0.135 0.281 

Median 2.704 -0.183 0.106 
Standard Deviation (n-1) 1.570 0.415 0.182 

Coefficient variation 0.566 -2.205 1.668 
Asymmetry (Pearson) -0.102 0.061 -0.057 

Kurtosis (Pearson) -1.366 -1.070 -1.344 
 

4. Discussion 

Two univariate regression analyses have been carried out by coupling BC(Chl_a) – BC(WLRratio) 
and BC(Chl_a) – BC(Bresciani), and the respective results have been compared in order to ascertain 
what is the best predictor of the BC(Chl_a). A number of statistical indices have been computed for 
assessing the best prediction accuracy between the two regression models. 

The equation of the first linear model analyzed is: 
 

BC(Chl_a) = 1.81830+8.31542*BC(WLRratio) (3) 
 

The F test carried out to assess the significance of the linear model produced a p-value less than 
0.0001, then highly significant. Two t-tests have been performed to assess the significance of the slope 
and the intercept of the model. Once more, the tests produced two p-values very significant (less than 
0.0001). Finally, R², the goodness-of-fit coefficient, showed a value of 0.932. 

The second equation is: 
 

BC(Chl_a) = 3.33915+3.46863*BC(Bresciani)  (4) 
 

The values of the statistics F and t are very significant as for the previous equation, while R² 
assumes a value smaller with respect the previous model (0.839). This preliminary comparison seems 
to indicate the first equation as the best predictor. The following accuracy statistics have been 
computed [38]: 

 
the Mean Absolute Error (MAE): 
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ܧܣܯ  = ∑ ௜|௡௜ୀଵ݊ݎ|  (5) 

the Root Mean Square Error (RMSE)  

ܧܵܯܴ  = ඨ∑ ଶ௡௜ୀଵ݊(௜ݎ)  (6) 

the Relative MAE (RMAE) has the same meaning as the MAE but is rescaled in terms of the 
corresponding observed value ܴܧܣܯ =	 ଵ௡ ∑ |௥೔|௭(௫೔)௡௜ୀଵ = ଵ௡∑ ௥೔ೌ௭(௫೔)௡௜ୀଵ  (7) 

 
where     ݎ௜ = (௜ݔ)ݖ − ݅      ,(௜ݔ)∗ݖ = 1,… , ݊ 
 
are the residuals obtained as difference between the observed minus the predicted value.  

In summary, the computed statistics are showed in Table 5. 
 

Table 5: Accuracy assessment of the two proposed linear models. 

Statistics WLRratio Bresciani 
MAE 1.70 2.60 
RMSE 2.16 3.40 
RMAE 0.21 0.37 

 
As emerges from the above reported results, the BC(WLRratio) outperforms by far the 

BC(Bresciani) model. In particular, the most remarkable value is RMAE, which says that BC(WLRratio) 
produces a relative prediction error of about the 21%, on average; while BC(Bresciani) produces a 
relative prediction error of about 37%, on average.  

5. Conclusions 

By exploiting the spectral characteristics of the toxic algae P. rubescens, which exhibits an 
accentuated red color in the colonizing waters, a specific algorithm for determination of chl_a 
concentration derived from this species was investigated.  

The combined use of MERIS and MODIS images has allowed significant correlation between the 
index created in this study and the chlorophyll measured in situ on the study area of Lake Occhito. 
Only through an accurate atmospheric correction, carried out with the SMAC processor of the 
VISAT-Beam software, it was possible to disclose the specific spectrum characteristic of P. rubescens 
[27]. 

Unlike the spectra associated with the most common cianobacteria, P. rubescens shows a peak in 
red (around 700 nm) due to the most important presence in these algal species of the secondary 
pigment of phycoerythrin rather than phycocyanin [20].  

A robust statistical analysis of the data set available by comparing the algorithm proposed in this 
study with those most used in the literature, shows the best reliability of the proposed index, 
demonstrating how important is to verify the spectral behavior of bio-optical parameters in order to 
develop an ad hoc algorithm that better performs with respect to standard models.  

The reliability of the results presented in this study on the quantification of the P. rubescens 
biomass opens important perspectives for the monitoring of this potentially toxic species via remote 
sensing. The specificity of the spectrum associated to P. rubescens allows indeed differentiating this 
species from others.  

Remote sensing techniques appear thus as a very useful tool to monitor the current spread of this 
species over the European countries. Remote sensing applications in the early detection (early 
warning) of this species in strategic multiple uses reservoirs as well as intensive investigation of 
bloom formation and evolution are also expected in the near future. 
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