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Abstract: Pseudo-nitzschia spp. blooms are a recurrent problem in many coastal areas globally 
imposing some significant threats to the health of human, ecosystems and economy. Monitoring 
programmes have been established, where feasible, to mitigate the impacts caused by Pseudo-

nitzschia spp. and other harmful algae blooms. The detection of such blooms from satellite data 
could really provide timely information on emerging risks but the development of taxa-specific 
algorithms from available multispectral data is still challenged by coupled optical properties with 
other taxa and water constituents, availability of ground data and generalisation capabilities of 
algorithms. Here, we developed a new set of algorithms (PNOI) for the detection and monitoring of 
Pseudo-nitzschia spp. blooms over the Galician coast (NW Iberian Peninsula) from Sentinel-3 OLCI 
reflectances using support vector machine (SVM).  Our algorithm was trained and tested with 
reflectance data from 260 OLCI images and 4607 Pseudo-nitzschia spp. match up data points, of 
which 2171 were of high quality. The performance of no bloom/bloom model in the independent 
test set was robust, showing values of 0.80, 0.72 and 0.79 for area under the curve (AUC), sensitivity 
and specificity, respectively. Similar results were obtained by our below detection limit/presence 
model. We also present different model thresholds based on optimisation of true skill statistic (TSS) 
and F1-score. PNOI outperforms linear models, while its relationship with in-situ chlorophyll-a 
concentrations is weak demonstrating poor correlation with the phytoplankton abundance. We 
showcase the importance of PNOI algorithm and OLCI sensor for monitoring the bloom evolution 
between the weekly ground sampling and during periods of ground data absence, such as due to 
Covid-19. 

Keywords: OLCI; harmful algal blooms; Pseudo-nitzschia spp.; support vector machine; multi-
spectral sensors; reflectance; Galician rias 

 

1. Introduction 

Harmful algae blooms (HABs) in coastal marine systems are an increasingly frequent and 
intense event that affects the human and ecosystem health and impacts regional economies [1,2]. In 
recent years, reports on HAB incidences have increased, raising serious concerns [3] of climate change 
on accelerating their frequency [4]. The detection and monitoring of HABs is traditionally based on 
direct observations, i.e. field samplings at fixed sampling stations [5,6]. However, there is a need for 
development of new systems for detection and monitoring of HABs that will be capable of providing 
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in real or quasi real time, synoptic environmental intelligence in order to guide tactical decisions of 
the industries and authorities. The last decades are witnessing a revolution in Earth observation 
capabilities for global surface water observation with new missions (e.g. Sentinel) [7]. The increasing 
availability of satellite data from these missions has profoundly transformed the approaches to 
monitor and sustainably manage coastal environments [8]. 

Remote sensing detection (RS) of HABs is usually based on the retrieval of chlorophyll a (chl-a) 
as a proxy [9]. Chl-a concentration provides valuable information on phytoplankton biomass but 
doesn’t discriminate the HAB species from the phytoplankton community. As a result, the HAB-
forming species can remain undefined, limiting the direct identification of the specific risks. Species 
indicator algorithms have been suggested for the direct detection of specific HAB species or taxa from 
satellite water colour data [10–12]. These indicators are founded on the basis that some species have 
distinct water colour spectra, which can be differentiated by optical sensors. For example, algorithms 
have been developed to exploit the distinctive features of Karenia brevis in the red part of the 
electromagnetic spectrum [13,14], and the unique spectral curvatures of taxa such as Coccolithophores 
[15–17] and Trichodesmium [18–20].  

Spectral band ratios, bio-optical models, data-driven methods and combinations of these have 
been deployed for development of species- or taxa-specific algorithms. [21]  summarised the specific 
challenges associated with the development of HAB detection algorithms from satellite sensors. They 
highlighted the limitations with regards to the number and position of spectral bands needed to 
capture the distinctive spectral features of specific species. Moreover, spectral signatures are the 
result of light interaction with different species, not only the target species, but also with other 
inorganic and organic components especially in optically complex waters [22]. In order to deal with 
these drawbacks and gain a deeper insight into the species behaviour, indicators proposed by 
different authors usually integrate ancillary data [23]. 

[24] provided a review of the abovementioned approaches and suggested that hyperspectral 
sensors can advance remote detection of species-specific HABs. At the time of writing the manuscript 
there were no operational satellite hyperspectral sensors, whereas there is a wealth of historical and 
current multispectral satellite data at adequate spatial resolutions for monitoring coastal 
environments. Machine learning methods are appealing in multispectral remote sensing applications 
since they can have good generalisation ability and problem-solving of complex conditions [25]. 
Support Vector Machine (SVM) is a supervised machine learning method of classification or 
regression based on the use of kernel functions to operate in a feature space with a higher dimension 
than the input space [26]. SVMs do not make any assumption about data distribution and can model 
complex and nonlinear data providing a good generalization capability [27]. 

HABs that are attributed to the genus Pseudo-nitzschia plague a number of coastal waters around 
the world [28], and have significant socioeconomic impacts to the adjacent communities. A number 
of these species of this genus are known producers of a neurotoxic amino acid, domoic acid (DA), 
which when accumulated via trophic transfer in the food-web can have deleterious (amnesic shellfish 
poisoning, ASP) and even fatal effects to several marine organisms and less frequently to humans 
[29]. Pseudo-nitzschia is common, among other, in areas of coastal upwelling [30]. Recent studies show 
that occurrence of long-lived, and therefore more threatening, Pseudo-nitzschia blooms at the West 
Coast of USA [31]. Empirical models [32], regression models and their generalisations have been used 
for detecting Pseudo-nitzschia spp. at a regional scale from satellite sensors. For example, [33] 
developed statistical models for Pseudo-nitzschia spp. abundance, particulate DA (pDA) and cellular 
DA (cDA) in Santa Barbara channel incorporating ocean colour (MODIS-Aqua and SeaWiFS) and sea 
surface temperature (AVHRR) data.  

This study focuses on the Rias Baixas area in Galicia (NW Spain), where HABs caused by 
different species, including Pseudo-nitzschia spp., are a frequent and well-documented phenomenon 
since the 1950’s [34]. HABs are monitored by the Technological Institute for the Control of the Marine 
Environment of Galicia (INTECMAR), which conducts a routine sampling on a weekly basis 
measuring a set of oceanographic and biological parameters, including abundance of toxic species 
and biotoxins levels in molluscs. [35] found a relationship using regression analysis between pDA 
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and MERIS bands at 510 nm, 560 nm and 620 nm in the area using a rather limited dataset. [36] 
developed a SVM prediction model for Pseudo-nitzschia spp. based on oceanographic parameters. 
Nevertheless, explicit detection of Pseudo-nitzschia spp. and other species from recent satellite sensors 
such as Sentinel-3 OLCI data are generally limited, whereas detection models are still challenged by 
ground data availability and generalisation capabilities.  

Here, we aim to develop a set of new algorithms (PNOI: Pseudo-nitzschia OLCI Indicator) for the 
detection of Pseudo-nitzschia spp. presence and blooms directly from Sentinel-3 OLCI images based 
on high performance SVM classifiers and a rich in-situ database from the Galician coastal waters. 
This study also presents a detailed evaluation of the algorithms and a comparison with the linear 
model.   

2. Study area and dataset 

2.1. The Rias Baixas 

The south-west coast of Galicia (NW Spain) is characterized by the Rias Baixas, i.e., four large 
V-shaped coastal embayments, from South to North: Vigo, Pontevedra, Arousa and Muros, as shown 
in Figure 1. Persistent northerly winds cause coastal upwelling events, mainly between May and 
September, which introduce deep, cold, nutrient-rich waters into the rias and increase significantly 
their productivity [37]. Due to its high productivity, the area is rich in fish and shellfish resources. 
There is an intensive mussel culture using floating rafts (bateas) organized in farming polygons, 
making Galicia the most important producer of aquaculture mussel of Europe and one of the world 
leaders [38]. In addition to the ecological damage, HABs force the closure of the mussel farming 
polygons causing an important social and economic impact. Although several species of Pseudo-

nitzschia spp. have been recorded, only few have been shown to produce DA [39]. Other taxonomic 
groups causing HABs in this region are Gynodinium catenatum, Alexandrium minutum and Dynophis 
spp. [36,40]. 

 

Figure 1. (a) Location of the study area (Galicia, NW Spain); (b) Location of the four Rias Baixas (from 
north to south: Muros, Arousa, Pontevedra, and Vigo); (c) Location of the sampling stations in the 
northern rias (Muros and Arousa); (d) Location of the sampling stations in the southern rias 
(Pontevedra and Vigo). Circles indicate stations with (black) and without (gray) valid Sentinel-3 
match-ups data. Squares show the stations sampled during the COVID lockdown.  

2.2. Sentinel-3 imagery 

A total of 1446 Sentinel-3 images were acquired over the Rias Baixas area between April 2016 
and September 2020, of which 989 (68.40%) were totally or partly cloud-free and hence used in this 
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study (Table 1). Sentinel-3 is a European Space Agency (ESA) satellite being launched as part of the 
Copernicus programme. It is mainly an ocean mission based on the heritage of ENVISAT MERIS, 
which was operational between 2002 and 2012. Its Ocean and Land Colour Instrument (OLCI) covers 
a swath width of 1270 km providing the same spatial resolution (300 m) to MERIS, but with more 
spectral bands (21 instead of 15) ranging from 400 nm to 1020 nm. The mission consists of two 
satellites (Sentinel-3A and Sentinel-3B), launched in February 2016 and April 2018 respectively. 
Therefore, revisit time in mid-latitudes improved from 2-3 days to daily since December 2018, when 
Sentinel-3B images started to be available [41]. 

2.3. INTECMAR data 

In this study, a database with 7740 records of Pseudo-nitzschia spp. abundance in 465 different 
days between April 2016 and September 2020 was used (Table 1). INTECMAR conducts a routine 
monitoring programme consisting of a weekly sampling at 38 sampling stations distributed across 
the four Rias Baixas (Figure 1). At each station, they measure different water quality parameters (e.g. 
salinity, temperature) and collect water samples using PVC hoses at three depth ranges (0 m – 5 m; 5 
m – 10 m and 10 m – 15 m) and phytoplankton samples using tow nets (10 µm mesh) from surface to 
15 meters depth. In the laboratory, water samples are analysed in order to determine chlorophyll and 
inorganic nutrients concentrations [35]. Phytoplankton samples are fixed with formaldehyde 4% and 
stored under dark and cool conditions. Total abundances (in cells L-1) of different taxonomic groups, 
including Pseudo-nitzschia spp., are counted using an inverted light microscope at 250x and 400x 
magnification [42]. 

3. Methods 

3.1. Image processing and dataset generation 

Sentinel-3 OLCI images were masked using the pixel identification and classification tool IdePix, 
an open processor available in the STEP (Science Toolbox Exploitation Platform) Sentinel-3 toolbox 
(brockmann-consult.de/portfolio/idepix/). Pixels flagged as invalid, cloud (i.e. cloud_sure, 
cloud_buffer, cloud_shadow, cirrus_sure, cirrus_ambiguous), land or vegrisk were masked, while 
the remaining pixels were considered as valid.  

Polymer v4.12 was applied for atmospheric correction of the cloud-free Sentinel-3 images. 
Polymer was developed from an atmospheric correction processor for clear ocean (case-1) waters that 
is able to deal with sun glint [43], and has shown good results over the study area [44]. It applies a 
spectral optimization based on a bio-optical model and radiative transfer models to separate 
atmospheric (including glint) and water reflectances. Output values are provided as fully normalized 
water-leaving reflectances (https://www.hygeos.com/polymer). 

Water-leaving reflectance data from Sentinel-3 images were extracted and linked to the Pseudo-

nitzschia spp. abundance database from INTECMAR. Only images acquired on the same date as the 
phytoplankton samples collection were considered. Water-leaving reflectance values were extracted 
from valid (non-masked) pixels containing the location of the sampling station. The number of valid 
pixels in a 3x3 window around the station location was also extracted as a quality flag, ranging from 
9 (highest quality) to 1 (lowest quality) [45]. 

The final match-ups dataset included 3008 valid records, of which 2171 were flagged as high-
quality (28.05 % of the total phytoplankton samples) and were obtained from 260 Sentinel-3 images 
(55.91% of the total sampling days), as shown in Table 1. 

Due to its skewed distribution, Pseudo-nitzschia spp. cell abundance (P-n) was log-transformed 
(log10P-n) to be used as response variable in the linear regression model. We applied a log10 (1+P-n) 
transformation to avoid negative results when P-n was zero.   

As SVM models require a categorical output, four categories were established based on the 
thresholds defined by [36]: below low detection limit (BD) (P-n < 100 cells/L); presence (P) (P-n > 100 
cells/L); no bloom (NB) (P-n < 105 cells/L) and bloom (B) (P-n >= 105 cells/L). These categories were 
grouped into three classes when used to analyse the temporal and/or spatial distribution of Pseudo-
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nitzschia spp.: below low detection limit (BD) (P-n < 100 cells/L); presence - no bloom (P-NB) (100 
cells/L >= P-n < 105 cells/L) and presence- bloom (P-B) (P-n >= 105 cells/L).  

Table 1. Summary of the Sentinel-3, Pseudo-nitzschia spp. sampling and match-ups datasets used in 
this study for the complete period and study area, and for both each year and ria.  HQ refers to 
number of stations with valid high-quality match-ups. In brackets the surface area of each ria. 

 

Complete 

period 

2016 

Apr-Dec 
2017 2018 2019 

2020 

Jan-Sep 

# Images 1446 159 220 241 471 355 

# Valid images 989 118 158 142 317 254 

# Images with match-ups 260 36 41 36 81 66 

# Sampling days 465 77 103 104 103 78 

# Samples 7740 1328 1679 1790 1771 1172 

# Match-ups 4607 638 704 666 1482 1117 

# Valid match-ups 3008 482 472 393 961 700 

# Valid HQ match -ups 2171 359 330 297 699 486 

 
Study area 

Vigo 

(175 km2) 

Pontev. 

(145 km2) 

Arousa 

(230 km2) 

Muros 

(120 km2) 

# Stations / HQ 38 / 32 9 /8 11 /9 10 /10 8 /5 

# Samples 7740 1775 2361 2174 1430 

# Match-ups 4607 1006 1356 1306 939 

# Valid match-ups 3008 666 830 1020 492 

# Valid HQ match-ups 2171 485 456 890 340 

3.2. Support Vector Machine models 

We developed a SVM approach for 2-class classification. SVM models were developed using the 
JAVA version of LIBSVM library, which applies a sequential minimal optimization type algorithm 
[46]. We considered the probability output implemented in LIBSVM, so that probability estimates 
(between 0 and 1) are computed for each class. Probability models are expected to provide more 
information, especially when used for building map products such as bloom probability maps. 
Although different kernels are available, we selected the radial basis function (RFB) because it has 
been shown to perform slightly better for datasets with a similar size [36,47]. Moreover, it only 
requires two parameters, reducing the complexity of the model selection process. These are gamma 
(γ) and cost parameter (C), which control the penalty for misclassification [48].  

We developed both a below detection limit/presence (PNOI-BD/P) and a no bloom/bloom 
(PNOI-NB/B) SVM model using water-leaving reflectance values as input. Instead of a binary output 
(+1 or -1), we used the probability output for the +1 class, i.e. presence in the PNOI-BD/P model and 
bloom in the PNOI-NB/B model. Probability values can be converted into a binary result selecting an 
appropriate threshold and assigning +1 (presence or bloom) if probability is above this threshold or 
-1 (below detection limit or no bloom) in all other cases. 

The complete high-quality (HQ) match-ups dataset (2171 records) was divided into two 
independent and complementary subsets. Both models were developed (e.g. model selection and 
training) using the training dataset (1628 records, ~75% of total), while the test set (543 records, ~25% 
of total) was useful for obtaining an independent set of performance measurements. Both subsets 
were randomly built keeping a similar percentage of both classes and covering the complete temporal 
(2016 – 2020) and spatial (across the four rias) ranges observed in the complete dataset. 
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3.2.1. Scaling and imbalance effect 

Input variables with larger numeric ranges could have a greater effect on the results [47]. 
Therefore, input data were linearly scaled between 0 and 1 using minimum and maximum water-
leaving reflectances observed in the complete HQ match-ups dataset before training the SVM models 
[36]. Imbalance in the number of records between both classes observed in the input dataset (mainly 
for PNOI-NB/B model) can lead to bias towards the majority class causing poorer results. We used 
weighted SVM to deal with imbalance, i.e., the cost parameter (C) is weighted using a different weight 
for each class. Hence, a larger weight is applied to the minority class (bloom or below detection limit) 
in order to improve its accuracy at the cost of a potential increase of misclassification for the majority 
class (no bloom or presence). In practice, the percentage of records in each class was set as weight of 
the other class [36]. SVM output values were also scaled between 0 and 1 using minimum/maximum 
output values in the complete HQ match-ups dataset for threshold analysis, model evaluation and 
map generation.  

3.2.2. Model selection 

Since the optimal values for C and γ are unknown a priori for a given problem, we used a simple 
grid-search approach based on the training dataset to select the optimal parametric configuration. 
SVM models with different values of C and γ (but keeping the same scaling and weight values) were 
evaluated using a leave-one-out cross-validation process, i.e., the model is trained N times using N-
1 records (N here being the number of elements of the training dataset) and the remaining record is 
retained for building the confusion matrix and computing the performance measurements. The 
configuration with the best performance (higher AUC value, see 3.2.3) was finally selected.   

This approach was implemented in two consecutive phases to save computing time: a first 
search based on exponentially growing values (C = 2−5, 2−3, …, 215; γ = 2−15, 2−13, …, 23) and a 
second one with parameters varying linearly around the values obtained from the first search [36]. 
Once the optimal values of C and γ are found, the final SVM models (PNOI-BD/P and PNOI-NB/B) 
were trained using the training dataset. These models were used for validation of the independent 
test dataset and the generation of map products. 

3.2.3. Model evaluation 

Performance of SVM models was evaluated using a set of measurements computed from the 
confusion matrix, a 2x2 table reporting the number of true positives, true negatives, false positives 
and false negatives. Performance measurements include the sensitivity and the specificity, i.e., the 
individual accuracies (percentage of records correctly classified) for classes +1 and -1, respectively; 
and the precision, fraction of true positives with respect to the total number of records classified as 
+1 [50]. Overall accuracy was discarded since it could provide misleading information because of the 
unequal distribution of classes. Instead, we selected two measurements of overall performance that 
are less affected by the imbalance of the dataset. These are the true skill statistic (TSS), which 
combines sensitivity and specificity and is shown to be independent of the prevalence [51], and the 
F1-score, defined as the harmonic mean of precision and sensitivity. These measurements have been 
widely used with imbalanced datasets [52]. We worked with two optimal thresholds: one maximizing 
TSS and other one maximizing F1-score. Note that in PNOI-BD/P, sensitivity is the individual 
accuracy for the class presence and specificity for below detection limit. In PNOI-NB/B, sensitivity 
refers to bloom and specificity to no bloom conditions. 

As performance measurements derived from the confusion matrix depend on the selected 
threshold, the Area Under the Receiver Operating Characteristic (ROC) Curve (AUC) was also 
computed. The ROC curve plots the sensitivity against the false positive rate (1 minus specificity) 
computed at different probability thresholds. AUC is a measure independent of the threshold and 
hence it provides useful information when comparing different models. AUC values greater than 0.9 
are considered excellent, from 0.8 to 0.9 very good, from 0.7 to 0.8 good, from 0.6 to 0.7 average and 
lower than 0.6 poor [53].  
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4. Results 

4.1. Spatial and temporal distribution of Pseudo-nitzschia spp. abundance 

Table 2 summarizes the spatial distribution of Pseudo-nitzschia spp. abundance across the four 
rias in the INTECMAR and high-quality (HQ) match-ups datasets. There is a higher sampling effort 
in Pontevedra, despite not being the largest ria. Pontevedra seems to be the most affected by HABs 
ria (not only due to Pseudo-nitzschia spp.). In the remaining rias, the sampling effort is related to their 
size.  

The match-ups dataset contains approximately 60% of INTECMAR data (4607 of 7740), showing 
a coverage around 60% for each individual ria (Table 1). In the HQ match-ups dataset (as defined 
above), this is reduced to 28.05% (2171 of 7740), with an unequal distribution across the rias: 40.94% 
in Arousa, 19.31% in Pontevedra and values around 25% in Vigo and Muros (Table 2). The observed 
differences are most likely caused by varying cloud cover across the study area. Seven stations (one 
in Vigo, two in Pontevedra and three in Muros) were not included in the match-ups dataset due to 
their proximity to the coastline (Figure 1c and 1d). Moreover, only a limited set of stations (three in 
Muros and Pontevedra, four in Vigo and Arousa) was sampled during the COVID lockdown from 
March 17 to May 18, 2020 (Figure 1c and 1d). Despite the differences in coverage, the HQ match-ups 
dataset is representative of the INTECMAR database showing similar percentages of the three 
abundance classes in all rias.   

In-situ observations of Pseudo-nitzschia spp. abundances between pairs of rias were compared 
using pairwise Mann-Whitney tests. Results revealed that only Muros shows a significant (p<0.01) 
higher abundance (2.98 log10P-n[cells/L]) when compared to other rias. Muros is hence the most 
affected ria by Pseudo-nitzschia spp., with the highest percentage of samples classified as bloom 
(17.62%) and the lowest percentage of below detection limit samples (34.20%). In the remaining rias, 
the percentage of bloom varies from 13.80% (Vigo) to 9.57% (Arousa) (Table 2). 

In the HQ match-ups dataset the spatial distribution patterns are similar, with Muros 
representing the ria recording the highest percentage of blooms (18.82%). In the remaining rias, 
bloom incidence varies from 12.13% in Arousa to values around 15 % in Vigo and Pontevedra (Table 
2).  

Table 2. Average and standard deviation of Pseudo-nitzschia spp. abundance and distribution of the 
three abundance categories (BD: below detection limit, P-NB: presence-no bloom and P-B: presence-
bloom) are shown for the complete study area and for each ria. Top row shows the values in 
INTECMAR dataset, while bottom row the ones in the high-quality match-ups dataset. 

 #Samples 

#HQ match-ups 
log10P-n BD P-NB P-B 

Vigo 
1775 2.59±2.27 747 (42.08%) 783 (44.11%) 245 (13.80%) 

485 2.76±2.25 186 (38.35%) 227 (46.8%) 72 (14.85%) 

Pontevedra 
2361 2.58±2.21 969 (41.04%) 1138 (48.2%) 254 (10.76%) 

456 2.82±2.17 163 (35.75%) 224 (49.12%) 69 (15.13%) 

Arousa 
2174 2.53±2.22 919 (42.27%) 1047 (48.16%) 208 (9.57%) 

890 2.64±2.24 361 (40.56%) 421 (47.3%) 108 (12.13%) 

Muros 
1430 2.98±2.23 489 (34.20%) 689 (48.18%) 252 (17.62%) 

340 2.94±2.28 122 (35.88%) 154 (45.29%) 64 (18.82%) 

Study area 
7740 2.59±2.27 3124 (40.36%) 3657 (47.25%) 959 (12.39%) 

2171 2.75±2.23 832 (38.32%) 1026 (47.26%) 313 (14.42%) 
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Sampling effort by year is summarized in Table 1. Since 2019, availability of Sentinel-3B data 
improves the temporal coverage (daily temporal resolution). This is also reflected in the HQ match-
ups database with 40% of the total number of samples against lower than 20% in 2017 and 2018.  

Table 3 shows the differences in Pseudo-nitzschia spp. abundance across the years. Abundances 
in 2017 (3.12 log10P-n[cells/L]) are significantly higher (p<0.01) than in other years. Data from 2016 
and 2018 show a similar pattern with a percentage of bloom around 15% and abundances significant 
higher (p<0.01) when compared to 2019 and 2020. The HQ match-ups dataset follows the temporal 
patterns observed in the INTECMAR database (Table 3), although showing a lower percentage of 
below detection limit records and a slightly higher incidence of blooms (except for 2017).  

Table 3. Average and standard deviation of Pseudo-nitzschia spp. abundance and distribution of the 
three abundance categories (BD: below detection limit, P-NB: no bloom and P-B: bloom) are shown 
for each year using the INTECMAR (top row) and high-quality match-ups (bottom row) datasets of 
Pseudo-nitzschia spp.  

 #Samples 

#HQ match-ups 
log10P-n BD P-NB P-B 

2016 
1328 

359 

2.73±2.24 

2.80±2.25 

515 (38.78%) 

133 (37.05%) 

609 (45.86%) 

160 (44.57%) 

204 (15.36%) 

66 (18.38%) 

2017 
1679 

330 

3.12±2.00 

3.35±1.79 

468 (27.87%) 

69 (20.91%) 

1049 (62.48%) 

234 (70.91%) 

162 (9.65%) 

27 (8.18%) 

2018 
1790 

297 

2.67±2.31 

2.95±2.33 

737 (41.17%) 

110 (37.04%) 

781 (43.63%) 

129 (43.43%) 

272 (15.20%) 

58 (19.53%) 

2019 
1771 

699 

2.34±2.23 

2.42±2.25 

826 (46.64%) 

315 (45.06%) 

773 (43.65%) 

303 (43.35%) 

172 (9.71%) 

81 (11.59%) 

2020 
1172 

486 

2.29±2.31 

2.66±2.32 

578 (49.32%) 

205 (42.18%) 

445(37.97%) 

200 (41.15%) 

149 (12.71%) 

81 (16.67%) 

Figure 2 summarizes the temporal distribution of the sampling coverage, showing the number 
of valid HQ match-up by month and year, as well as the overall coverage. Overall coverage was 
defined as the percentage of valid HQ match-ups per month. The maximum overall coverage was 
reached in July. Figure 2 demonstrates Sentinel-3 observational capabilities for capturing the seasonal 
variability in the area and representativeness of the match-ups dataset for development of Pseudo-

nitzschia spp. algorithms.  
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Figure 2. Lines show the number of valid match-ups by month. Bars show the sampling coverage 
defined as the percentage of total samples collected by INTECAR per month that was extracted as a 
valid match-up. 

4.2. Relationship between Pseudo-nitzschia spp. abundance and Sentinel-3 data 

Figure 3 summarizes the statistics computed from each band and Pseudo-nitzschia spp. 
abundance category using water-leaving reflectance data computed using Polymer 4.12 starting from 
the HQ match-ups dataset. Differences in mean values among the three categories are especially 
evident in the blue part of the spectrum, while these are closing on towards the red part of the 
spectrum. 

Results from Kruskal-Wallis tests revealed significant differences among the three abundances 
categories for all the reflectances (p<0.05 for 779 nm, p<0.01 for the remainder bands). Significant 
differences were also observed using Mann-Whitney tests (p<0.01) between below detection limit and 
presence classes for all the bands expect for 779 nm. Regarding no bloom and bloom classes, Mann-
Whitney tests show significant differences (p<0.01) for all the bands except for 620 nm, 665 nm and 
681 nm.  

 

Figure 3. Summary statistics for each band and abundance class (blue: below detection limit; green: 
presence-no bloom; and red: presence-bloom) derived from the high-quality match-ups dataset using 
water-leaving reflectance values (multiplied by 104) computed using Polymer v. 4.12. On each box, 
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the central mark shows the median while the bottom and top edges indicate the 25th and 75th 
percentiles, respectively. Whiskers extend to the minimum and maximum values.  

4.3. SVM models 

SVM models were developed using all the reflectance values as input variables. Considering 
that some of these variables could introduce noise, models were also trained and validated using 
combinations of less variables. These optimal combinations were selected by applying variance 
impact factor (VIF) collinearity analysis to remove autocorrelated variables (with VIF<5) [54], and/or 
filtering variables that do not show significant differences between abundance classes (see section 
4.2). However, results were worse than the obtained ones using all the reflectances and hence are not 
shown in this work.  

Results from both PNOI-BD/P and PNOI-NB/B models are summarized in Table 4. Results from 
leave-one-out cross-validation shown in this table were obtained using the optimal parametric 
configuration selected as the one with highest AUC value in the grid-search approach, while results 
from training and test sets were obtained using the final models derived from applying the selected 
optimal configuration to the training dataset (see section 3.2.2). Note that metrics from test set provide 
an independent evaluation of their performance. All the measurements based on the confusion matrix 
(all except AUC) shown in Table 4 (see section 3.2.3) were computed using the threshold maximizing 
the TSS.  

According to the results from leave-one-out cross-validation, both PNOI-BD/P and PNOI-NB/B 
show good (over 0.70) AUC values [53], and the same TSS value with a good balance between 
sensitivity and specificity. However, precision (and hence F1-score) values are strongly affected by 
the unequal distribution of both classes. Although PNOI-NB/B shows a slightly higher specificity 
(0.72 against 0.71) and hence lower rate of false positives, the low prevalence, i.e., the higher number 
of no bloom (1393) as compared to the number of bloom (235), leads to a higher absolute number of 
false positives in contrast to the number of true positives resulting in a poorer precision (0.30 against 
0.79). 

Table 4. Performance measures computed from leave-one-out cross-validation (LOU CV) process and 
from the training and test sets using PNOI-BD/P and PNOI-NB/B models. Results are based on the 
optimal parametric configuration. Parameters (except for AUC) were computed using the optimal 
threshold selected by maximizing TSS. #NB, number of no bloom; #B, number of bloom; #BD, number 
of below detection limit; #P, number of presence; Sens., sensitivity; Spec., specificity; Prec., precision; 
TSS; F1, F1-score and AUC are shown in the table. 

Below detection limit/presence (PNOI-BD/P) 

 #BD #P Sens. Spec. Prec. TSS F1 AUC 

LOU CV 
973 655 

0.73 0.71 0.79 0.43 0.75 0.78 

Training set 0.84 0.82 0.87 0.66 0.86 0.91 

Test set 366 177 0.70 0.63 0.79 0.32 0.74 0.68 

No bloom / Bloom (PNOI-NB/B) 

 #NB #B Sens. Spec. Prec. TSS F1 AUC 

LOU CV 
1393 235 

0.73 0.72 0.30 0.43 0.45 0.76 

Training set 0.92 0.90 0.61 0.82 0.74 0.94 

Test set 465 78 0.72 0.79 0.37 0.51 0.48 0.80 
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As expected, results from the training set are better than the ones obtained from the leave-one-
out cross-validation process, with AUC values over 0.90 for both models. PNOI-NB/B outperforms 
PNOI-BD/P in terms of sensitivity and specificity, with higher AUC and TSS values, although it 
shows a lower precision (and F1-score) because of the imbalance in the training set.   

Results from the independent test set, which is not included in the training process, are 
comparable to the ones derived from the cross-validation evidencing the robustness and good 
generalization capability of the models.  In the case of PNOI-BD/P, it shows a lower AUC and a 
worse balance between sensitivity and specificity, but results are similar in terms of sensitivity and 
precision. Regarding PNOI-NB/B, results from the test set are even better in terms of AUC, specificity, 
precision and F1-score. 

4.4. Comparison with the linear model and threshold analysis 

A linear regression model based on the complete HQ match-ups dataset (N = 2171), using all the 
water-leaving reflectances as input and Pseudo-nitzschia spp. abundances (log10P-n) as output was 
developed as a standard method to compare with SVM models. We found a significant correlation 
between the observed and predicted Pseudo-nitzschia spp. abundance (r = 0.42, p<0.01, RMSE [root 
mean squared error] =2.03).  

Table 5 shows the classification results obtained from the complete dataset using PNOI-BD/P 
and PNOI-P-NB/B and this linear model, as well as the classification results in terms of bloom 
detection for the consecutive application of PNOI-BD/P and PNOI-NB/B (meaning that PNOI-NB/B 
is only applied to records classified as presence). For the SVM models, performance measurements 
based on the confusion matrix (all except for AUC) were computed using two thresholds: one 
maximizing the F1-score and other one maximizing the TSS. For the linear model, classification 
results were obtained by applying the thresholds defined for discriminating abundance categories 
(log10P-n = 3 for BD/P, log10P-n =5 for NB/B) to the predicted Pseudo-nitzschia spp. abundances. 

Results from PNOI-BD/P and PNOI-NB/B using both thresholds are different because of the 
imbalance in the datasets. Maximizing TSS implies a better balance between sensitivity and specificity 
while a better F1-score value is achieved with a higher accuracy of the majority class. 

In case of PNOI-BD/P, the highest F1-score (0.86) is achieved with a middle threshold (0.504) 
resulting to high sensitivity (0.91), i.e. a high individual accuracy in the majority presence class, but 
at the cost of a lower specificity (0.64). Increasing the threshold, more records are identified as below 
detection limit so that specificity increases while sensitivity decreases. TSS is maximized with a 
threshold of 0.640 (TSS = 0.58), with values of sensitivity and specificity around 0.80 and with a higher 
precision (0.85).  

Table 5. Performance measures computed from the complete dataset for PNOI-NB/B, PNOI-BD/P 
and linear model, and bloom classification results for the consecutive application of PNOI-BD/P and 
PNOI-NB/B. Parameters (except for AUC) for PNOI models were computed using two thresholds 
selected by maximizing TSS and F1-score (F1). #NB, number of no bloom; #B, number of bloom; #BD, 
number of below detection limit; #P, number of presence; Sens., sensitivity; Spec., specificity; Prec., 
precision; TSS; F1-score and AUC, are shown in the table. 

Presence detection  

#BD #P Model Threshold Sens. Spec. Prec. TSS F1 AUC 

832 1339 
BD/P 

F1 0.504 0.91 0.64 0.80 0.55 0.86 
0.86 

TSS 0.640 0.80 0.78 0.85 0.58 0.83 

Linear 3 0.56 0.74 0.78 0.30 0.73  

Bloom detection 
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#NB #B Model Threshold Sens. Spec. Prec. TSS F1 AUC 

1858 

 

313 

 

NB/B 

TSS 0.430 0.87 0.87 0.54 0.75 0.67 
0.90 

F1 0.512 0.79 0.93 0.65 0.72 0.72 

Linear 5 0.01 0.99 0.30 0.01 0.33  

BD/P  

+ 

 NB/B 

F1 + TSS 0.86 0.88 0.54 0.74 0.66  

F1 + F1 0.78 0.93 0.65 0.71 0.71  

TSS + TSS 0.81 0.88 0.54 0.70 0.65  

TSS + F1 0.74 0.93 0.65 0.68 0.69  

Regarding PNOI-NB/B, the pattern is inverse since no bloom is the majority class: the highest 
F1-score is obtained with maximum specificity (0.93) and lower sensitivity (0.79) at a middle 
threshold (0.512). As the threshold decreases, more records are classified as bloom increasing the 
sensitivity at the cost of a lower specificity. The best balance is achieved with a threshold of 0.430 
(TSS = 0.75), with values of sensitivity and specificity of 0.87.  

Note that F1-score depends on the balance between both classes. Using PNOI-NB/B, with a low 
prevalence in the input dataset (less bloom than no bloom), the highest F1-score is achieved with the 
highest precision. However, with PNOI-BD/P, the positive condition is predominant (more presence 
than below detection limit) and the highest F1-score is obtained with the highest sensitivity.  

Overall, PNOI-NB/B outperforms PNOI-BD/P as it shows higher AUC values (a measurement 
independent of the threshold), and TSS (a measurement that is shown to be independent of the 
prevalence). The lower precision and F1-score values are related to the extremely low prevalence 
(only 15% of records are bloom) observed in the input dataset.  

Bloom detection capability was also evaluated with a two-step procedure using first PNOI-BD/P 
and then applying PNOI-NB/B only to records classified as presence. According to the measurements 
shown in Table 5, the previous application of PNOI-BD/P to exclude below detection limit records 
does not imply a significant improvement: results are similar when the F1-score threshold is used 
with PNOI-BD/P and worse when the TSS threshold is applied. 

Classification results of the linear model were better in terms of presence detection because there 
is a more equal distribution of classes (BD: 38.3%; P: 61.7%).  However, in terms of bloom detection, 
the linear model shows a strong bias towards the majority class (NB: 85.6%; B: 14.4%) identifying 
most of no bloom situations but at the cost of an extremely low sensitivity. In both cases, results were 
worse than the obtained ones using PNOI considering all the metrics (Table 5).  

5. Discussion 

5.1. Relationships between Pseudo-nitzschia spp. abundance and Sentinel-3 data 

There is limited information on spectral signatures of Pseudo-nitzschia spp. in the literature. Our 
results show that Pseudo-nitzschia spp. blooms are mainly characterized by lower reflectances in the 
blue region (between 400 nm and 510 nm), where coloured dissolved organic matter and detritus 
have also a strong absorption effect [55,56]. [33] suggest that UV-absorption by accessory Pseudo-

nitzschia pigments could also contribute to a blue increased absorption in the blue part of the 
spectrum. The latter study found a negative correlation between Pseudo-nitzschia spp. abundance and 
the ratio Rrs (412/555), which is also observed in our dataset (with Rw(412/560), r = -0.17). We also 
detected a negative correlation between Pseudo-nitzschia spp. abundance and the ratio Rw(510/560), 
indicating that HABs events could be associated with high chl-a biomass patches. Chlorophyll is 
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common to almost phytoplankton taxonomic groups and its concentration is not expected to depend 
only on Pseudo-nitzschia spp. abundance.  

In this study, the in-situ chl-a concentrations were weakly correlated with Pseudo-nitzschia spp. 
abundances (r = 0.25, Figure 4a). However, there are significant differences among the three 
abundances categories according to the Kruskal-Wallis test results (Figure 4b). While below detection 
limit (BD) records are related to situations with low chl-a (and probably low phytoplankton 
abundance), presence-bloom (P-B) records show significant higher concentrations.  

  

Figure 4. (a) Relationship between Pseudo-nitzschia spp. abundances (log10P-n) and in-situ chl-a 
concentrations; (b) Graphical comparison of in-situ chl-a concentrations among Pseudo-nitzschia spp. 
abundance categories (BD: below detection limit, P-NB, presence-no bloom and P-B: presence bloom); 
(c) Relation between in-situ chl-a concentrations and bloom probabilities from PNOI-NB/B; (d) 
Relation between log10P-n and bloom probabilities from PNOI-NB/B. 

Despite the relationships observed with Pseudo-nitzschia spp. abundance, model results cannot 
be explained only by the chl-a concentration. In fact, bloom probability computed using PNOI-NB/B 
is weakly correlated with in situ chl-a (Figure 4c, r = 0.27) but shows a better correlation with log10P-
n (Figure 4d, r = 0.40).  

5.2. Models performance 

PNOI models (Table 5) outperform the linear model (Table 6) in terms of both presence and 
bloom detection. The two methods are based on different foundations, i.e. linear models work as 
approximation functions while SVM are specifically designed for classification problems, as well as 
their ability to deal with more complex and non-linear patterns. Note also that PNOI models were 
developed using only the training dataset (75% of the records). 

Using the linear model, we found a significant correlation between the observed and predicted 
Pseudo-nitzschia spp. abundance (r = 0.42, p<0.01; RMSE = 2.03), as well as between Pseudo-nitzschia 
spp. abundances and output probabilities from PNOI-BD/P (r = 0.64, p<0.01) or PNOI-NB/B (r = 0.40, 
p<0.01).  

Results of our linear model (adjusted R2 = 0.17) are worse than those obtained by [31]. They 
found stronger correlations in the development of their best remote sensing model (true skill 
[equivalent to an adjusted R2] = 0.63) and also in the independent validation set based on SeaWiffs 
data (R2 = 0.32, p = 0.03). However, in terms of classification, PNOI-NB/B improved the results 
attained by [31], using their remote sensing model, which classifies correctly 53% of bloom and 96% 
of no bloom observations. Note that their models also include chl-a concentrations.   
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5.3. Model evaluation and filling observational gaps of Pseudo-nitzschia spp. evolution 

Given that the monitoring data are collected at each station in a weekly basis by INTECMAR, 
we used Sentinel-3 OLCI images acquired between the ground observations to evaluate the evolution 
of the Pseudo-nitzschia spp. abundance and complement, to some extent, the information provided by 
the monitoring program. We obtained the distribution of the three abundance categories (BD, P-NB 
and P-B) at stations between the dates of ground observations. PNOI-BD/P was first applied to 
discriminate between below detection limit and presence, and then PNOI-NB/B was applied to 
stations classified as presence to distinguish between no bloom and bloom. In both cases, 
discriminations were based on the threshold maximizing TSS (0.640 for PNOI-BD/P model, 0.430 for 
PNOI-NB/B, see Table 5). Figure 5 summarized the results, as well as the observed category on the 
initial and final sampling dates and the number of weeks with each specific change according to the 
INTECMAR database.  

  

Figure 5. Distribution of the three abundance categories (BD, P-NB and P-B) at stations derived from 
Sentinel-3 OLCI images acquired between two in-situ sampling dates using PNOI-BD/P and PNOI-
NB/B models. The observed category on the initial and final sampling dates are shown for each row 
and column, respectively, while n indicates the total number of weekly observations with that specific 
change. 

The abundance category (BD, P-NB, and P-B) does not change in 64.11% of the weekly 
observations, summing 7381 observations in images acquired between the initial and final sampling 
dates.  In more than half of these observations (51.47%), the inter-weekly Pseudo-nitzschia spp. 
abundance derived from PNOI remained in the same category. This was more apparent with below 
detection limit cases (near 65%), meaning that in 65% of the cases where ground observations in two 
consecutive weeks were classified as below detection limit the abundance of Pseudo-nitzschia spp. 
remained below detection limit within these two observations.  

In 34.79% of the weeks, Pseudo-nitzschia spp. abundance showed a moderate increase (BD to P-
NB, P-NB to P-B) or decrease (P-B to P-NB, P-NB to BD) between two observations. In these 
observations, blooms are captured from the inter-weekly Sentinel-3 images before being identified 
by the monitoring programme in 26.8% of stations with changes from P-NB to P-B, while the end of 
the bloom is observed in near half of stations (46.26% of P-NB with changes from P-B to P-NB).  
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Abrupt changes at stations from below detection limit to bloom and vice versa are less frequent 
(only 1.10% of the weeks, 1.47% of the observations in images). OLCI images acquired between the 
weekly observations were able to predict blooms in advance in 22.81% of the stations with changes 
from BD to P-B, and 31.62% of the inverse situations from P-NB to BD.  

Overall, 63.52% of stations derived from Sentinel-3 inter-weekly images showed coherent 
Pseudo-nitzschia spp. abundance categories compared to INTECMAR database. Considering only 
stations without a change in the abundance category, this accuracy is reduced to 51.47%. When both 
images on sampling and intermediate dates were considered, overall accuracy was 64.51%. Values 
are similar in the four rias, varying from 62.87% in Pontevedra to 66.18% in Vigo. Greater variations 
are observed among individual stations (from 48.39% to 70.83%), with lower accuracies in the stations 
which are more affected by blooms events.  

A ria seems to usually show four types of situation on a specific date in terms of Pseudo-nitzschia 
spp. distribution: absolute absence (21.73%), presence without blooms (55.46%), widespread bloom 
(3.70%) or mixed situations (19.10%) with some stations measured as presence and other ones as 
bloom with abundances around the threshold (105 cells/L). Around 19.1% of false positives (no bloom 
classified as bloom) correspond with mixed situations, i.e. blooms were observed at other stations on 
the same date and ria, while 55.5% correspond with presence without bloom situations. Only 8.26% 
(10 false positives) were detected in situations with an absolute absence of Pseudo-nitzschia spp. on 
that date and ria. Regarding the false negatives (bloom classified as no bloom), 88.9 % were recorded 
in mixed situations with presence observations at other stations on the same date and ria. Note that 
misclassifications in presence and mixed situations (91.1 % of all the errors) could be explained by 
other factors related to the variability of Pseudo-nitzschia spp. in a highly dynamic environment. For 
instance, samples are collected in a specific location, while Sentinel-3 pixels cover a 300 m2 area, and 
at a different time than the satellite overpass (time difference is usually lower that 2-3 hours). 
Moreover, there is some uncertainty in the discrimination between no bloom and bloom in the 
laboratory with abundances around the threshold value.   

Figure 6a shows the temporal evolution of the number of bloom observed in the INTECMAR 
database every week since April 2016, in comparison with the number of bloom detected on the same 
dates at INTECMAR stations by applying PNOI-NB/B to the available Sentinel-3 images. Overall, the 
model is able to follow a similar pattern, discriminating correctly weeks affected by high abundances 
(i.e., with more than five stations with an observed bloom) from other ones without blooms. The 
number of false positives observed in weeks without episodes is usually low (1-2) as compared to the 
total number of stations, showing that images do not provide misleading information (i.e., a high 
number of blooms during “no bloom” weeks) despite of some punctual errors.  

Satellite information is extremely useful in cases where ground data are limited or unavailable. 
During eight weeks in 2020 (from March 17 to May 18, Figure 6a), INTECMAR collected a limited 
number of samples at less stations (4 in Vigo and Arousa, 3 in Pontevedra and Muros, Figure 1c and 
1d), because of the COVID lockdown in Spain.  During the first seven weeks, most of the stations 
were monitored as below detection limit in the INTECMAR in-situ database. On 11 May, during the 
last lockdown week, there is a change in the tendency in rias de Vigo and Pontevedra, with the seven 
sampled stations categorized as presence and a maximum of 77,220 cells/L. This tendency is 
confirmed in the first week after the lockdown with the in-situ samplings conducted on 18 and 19 
May 2020, characterized by a generalized presence across the four rias (37 of 38 stations), an extended 
bloom in ria de Pontevedra (at 8 of 11 stations) and other bloom at one station in ria de Muros. This 
episode affecting the four rias continued for four-five weeks until mid-June (Figure 6a).  

Model results from Sentinel-3 images available during the last two lockdown weeks (from 4 May 
to 17 May) were able to anticipate this increasing tendency in Pseudo-nitzschia spp. abundance. Figure 
6b shows the example in the ria de Vigo, where samples were not collected in the week starting on 
the 4th of May because of bad weather conditions. Stations classified as presence using PNOI-BD/P 
were first detected on 5 May, and then in different images on both sampling (11 May and 19 May) 
and intermediate dates. A similar pattern with a generalized presence was observed in the other three 
rias using PNOI-BD/P. Moreover, some blooms were detected using PNOI-NB/B. For instance, PNOI-
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NB/B detected blooms at four stations between the 16th and 18th. These were then confirmed by the 
in-situ sampling conducted on the 19th of May.   

 

Figure 6. (a) Number of Pseudo-nitzschia spp. blooms observed in the INTECMAR in-situ database 
and detected in the Sentinel-3 images applying PNOI-NB/B at the same stations by week since April 
2016, using only images on sampling dates; (b) Number of stations in ria de Vigo classified as presence 
applying PNOI-BD/P to Sentinel-3 images between 4 and 19 May 2020. Black squares indicate the 
number of stations sampled by INTECMAR, all of them categorised as presence.  

5.4. Pseudo-nitzschia spp. maps 

PNOI models can be used for the generation of maps from Sentinel-3 images, including presence 
and bloom probability maps as well as binary BD/P or NB/B maps. Maps are helpful for the detection 
of potential blooms of Pseudo-nitzschia spp. in the Rias Baixas area and to complement the information 
of the INTECMAR monitoring program. Usefulness of these maps depends on their capability to 
detect the spatial and temporal distribution patterns of Pseudo-nitzschia spp. abundance and blooms 
observed in the monitoring program. In this work, the high-quality match-ups dataset derived from 
Sentinel-3 images have proven to be representative of the complete INTECMAR dataset, showing 
similar distribution patterns across the four rias (Table 2).  

Sentinel-3 provides also an excellent temporal resolution due to these images are available on a 
daily basis since December 2019 with a two satellite configuration (Sentinel-3A and Sentinel-3B). 
However, one of the main limitations of using colour images in an operational way is the availability 
of cloud-free scenes. In this study, approximately 70% of the total images were totally or partly cloud-
free over the Rias Baixas area and hence available for obtaining maps (Table 1). Moreover, more 
cloud-free images are excepted to be available during the period with a higher percentage of blooms 
(between May and October, see Figure 3). Note that a potential limitation could be the local morning 
fogs observed during the summer months, which could explain the lower sampling coverage in June 
(Figure 2).   
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Figure 7 shows some examples of bloom probability maps derived from Sentinel-3 images using 
PNOI-NB/B reflecting the temporal and spatial patterns observed in the INTECMAR database. 
Indeed, the model is able to distinguish situations where blooms affected all four rias (Figure 7c) and 
when Pseudo-nitzschia spp. was hardly present in the area (Figure 7a). Maps are also useful for 
analyzing the relative spatial distribution of abundance and blooms, with differences among rias and 
even within the same ria (Figure 7c). In terms of temporal evolution, maps also allow to detect 
changes in Pseudo-nitzschia spp. abundance. For instance, the development of a bloom in the southern 
rias between 12 June 2019 (Figure 7a) and 16 June 2019 (Figure 7b) is observed.  

 

Figure 7. Bloom probability maps derived from Sentinel-3 images using PNOI-NB/B. (a) 12 June 2019; 
(b) 16 June 2019; (c) 20 June 2016; (d) 19 June 2018.   

6. Conclusions 

Results from this work show the potential of Sentinel-3 images and PNOI models for the 
monitoring of Pseudo-nitzschia spp. blooms and to provide complementary information to in-situ 
monitoring program. Use of our developed approach could be even more important during 
situations in which the field monitoring is not available (e.g. ship breakdown, sampling mistakes) or 
limited. For instance, during the COVID restrictions between March and May 2020 only a limited 
number of stations was sampled. Situations of extremely weather conditions prevent from obtaining 
both in-situ samples and cloud-free Sentinel-3 images, but fortunately these situations are not 
common (usually two-three weeks by years in winter) and are not usually associated with HABs.  

The main limitation of our approach is that PNOI does not discriminate the different Pseudo-
nitzschia species. Discrimination down to species level is hard even in in-situ samples since it often 
requires scanning electron microscopy. Since not all the species are toxic, blooms are not necessarily 
toxigenic. In fact, only P. australis has been shown to produce domoic acid in the region [33,37]. With 
this limitation in mind, PNOI could be improved by using it as the basis for the development of a 
higher-level product that could provide mussel producers with more useful information. Next steps 
will include: 1) identification of toxigenic blooms by associating Pseudo-nitzschia spp. abundance data 
with domoic acid concentrations and/or closures of mussel production polygons because of ASP 
events; and 2) integration with auxiliary data, such as temperature, salinity or upwelling indices, in 
order to reduce the false alarm rate and discriminate between toxigenic and non-toxigenic blooms.  

Toxic blooms of Pseudo-nitzschia spp. are a problem in other coastal areas of the world and results 
from this work show that remote sensing could be a useful tool for detection and monitoring.  At 
the time of writing this manuscript, PNOI models have been evaluated by the Regulatory Council of 
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Mussel from Galicia in the framework of the CoastObs project. Specifically, bloom probability maps 
based on Sentinel-3 images were produced operationally and made available through a dedicated 
Lizard web portal.  
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