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Abstract

:

Macroalgae have attracted the interest of remote sensing as targets to study coastal marine ecosystems because of their key ecological role. The goal of this paper is to analyze a new spectral library, including 28 macroalgae from the South-West Atlantic coast, in order to assess its use in hyperspectral remote sensing. The library includes species collected in the Atlantic Patagonian coast (Argentina) with representatives of brown, red, and green algae, being 22 of the species included in a spectral library for the first time. The spectra of these main groups are described, and the intraspecific variability is also assessed, considering kelp differentiated tissues and depth range, discussing them from the point of view of their effects on spectral features. A classification and an independent component analysis using the spectral range and simulated bands of two state-of-the-art drone-borne hyperspectral sensors were performed. The results show spectral features and clusters identifying further algae taxonomic groups, showing the potential applications of this spectral library for drone-based mapping of this ecological and economical asset of our coastal marine ecosystems.
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1. Introduction


Analysis of coastal marine algal communities enables us to adequately estimate the state of coastal marine environments and provides evidence for environmental changes [1]. Macroalgae play a central role in coastal marine ecosystems as suppliers of food and shelter to different species of fish, crustaceans, mollusks, etc. [2,3,4]. Their capacity to fix CO2 also makes them a sink for anthropogenic CO2 emissions [5] and, in the case of kelp forests, they are essential as ecosystem engineers for many organisms [6], offering mating and nursery grounds [7], and feeding areas [8]. On the other hand, among their multiple applications, macroalgae can be used as human food or, industrially processed, become an economically profitable source of additives, fertilizers, cosmetics, medicines, and nutraceuticals [9].



Remote sensing techniques are becoming, in the last decades, an important methodology in macroalgae cartography, complementing and leveraging conventional field methods (sample collection from the sea), which are accurate but limited to small areas and expensive, by having big areas imaged simultaneously (at different wavelengths) and having very small relative costs per square kilometer. Thus, remote sensing has allowed the mapping and classification of shallow sea waters [10,11], the detection and monitoring of kelp forests (during long periods of time) [12,13,14], the differentiation between types of aquatic vegetation (seagrass, sargassum, kelp) [15], the classification of coastal macroalgae [16], the detection of submerged kelp habitats [17], or even the mapping of benthic macroalgae in turbid coastal waters [18].



The main limitation for effective mapping using remote sensing has been, until now, the ratio of pixel size to spectral bandwidth of current sensors, which is too big to either get a sufficient spatial resolution or a sufficient spectral discrimination of species. However, current technological advances are overcoming these limitations progressively. In this sense, drone-borne imaging sensors have been in use for some years now, capable of providing centimeter resolution images (albeit this depends on the flight height), representing two orders of magnitude improvement over satellite-borne imaging sensors. Furthermore, hyperspectral sensors are being developed with over 100 spectral bands in the visible-infrared (VISNIR) spectral range (each narrower than 10 nm) that provide almost continuous spectral measurements, giving much more spectral resolution than multispectral sensors, i.e., resolving finer spectral features. The parallel advance of technology miniaturization allows combining these two improvements to get hyperspectral sensors that can be transported by drones [19,20,21], such as the lightweight hyperspectral sensor Headwall Nano [22] (0.75 kg and 272 channels from 400 nm to 1000 nm), AISA AFX-10 sensor [23] (2.1 kg and 224 channels, 400–1000 nm), HySpex Mjolnir V-1240 [24] (<4 kg and 200 channels from 400 nm to 1000 nm). Thanks to these improvements one of the most challenging goals in remote sensing can be addressed: species identification, particularly for those species with similar spectral properties [25]. Remote monitoring of macroalgae requires knowledge of their spectral signatures; this information allows not only their detection but also their classification from remotely sensed reflectance spectra [26]. For this reason, having a detailed characterization of macroalgae spectra is becoming of increasing interest, as has been highlighted in recent articles [11,19,20,21].



Macroalgae are classified into three major groups: brown algae (Phaeophyceae), green algae (Chlorophyta), and red algae (Rhodophyta) according to their pigmentation [27]. All three groups contain chlorophyll-a, and their characteristic colors are derived from accessory pigments [28]. Optical properties, in terms of light reflection and absorption, are determined by pigment contents, tissue morphology, and cellular structure [29]. Pigments absorb light at some distinctive wavelengths, affecting the spectra of the reflected light [26]. Typical structure of vegetal tissues, including macroalgae, consists of cellulose walled cells arranged in one or more layers. This arrangement causes a large number of reflections, responsible of their high reflectance in the near-infrared (NIR) range where no pigments absorb light, and also of the low reflectance in the visible (VIS) range, where different pigments have their absorptions bands. All of these characteristics, especially pigment contents, change among macroalgae species and define the shape of their spectral reflectance signatures [30], which are the most complete remote description achievable of any algae.



It is estimated that there are more than 150,000 macroalgae species and subspecies, mostly located in marine habitats [31]. In Argentina, the diversity and composition of marine macroalgae assemblages varies from communities dominated by seasonal and small-sized algae, between 10 and 30 cm in height [32], to perennial giant kelp forests that can reach up to 20 m [33]. Although actualized studies of marine macroalgae are scarce and insufficient, more than 200 species belonging to almost 140 genera have been recorded [32,34]. There are some published spectral libraries of macroalgae in [26,35,36,37,38] and others, but none of these works was focused on Patagonian macroalgae.



When this information is missing unsupervised classification approaches can be used to map algae with remote sensing images [39,40,41,42] or even supervised classification when in situ data is available [43,44,45]. However, knowing the spectral characteristics of a cover or species allows the use of different classification/mapping approaches, based on the identification of those specific characteristics previously identified in the signatures. The possibility of identifying these characteristics is maximized when detailed spectral data is available, as in the case of hyperspectral sensors.



The objective of this article is to use the main characteristics of the reflectance measurements of South Western Atlantic macroalgae (taking into account their inter- and intraspecific variations) and to study how these observed characteristics can be used to perform remote algae classification using hyperspectral sensors.




2. Materials and Methods


2.1. Study Area


The Patagonian central and southern coast is known for the diversity and abundance of macroalgae [32,34,46]. There is an increase of more than 50% in algal species richness between 42° and 41° S, consistent with the boundary between the Argentine and Magellanic Zoogeographic Provinces [34]. This breaking point is probably related to some environmental factors as temperature [47].



Reflectance measurements of marine macroalgae were acquired from specimens collected at three different locations: two sites located in Golfo Nuevo (Punta Este, PE, and Cerro Prismático, CP) and one in Bahía Camarones bay (BC), 230 km south from Golfo Nuevo. Both places belong to Chubut Province (North Patagonia, SE Argentina) (see Figure 1).



Golfo Nuevo is a semi-enclosed bay (~180 m deep), of low hydrodynamic regime located between the cold and warm biogeographic regions of the south-western Atlantic Ocean [46]. Average water salinity is 33.7 ppm, with maxima of 34.0 ppm [48,49], and mean sea surface temperature is 15.1 °C, with an average night-day amplitude of 2.1 °C [50]. The benthic subtidal macroalgae of Golfo Nuevo are represented mainly by small-sized species, with the exception of the invasive kelp Undaria pinnatifida, first recorded in this region in 1992 [51]. Since its introduction, this kelp has modified the local benthic communities, causing a decrease in the population of native macroalgae [52], and an increase in invertebrate populations [53].



Bahía Camarones is a very open embayment north of Cabo Dos Bahías, inside the Coastal Marine National Park “Patagonia Austral”. Average shelf water salinity is 33.5 ppm [54] and mean sea surface temperature is 13.3 °C with a night-day average amplitude of 2.7 °C [50]. Its high biodiversity makes macroalgae harvesting an important economic activity in the area [55]. Among the most relevant species with commercial applications are the invasive Undaria pinnatifida for fucoidan production, the red alga Pyropia columbina, collected from rocky intertidal zones mainly for food consumption, and Gigartina skotsbergii and Gracilaria gracilis, used to extract polysaccharides of high commercial value [32]. The subtidal zone is also characterized by the presence of Macrocystis pyrifera kelp forests with both great ecological and economical value [56].




2.2. Sample Collection, Identification and Handling


Benthic marine macroalgae samples were collected during a total of 5 sampling days, (18 March and 14 April 2015 and from 12 to 14 September 2018) and included 28 species of coastal macroalgae (5 brown, 7 green, and 16 red) (see Table 1). The sampling period was determined mainly based on equipment availability, weather conditions (sunny days without wind), and tidal regime (low tides). A specific sampling design regarding dates was not possible, but the possible effects were taken into account. Samples were collected manually from the intertidal coastal zone and natural tide pools, and by diving from subtidal areas, between 1.5 m and 6 m (Figure 2a).



Algal species were identified in the laboratory to the lowest possible taxonomic level. Species names and taxonomic classifications were validated with AlgaeBase [31]. Specimens collected at BC were measured spectrally in situ, while some specimens collected at PE and CP were measured spectrally mostly ex situ due to sampling time constraints. Specimens were stored overnight, for later measurements, in tanks with filtered seawater and with a controlled environment: constant aeration, temperature (15 °C), and photoperiod (12:12). In both cases, samples were stored, and their spectra were measured once again the following day to compare the results.




2.3. Spectral Data Collection


Sample reflectance spectra were measured using a handheld JAZ spectroradiometer (Ocean Optics Inc., Orlando, FL, USA) attached with a QR400-7-VIS-BX reflection probe (Ocean Optics Inc., Orlando, FL, USA) (Figure 2d). JAZ spectroradiometer measures reflectance in 1/3 nm sampling intervals in the spectral range from 350 nm to 1100 nm; however only the wavelengths in the range 400–700 nm were used for this study, spanning the spectral range of photosynthetic active radiation (PAR), because outside that interval either the signal to noise ratio was too low or a number of conditions such as the presence of a water layer attached to the specimen surface introduced further uncontrolled variability in the data. Reflectance measurements were automatically calculated by the instrument as an average of three consecutive reflectance measurements. In order to obtain a smoother reflectance curve, each reflectance spectrum was further applied a moving average (boxcar) of width 5 values.



Reflectance measurements were performed outdoors, using solar light, and under clear sky conditions, between 12:00 am and 16:40 pm local hours. Samples were set on a Petri dish placed over a black background and extended evenly covering the entire dish (Figure 2b and Figure A4, Figure A5 and Figure A6). In the case of kelps, measurements were performed directing the JAZ fiber optics to different parts of the thallus (blade, stipe, and aerocyst for M. pyrifera and blade midrib and sporophyll for U. pinnatifida) (Figure 3 and Figure 4). In order to ensure the quality of the final reflectance spectra for each sample, and to avoid accidental variations in natural illumination, reference whites (Spectralon of polytetrafluoroethylene–PTFE–diffuse reflectance standard, having uniform spectral reflectance >99% in all our spectral range) were used for calibration prior to each set of measurements and, whenever thin clouds were present new reference whites were measured and their values were checked in post-processing (Figure 2c).



Sample reflectances were measured at different times. Some of them were acquired in situ right after sample collection. Many of them, however, due to time limitations, were stored overnight and their spectra were measured the next day.




2.4. Data Analysis


For each sample, several consecutive measurements (usually 5–10, each of them already a filtered average automatically computed by the JAZ spectroradiometer; see Section 2.3 above) were combined to reduce the noise and rule out accidental errors. The white reference spectra, taken at the beginning of each measurement, were used, when available, to recompute spectral reflectances. Thermal noise or dark current, DS, was estimated directly from each spectrum recorded, S, as the lowest signal in the range from 1000–1100 nm (where the digital counts are negligible, partly because of atmospheric water vapor absorption), and the same was done for the white reference spectra, R, obtaining DR; the sample spectral reflectance r was calculated as:


r = 100 × (S − DS)/(R − DR)



(1)







Finally, each species reflectance spectrum was computed as the median of all the sample spectra, and also the interquartile reflectance range was computed in order to characterize the population variability.



All statistical computations and plotting were performed with the statistical software R [57].




2.5. Spectral Classification


The spectral library was used to simulate the reflectances that would be measured by two hyperspectral sensors, the AISA AFX-10 [23] and the Hyspex Mjolnir V-1240 [24], both of which can be borne in unmanned aerial vehicles (UAVs) due to their light weights (2.1 kg without gimbal, or 4.8 kg with it, and <4 kg, respectively). Both systems cover the VIS-NIR spectral range from 400 to 1000 nm. The AISA AFX-10 has 224 bands, a spectral resolution of 5.5 nm spectral sampling 2.68 nm, and 1024 spatial pixels. The HySpex Mjolnir V-1240 has 200 bands, a spectral resolution of 3.0 nm, and 1224 spatial pixels. These simulations do not include any atmospheric effects, so they would correspond to very close observations or to perfect atmospherically corrected hyperspectral measurements.



Reflectance spectra in our library were subsampled to the bands of these two hyperspectral sensors, assuming that the bands are equally spaced and have a fixed spectral bandwidth of ~3.4 nm and ~2.7 nm, respectively. So, the first sensor acquires data in 112 bands between 400 and 700 nm and the second one in 100 bands in the same spectral range. Every reflectance spectra in the library was subsampled to simulated sensor bands by averaging the median spectral reflectance inside each band of the sensor.



Prior to the classification, the simulated band reflectance values in each spectrum were standardized, subtracting the mean reflectance in the interval of 400–700 nm, and then dividing by the standard deviation in that same wavelength interval (following [58]). This standardization was used to highlight the shape of each spectrum (its crests and droughts) above the actual reflectance values, making them more amenable for comparison.



On these standardized simulated spectra, an unsupervised classification using hierarchical cluster analysis (HCA) was performed using each of the subsampled spectra as an element of the classification. Dissimilarity between spectra was determined using Euclidean distance, and the cluster was built with complete linkage. The hierarchical relationships between different sets of data in the spectral library were finally shown in a dendrogram.



The dendrogram structure may be sensitive to the particular selection of samples being classified. In order to assess its robustness, a multiscale bootstrap resampling algorithm was used to calculate the p-values associated with each cluster, i.e., the probability of all the species in that cluster being grouped together, despite the presence or not of other algae in the total classified set. The clustering dissimilarities were computed from correlations (which is equivalent to using Euclidean distances, given that spectra had been previously standardized) using the algorithm described in [59] (and implemented in the R package pvclust).



Having a pre-classified spectral library is useful to perform the classification of new measured reflectance spectra based on their similarity to known ones. Once a distance has been identified that provides (as we will show) a robust meaningful cluster (the Euclidean distance applied to the standardized spectra), that same distance can be used to classify new data using a minimum distance classifier [60]: given a new spectrum, a set of distances to every endmember in the library was computed, and the spectrum ascribed to the class of the endmember at a minimum distance to it.



The performance of this minimum distance classifier was tested in two ways: using spare measurements of 9 different species made at different times than those used to build the library (e.g., a reflectance spectrum of Codium vermilara acquired in 2018, being the C. vermilara spectral signature in the library constructed out of 2015 sample measurements), and using all the measurements available, including those used to build the library. While the first method is a truly independent validation of the classification, the second one was used to assess the classification capability of the library for all classes.




2.6. Feature Identification


When classifying specimens using reflectance spectra, one should explain which bands or wavelengths were influential in the classification. Based on the hypothesis that reflectance spectra are determined to an extent by pigment absorption, we performed an independent component analysis (ICA) to identify the basis of absorption patterns acting in the library. To separate the contributions from different pigments the reflectance spectra were first transformed to apparent absorbance spectra (A) using a logarithmic transformation [61]


A = −log(r)



(2)




where r is the reflectance value in each spectral band.



This apparent absorbance can be expressed as the sum of the apparent absorbance patterns caused by the different pigment groups in the tissues. Independent component analysis is arguably the most widely used blind source separation technique [62]. It extracts individual signals from additive signal mixtures, based on the assumption that different physical processes generate unrelated responses. In particular, the fastICA method used here maximizes the neg-entropy of the components mixture and uses a fixed point iterative approximation that makes it converge very fast to the solution; we used the fastICA implementation in the R package “ica” [63].



Each independent component is computed as a linear combination of the library spectra, with different weights given at each spectral band. Thus, following [64], we computed the importance of each band as the average of the absolute values of the weights given to the original data, and compared the positions of relative maxima of that importance measurement with the absorption bands of characteristic pigments.





3. Results and Discussion


In this section, we present the main results of our research, starting with a comprehensive description of the spectral library and then the main result of this article, namely, its cluster classification and its use in the classification of newly acquired reflectance spectra. This will be followed by an analysis of how all that could bring an advantage to actual field campaigns using drone-borne hyperspectral sensors.



3.1. Library Description


Reflectance spectra of 28 algal species found in Northern Patagonia (Argentina) have been analyzed and classified: five brown (Phaeophyceae, n = 27 specimens), seven green (Chlorophyta, n = 49), and 16 red (Rhodophyta, n = 91) (see Table 1). All these spectra are summarized in the Appendix A, ordered by algal group and showing the reflectance spectra in the visible range (400–700 nm). All the plots include a shadowed area around the median reflectance spectrum indicating the intra-specific variability (upper and lower quartile range) (Figure A1, Figure A2 and Figure A3).



Reflectance measurements used to characterize a species are the reflectance spectra minima (or reflectance troughs), corresponding to absorption bands of the pigments it contains, and maxima (or reflectance peaks), corresponding to non-absorbing bands between them in which light is reflected by tissular structures. In what follows, these features will be described for the specimens of the three main groups in the library.



Brown algae (Phaeophyceae):



Most brown algae showed reflectance peaks around the 580, 600 and 650 nm wavelengths separating the reflectance troughs (absorption bands) around 670–675 nm, 582–596 nm and 630–635 nm (see Figure 5a). These reflectance peaks correspond to the intervals between the absorption bands of photosynthetic pigments characteristic to Phaeophyceae (brown algae) [26,65]. The absorption band around 580 nm corresponds to chlorophyll a (hereafter Chl a, that also absorbs around 673–675 nm), those around 600 and 650 nm to chlorophyll c (hereafter Chl c) and fucoxanthin that also absorbs blue-green light between 400–560 nm [66]. Thus, the absorption bands at ~540 and 580 nm are mainly influenced by fucoxanthin absorption (in vivo maxima 498–500, 540, and 580 nm). This is the major light-harvesting complex of brown algae [67,68] and all the species here studied showed these reflectance troughs and peaks characteristic of this taxonomic group. Among the spectral reflectance peaks found for each species Colpomenia sinuosa, in particular, showed the highest spectral peak reflectances with median values reaching 9% at 600 nm (see Figure 5a and Figure A1). Although only one specimen was measured (Figure A4c), and thus intraspecific variation cannot be assessed, these reflectance values agree with those found by other authors [26,69].



Regarding intraspecific variability, there are two main sources: on one hand, there is a natural variability that could be reflected in variations of cell arrangement, tissue thickness, gas content, chloroplast density, as well as pigment content that varies as a response to light availability or phenological stages [70,71,72]. On the other hand, there are some algae groups that present a complex structure with a clear differentiation of their tissues, as occurs in kelps (a group of brown algae belonging to the Order Laminariales) [73].



One of the species whose reflectance spectra shows higher variability is Dictyota dichotoma. Although its reflectance has not been reported in the literature, the spectra of two species in the same genus, D. mertensi and D. ciliolata [74], showed similar spectral reflectance patterns (see Figure 5a and Figure A1). D. dichotoma is a medium to small sized algae (around 0.1 to 0.2 m in length) that can be found from intertidal pools to subtidal environments. Specimens sampled in this work were taken from two different locations and also at different times, therefore were exposed to different environmental conditions (as temperature, nutrients and irradiance), which could explain the variations on reflectance values found for this species. Other species that presented a high intraspecific variability was M. pyrifera, specifically in its blade reflectance (Figure 4), although the median spectra agree well with earlier results reported in the literature [75,76]. This is a large subtidal species, (1 to 15 m long in North Patagonia) and characterized by different tissular structures with different functions, such as the support and and its aerocysts serve to its floatability, reaching the sea surface [56]. Its aerocysts serve to its floatability, reaching the sea surface. Blade samples taken from BC were measured at different lengths of the thallus (5 m long, in average) and were probably exposed to different environmental conditions, decreasing the exposure to radiation from the upper to the lower parts of the thallus. This could explain the intraspecific variation in M. pyrifera blade spectral reflectance (Figure 6a).



Part of the spectral variability in kelps is related to the different tissues that form their thallus. The reflectance spectra of M. pyrifera, aerocysts and blades have the same overall form, however, reflectance is higher for aerocysts (see Figure 6a). The blade tissue is thinner and with more pigment concentration. The higher reflectance of the aerocyst could be explained not only by the different size and pigment concentration in its cells, but also by its anatomy showing an internal cavity allowing plants floatability [77,78]. Moreover, aerocysts and stipes play a structural role and transport compounds along the thallus through medullar cells (hyphae) that are less pigmented, resulting in less absorption in the visible wavelengths [78]. The same pattern was found for U. pinnatifida whose sporophyll, blade, and midrib spectral reflectances have the same overall form, although higher values for the sporophyll than for the other two tissues. Blade’s lower reflectance could be explained also by its thinner structure and higher pigment concentration than the other parts of the thallus [73,79,80] and the higher spectral variability (related to the midrib and sporophyll) can be attributed to its different stages. Undaria’s midrib is characterized mainly by medullar cells which are less pigmented and with a predominantly longitudinal orientation, and several cortical layers forming a rigid supporting tissue [81], that would be responsible for its higher reflectance compared with the blade [79,80]. Finally, the highest peak reflectance found in the sporophyll (Figure 6b), could be related to the presence of less pigments, but also to it being a thicker tissue with reproductive function.



Green algae (Chlorophyta):



Most green algae showed a reflectance peak in the green region of the visible spectrum, around the 550–590 nm, varying from the 555 nm of Ulva spp. (both, blade and tube forms, the latter previously reported as Enteromorpha sp.) to the 585 nm of Codium vermilara. The 550–590 nm reflectance peak characteristic of this group is caused by the nearby absorption bands of chlorophyll b (hereafter Chl b), a pigment specific of green algae, one in the 468–478 and another in 645–659 nm [72,82]. The presence of Chl b in this group shifts the reflectance peak towards shorter wavelengths (towards the green) and narrows it. The lowest peak reflectances were recorded in Bryopsis plumosa and Codium fragile (below 4% at maximum), whereas Ulva sp. (blade-form, above 7%) and Codium decorticatum (above 6%) showed the maximum peak reflectances (Figure 5b). Reflectance measurements of green algae can be separated in two different subsets, one presenting the main reflectance peak at 600 nm (B. plumosa and Codium spp.), and the other presenting the reflectance peak at 550 nm (Ulva spp. and Cladophora falklandica). Certain green algae contain a specific ketocarotenoid, siphonaxanthin, associated to siphonein to help absorbing the available green and blue-green light (500–550 nm), as Bryopsidales Order [83,84,85] to which the first subset species belong: B. plumosa and Codium spp. This latter genus includes the three Codium species recorded for north Patagonia [32,86]: C. fragile, C. vermilara and C. decorticatum. Their spectra differ in the relative depths of the two main Chl b absorption bands, whose reflectance minima are approximately the same for C. decorticatum, while C. fragile absorption band is in the red, and C. vermilara has the blue absorption band deeper (although the red one is also deeper than C. decorticatum’s) (Figure 5b). While C. decorticatum can be found only in the subtidal zone, the other two species can be found in a wider gradient of environmental conditions, varying from intertidal tide pools to shallow subtidal. Thus, spectral patterns could be explained in terms of the variation of the environmental conditions requiring a different balance of photosynthetic pigments according to its habitat. The spectral absorption features of Ulva sp. (blade-form) are consistent with those presented in [26]. However, these specimens studied in our work showed a small reflectance peak visible between 520 and 570 nm (Figure 5b). This discrepancy could be attributed to uncertainty in expert classification of the species actually sampled. The reflectance spectra of the genus Bryopsis follow the same patterns shown in [69], but do not present the reflectance peak at 680 nm observed in the spectral signature of B. corticulans [87]. The spectral signature of Cladophora falklandica presents the reflectance peak at 550 nm (Figure 5b) more marked than the C. glomerata [45]. As occurs with Ulva sp., these differences could be attributed to species differences within the same genus.



Intraspecific variability is especially high for Ulva sp. (both blade- and tube-form), Codium vermilara, and Cladophora falklandica (Figure A2). In particular, Ulva sp. (blade-form) showed such a large intra-specific variability that its upper quartile reflectance reached the 10% (see Figure 7 and Figure A2). A great variability was found between the thallus from subtidal populations of Bahia Camarones and intertidal populations collected in Punta Este, showing the latter a higher reflectance peak at 550 nm. It has been demonstrated that several species with intertidal and subtidal populations do not have unique acclimation to irradiance being shade-tolerant, but can also change their morphology under environmental pressure [88]. Therefore, these spectral reflectance intraspecific variations could be related with different pigment content, responding possibly to seasonal, bathymetric and latitudinal variations.



Red algae (Rhodophyta):



Red algae showed two reflectance peaks in the red region of the visible spectrum, around 600 and 650 nm, and reflectance troughs in blue and red bands: 492–506 nm and 610–630 nm, that corresponds to absorption by phycoerythrin (492–506 nm) and phycocyanin (610–630 nm) (see Figure 5c), the two phycobilins that characterize red algae [26,65]. Most species ranged their median reflectance peaks below 4%, except for Phycodrys quercifolia (peak reflectance 5.3%), although intra-specific variations cause upper quartiles to largely surpass some of these maxima (Myriogramme livida and Hymenena laciniata upper quartiles reach above 5% and 6% respectively) (see Figure 5c). Some species like Chondria macrocarpa, Polysiphonia brodiei and Pyropia columbina showed the lower reflectances (less than 2%) in the blue band, where phycoerythrin absorbs around 500 nm, which is in accordance with higher pigment content (Figure 5c and Figure A3). This could be explained by the higher phycobiliprotein content found in Polysiphonia and Pyropia genera compared with other species [89]. The highest intra-specific variability among the red algae corresponds to Hymenena laciniata (Figure 5c and Figure A3). This is a subtidal species but could be also found on intertidal pools. Specimens here studied (Figure A6i) were collected from tide pools, where they are more exposed to solar irradiance than subtidal populations, and that also varies depending on the intertidal level where they were collected. These factors could change the balance of pigment content in the specimens. The spectrum of Corallina officinalis, has a particularly high reflectance, with a minimum above 3% and a peak maximum of 8% at 600 nm (Figure 5c and Figure A3). The signature of this species showed patterns characteristic of the Corallinaceae group described by other authors [90,91], where R-phycoerythrin and Chl a are the main contributors to light absorption causing a reflectance peak in the blue (437–439 nm), while the highly reflective calcium carbonate skeletons originate an overall increase of reflectance. Other species of some genera such as Chondria, Ceramium, Gracilaria and Polysiphonia have been characterized in [26,92,93] and also showed some similarities with the species we describe (Figure 5c and Figure A3). For the rest of the species of this group presented in this work, we could not find spectral signatures in the previous literature, suggesting that nine genera in the spectral library represent novel information (Table 1).




3.2. Algae Group/Classification by Hierarchical Cluster


The cluster analyses of spectra simulated for the two hyperspectral sensors, the AISA AFX-10 [23] and the Hyspex Mjolnir V-1240 [24], showed very similar results. Dendrogram structure is consistent over the two data sets, showing the same grouping of species, thus only the first dendrogram will be described (Figure 8).



The dendrogram presents two branches, one corresponding to the green algae (branch 1) and another one that divides in other two branches, one containing the brown algae (branch 2) and the other one the red algae (branch 3). Each of these branches further splits into two sub-branches labeled 1a, 1b (for branch 1), 2a, 2b (for branch 2), and, 3a, 3b (for branch 3) (Figure 8). The bootstrap analysis of stability of the dendrogram shows that the p-values corresponding to the 1a and 1b, and to the 2 and 3 branches are 100%, that is, irrespective of the subsample of species used in the classification, the spectra contained in those branches always get classified together, thus ruling out the chance effects on the classification. The 2a and 2b branches are thus classified in over 97% of the sampling distributions, as well as the 3a and 3b branches. However, below that division, the subcluster p-values have more diverse probabilities, indicating that especially red algae are more difficult to differentiate.



The first cluster branch in Figure 8 (1) includes the green algae, those with a most noticeable reflectance peak around 550–590 nm, and separates into two sub-clusters (1a, 1b). The first sub-cluster (1a) is composed by the genera Ulva and Cladophora. Despite the first genera has a parenchymatous tissue formed by two layers of cells, and Cladophora falklandica is a uniseriate filamentous species, both genera present a multicellular arrangement with cells well differentiated by the cell wall [32]. The second sub-cluster (1b) is represented by two genus belonging to the Order Bryopsidales whose morphology varies among tubular siphons to highly branched, but all consist of a single undivided cell [94]. When comparing the reflectance measurements of siphonous species and multicellular arrangements, a clear difference in the pigment absorption range is visible. In the second group, the absorbance around 518–540 nm may correspond to siphonaxanthin and siphonein pigment [85,95,96] which are present in Codium (a subtidal genus) light-harvesting complexes that are responsible for enhanced absorption in the green region [97]. The siphonaxanthin-Chl ab proteins allow enhanced absorption of blue-green and green light, the predominant light available in deep ocean waters or shaded subtidal marine habitats [97]. This could explain the subsequently two divided leaves as this pigment is absent in species that grow in shallow water (Cladophorales and Ulvales) but is present in all of siphonous species (Bryopsidales Order) [72,84,85,96,98]. Therefore, the difference between the 2 clusters that we observe in green algae (Figure 8, 1a and 1b) may be caused by a combination of different cell arrangements and different pigment concentrations and composition.



Brown algae are grouped in branch 2 of the dendrogram (Figure 8). These algae are characterized by having Chl a and other accessory pigments such as Chl c and fucoxanthin [66,72]. As a consequence, their spectra show greater absorption in the blue and green regions, which could be also enhanced by their thallus morphology and thickness variations among species [99,100]. All these features determine the division of this dendrogram branch into two leaves: one corresponding to the group formed by two kelp species, U. pinnatifida and M. pyrifera (Order Laminariales) (branch 2a in Figure 8), and another formed by non-kelp species (branch 2b). The former ones have a thallus with complex structure (as described in the previous section) and the populations studied are subtidal or, if intertidal, taken from tide pools where they remain submerged. This group has also spectral characteristics with high reflectance in the near infrared region and significantly lower reflectance in the visible [12] which differentiate them from non-kelp brown algae (2% and 3% peak median reflectance, respectively). Moreover, the “kelps” group shows strong absorption in the 500–550 nm spectral region that could be related to a higher concentration of fucoxanthin, and an absorption peak at 630 nm due to Chl c, being more evident in Macrocystis pyrifera [93,101,102,103]. On the other hand, the second “non-kelp” group shows another sub-group represented by one branch with a single species Dictyota dichotoma, and the other formed by two species: Colpomenia sinuosa and Scytosiphon lomentaria. Despite all three species are parenchymatous, they present different morphologies and occupy different habitats [15,32,72]: while D. dichotoma has a dichotomously divided laminar thallus and is mainly found in subtidal habitats, C. sinuosa is saccate and S. lomentaria is tubular, and both develops in the intertidal rocky shores [32,104]. Studies have shown that in thicker thallus the fraction of the absorbed incident light is greater [105,106]. These differences, both morphological and environmental (intertidal and subtidal habitat), imply different received irradiances, suggesting different adaptive responses in terms of pigments balance.



The third cluster of the dendrogram is formed by the group of red algae (branch 3 in Figure 8). As distinctive spectra, they exhibit two characteristic reflection troughs in the visible spectrum, the first of one, related to the absorption by phycoerythrin pigment in 545–565nm, while the second could be caused by absorption of phycocyanin at ~620 nm and ~675 nm [72,107]. The red algae reflectance measurements are consistent in their shapes but variable in reflectance values, reflecting the great diversity in this group [31]. Despite the fact that three sub-clusters can be distinguished in the red algae arrangement, it has not been possible to relate this arrangement to a correspondence in their morphological, taxonomic characteristics or according to their habitats as was possible for the two previous groups. Given that red algae are the most complex group in terms of numbers of species, future studies involving more factors (such as those mentioned above) will probably be necessary to better understand their grouping or eventual rearrangement according to their inter and intraspecific variation.



We have tested the classification accuracy using a validation set of 119 reflectance spectra corresponding to 31 specimens distributed across nine different species in the library. Then, for the sake of completion, we tested the classification accuracy on our entire data set comprising 635 reflectance spectra corresponding to 198 specimens distributed across the 28 different species. The confusion matrix of this complete classification is shown in Figure 9.



The validation set had an uneven sample distribution among the classes, because specimens acquired in both the 2015 and 2018 measuring campaigns, just covered four of the seven dendrogram classes: branches 1b, 2a, 3b1, and 3b2. Nevertheless, the accuracy of this classification was 85.7% with a Cohen’s kappa of 0.809, denoting a good agreement between the expert classification and the library-based classification. When all measured specimens were tested, the accuracy increased to 87.4% and Cohen’s kappa also improved to 0.837, a very good agreement. As expected from the taxonomic and dendrogram stability analyses of the previous sections, the worst classification occurs among the red algae (branches 3a, 3b1, and 3b2). All in all, this means that the probability of having a new spectrum correctly classified in one of these seven classes is greater than 80%.




3.3. Absorption Feature Identification


The application of ICA to the spectra in the library identified a number of apparent absorbance features that are depicted in Figure 10a. Although the maximum number of ICs could be the same as the number of spectra (28 in our case), we have checked that with only the five components shown all the absorbance spectra can be computed (with an r.m.s. error less than 5% for all the species, and less than 2% for 22 of the 28 species).



The first IC shows the absorption profile common to all algae, with a wide absorption band in the shorter wavelengths (400–500 nm) and the sharp Chl a absorption peak close to 680 nm (see Figure 10b). The second IC shows an absorption peak around 560 nm and another around 690 nm which are characteristics present mostly in red algae (see Figure 10b). The third IC reproduces again the absorption features of red algae; however, its weight among the species does not follow a recognizable pattern. The 4th IC has relative absorption maxima around 540 nm, 530 nm, and towards the red-NIR edge, where absorption mostly differentiates brown from green algae. Finally, the 5th IC has also a maximum around 540 nm, and a slight maximum around 660 nm. However, its weight among the species does not show a recognizable selection pattern.



The importance of spectral bands computed from the weights matrix used to obtain these ICs, identified the 18 bands (with average absolute weights greater than 2) which are listed here (in parentheses are included characteristic pigments with close absorption bands): 415, 425, 436–450 (Chl a), 463 (Chl c), 471 (Chl b), 492 (fucoxanthin), 549 (phycocyanin), 562 (phycoerythrin), 578, 592 (Chl c), 610, 634 (Chl c), 645, 653 (Chl b), 659, 672, 688, 696. The hierarchical cluster classification obtained restricting the bands to these selected ones, is the same as that obtained using the full 112 bands of the AISA AFX-10 to the level of the branches shown in Figure 8.



The existence of these “influential” spectral bands, their close relationship with absorbance bands of the algae photosynthetic pigments, and their ability to recover the hyperspectral classification, suggest that a similar approach could be used to design imaging campaigns using tunable band sensors (with interferometric analyzers and filters) fitted to these spectral bands.




3.4. Potential Applications and Future Work


In the previous analyses we have described a spectral algal library that can be used to classify hyperspectral reflectance data acquired with a current drone-borne sensor, and have shown how this may work statistically. In what follows, we analyze how practical this approach can actually be in the context of remote sensing, whose goal is to collect and analyze data from a distance in real conditions.



Multispectral sensors have been used to study macroalgae for several decades [13,75,108,109,110]. However, the spectral resolution of these sensors, with few and wide bands, only allow to differentiate algae from other coverages, as sand or rock [13,111] or, at most, separate green from red or brown algae [109]; no further taxonomic classification is possible. Hyperspectral sensors, having many contiguous narrow bands may overcome this limitation [1,107]. In both cases, whenever the spectral information in an image pixel is received from more than one cover, these spectral features become mixed, and macroalgae identification would become impractical [60]. Because of that most works focus on algae detection in large areas of monospecific algae [17,112,113]. Here is where recently developed small size hyperspectral sensors, that allow users to obtain hyperspectral information from drones, thus drastically reducing the pixel size (from m to cm) will overcome the second limitation to image based macroalgae classification. There is still a third limitation left, that of radiometric resolution: having macroalgae, and other water borne elements, very low reflectances (well below 10%), a low signal to noise ratio (SNR) of a sensor becomes a problem when analyzing its data. Current hyperspectral systems have SNR around 1000 [23,24] meaning a relative error introduced in the spectra of about 1–10%, all other conditions being optimal. However, the availability of many contiguous bands, together with the assumption of spectral smoothness is often compensated (even in field spectroradiometers) by the use of a smoothing filter (e.g., Savitzki–Golay) that reduces a band’s noise averaging it out with the noise in neighboring bands [114]. Based on our analysis in Section 3.3, drone-borne multispectral sensors with several bands in the visible range, perhaps not so narrow and not necessarily contiguous, could be good candidates to get higher SNR (which is associated with both data acquisition speed and band-width light availability) while keeping good spatial and spectral resolutions.



Once the hyperspectral data have been acquired, two problems are met with to compute the actual reflectance spectra: reduction from on-sensor radiance to reflectance, and atmospheric correction. Fortunately, with a drone and imaging at a low height and a relatively small geographical area (to keep high spatial resolution), both of these can be solved (at a first approximation) by one single spectral correction method, the empirical line method (ELM) [115]. The method assumes sensor linearity and requires using a number of Lambertian reflectance references to fit a line relating sensor measurements (proportional to at-sensor radiance) and field reflectances. Under the assumption of low altitude, the ELM linear relationship will also account for the line-of-sight water vapor scattering and absorption, assuming no relevant changes occur during the image acquisition that could change that relationship. A far more difficult problem is met with algae that are submerged in seawater, as in that case light attenuation depends on the height of the water column over the sample, which is unknown. This has been addressed for the detection of kelps taking advantage of the identification of particular pigment spectral bands in hyperspectral images [17], but has not been yet generalized for the detection of more than one species, hence trustable measurements can only be acquired in the intertidal range (which is fairly wide in our study area).



The reflectance spectra have been classified based on their correlation distances, which are mathematically equivalent to Euclidean distances between standardized data. Thus, the method of minimal distance proposed to make a classification according to the spectral library is related to the well-known supervised spectral angle classifier (the supervised version of the spectral angle mapping or SAM [116]), which has a number of benefits for remote sensing. Most importantly, it is not sensitive to changes in data “gain” (i.e., sensor gain, solar illumination, even to some extent, atmospheric variations). Another important characteristic is that, in the case of hyperspectral signals, it is resistant to noise, as the noise cancels out either when computing the distance between two noisy spectra, or between a noisy spectrum and a reference one from the library. The library, being originally sampled at 1/3 nm spectral resolution, can be remapped to the bands of any hyperspectral sensor currently in use, and is then sensor independent. The dendrogram built from the spectral library provided, in a first approximation, an exploratory tool to assess the possibilities of having the different species classified based on the spectra. Results have shown the potential of the spectral library method, that can be exploited with different objectives and applying different statistical approaches, as other authors have previously done in different contexts [10,117,118].



As we show in Appendix A, and briefly discussed in Section 3.1, all species show some intraspecific variability. The sources of this variability can be natural, related to the environmental conditions (as light availability or water temperature, linked to seasonality, bathymetry, or latitude) or to the specimen characteristics (i.e. phenologic phase). Moreover, external sources of variability, due to the sampling process could be added. An example of this is the effect of algae storage in aquariums, that in this work showed a general pattern of decrease in VIS (and NIR) reflectance; this change in reflectance may be attributed to loss of cellular and tissular integrity. However, in some samples, reflectance increased after storage probably due to a loss of pigments due to degradation which prevented light absorption [29,119]. Since aquarium storage is often used when building spectral libraries [91,120], this is a factor worth being taken into account. Other variability could be more difficult to account for in real drone-borne measurements, e.g., background light from beneath the algae (to build our library we removed that factor by placing our samples above a black background), specimen orientation or mixture with other species (in our field measurements, we carefully separated and laid our samples to optimize measurements), etc. which are common considerations to all remote sensing situations where the observer has no control over the observation conditions.



In this sense, specific works focused on the characterization of changes in the spectra caused by environmental or phenological changes should be carried out in the future. As an example, knowing the effect of environmental variations on Ulva sp. spectra, in the intertidal or subtidal zones (shown in Figure 7), may help monitor their presence and detect outbreaks in a given area as an indicator of eutrophication and environmental health [121]. Particularly important is the detailed characterization of species as Undaria because of its invasive character (of great ecological impact) [53,122] and its importance as a fishing resource [123]. Future studies focused on Undaria spectral variations should take into account both different stages and structures such as the sporophyll. This information could be very useful for monitoring this species spreading and harvesting status.





4. Conclusions


In this work, we have described a spectral library with the spectral signatures of 28 South Western Atlantic macroalgae belonging to 13 genera: Colpomenia, Dictyota, Macrocystis, Undaria, Bryopsis, Cladophora, Codium, Ulva, Ceramium, Chondria, Corallina, Gracilaria, and Polysiphonia. The library, and the description, have included not only the usual mean spectral reflectances of these species, but also the intraspecific variability due to environmental, phenological, and tissular differences among the specimens. This spectral library represents the first report of the spectral signatures of 22 macroalgal species (out of the 28 species included), and the first spectral library specifically acquired in the Atlantic Patagonia, whose macroalgae have not been exhaustively studied, it will thus provide useful information just by itself.



The classification performed using the reflectance spectra of the macroalgae in the spectral library and simulating the measurement of reflectance spectra with two commercial hyperspectral sensors, proved the ability of these sensors to provide an informative cartography of macroalgae in a coastal area, identifying the species with further detail than those currently reported in the literature (i.e., up to the level of order, in some cases). The validation resulted in an accuracy of 87% (Cohen’s kappa 0.84), with red algae being the worst classified.



Finally, during the development of this work, and mainly from the study of intraspecific variability, a series of factors have been identified that could have an important effect on that variability in the observed reflectance spectra (such as development stages of kelps, the algal tidal environment habitat, bathymetric range, etc.). The study of these factors will be the subject of a future work specifically aimed at the characterization of the sources of intraspecific variability in macroalgae spectral signatures.
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Appendix A


Figure A1, Figure A2 and Figure A3 400 nm. Median is represented with the solid line and color shading indicates the intraspecific variability, in upper and lower quartiles. Brown (1), Green (2), and Red (3) algae spectra.
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Figure A1. Brown algae spectra. 
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Figure A2. Green algae spectra. 






Figure A2. Green algae spectra.



[image: Remotesensing 12 03870 g0a2]







[image: Remotesensing 12 03870 g0a3a 550][image: Remotesensing 12 03870 g0a3b 550] 





Figure A3. Red algae spectra. 






Figure A3. Red algae spectra.
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Figure A4. Photographs of brown algae samples: (a) Undaria pinnatifida, (b) Dictyota dichotoma, (c) Colpomenia sinuosa, (d) Scytosiphon lomentaria, (e) Macrocystis pyrifera. 
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Figure A5. Photographs of green algae samples: (a) Cladophora falklandica, (b) Ulva sp. (tube-form), (c) Ulva sp. (blade-form), (d) Bryopsis plumosa, (e) Codium vermilara, (f) Codium fragile, (g) Codium decorticatum. 






Figure A5. Photographs of green algae samples: (a) Cladophora falklandica, (b) Ulva sp. (tube-form), (c) Ulva sp. (blade-form), (d) Bryopsis plumosa, (e) Codium vermilara, (f) Codium fragile, (g) Codium decorticatum.



[image: Remotesensing 12 03870 g0a5]







[image: Remotesensing 12 03870 g0a6 550] 





Figure A6. Photographs of red algae samples: (a) Anotrichium furcellatum, (b) Aphanocladia robusta, (c) Ceramium diaphanum, (d) Ceramium virgatum, (e) Chondria macrocarpa, (f) Corallina officinalis, (g) Gracilaria gracilis, (h) Heterosiphonia merenia, (i) Hymenena laciniata, (j) Lomentaria clavellosa, (k) Myriogramme livida, (l) Neosiphonia harveyi, (m) Phycodris quercifolia, (n) Polysiphonia brodiei, (o) Polysiphonia morowii, (p) Pyropia columbina. 
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Figure 1. Map of study area, SE Atlantic Patagonia in Argentina. Circles denote the sampling locations North of the Golfo San Jorge near Cabo Dos Bahías (Bahía Camarones), and in Golfo Nuevo (Punta Este and Cerro Prismático). 
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Figure 2. Photographs of sampling site and spectral reflectance measurements. (a) Punta Este intertidal zone. (b) Sample reflection measurement using a JAZ spectroradiometer attached with a QR400-7-VIS-BX reflection probe (Ocean Optics Inc., Orlando, FL, USA) (c) Spectralon of polytetrafluoroethylene (PTFE) used as white of reference. (d) Detail of the JAZ spectroradiometer. 
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Figure 3. Photographs of Undaria pinnatifida samples. (a) Undaria thallus parts: blade, sporophyll, and midrib, (b) Undaria in natural conditions, (c) Measurement of sporophyll spectral reflectance with a field spectroradiometer. 
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Figure 4. Photographs of Macrocystis pyrifera samples. (a) Macrocystis forests located in Patagonia Argentina. (b) Detail of Macrocystis thallus parts: blade and aerocyst, (c) Measurement of blade spectral reflectance, and (d) of aerocyst spectral reflectance with a field spectroradiometer. 
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Figure 5. Comparison of reflectance measurements of (a) brown, (b) green and (c) red algae. Each spectral signature was computed as the median of the reflectance spectra of n specimens (shown in the legend), each specimen measured several times (at different points of the sample). 
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Figure 6. Signature spectra of (a) Macrocystis pyrifera blade and aerocyst and (b) Undaria pinnatifida blade, midrib and sporophyll. Color shading indicates intra-specific variability characterized by the interquartile range. 
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Figure 7. Reflectance spectra of green alga Ulva sp. (blade-form) in (a) subtidal (BC: Bahía Camarones) and (b) intertidal (PE: Punta Este) zones. 
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Figure 8. Dendrogram obtained using hierarchical cluster with complete linkage and Euclidean distance as dissimilarity measure between standardized simulated spectra from the library data. The main branches of the dendrogram (all above the same cut height) have been denoted by numbers and letters. The percentages corresponding to the bootstrap p-values of the main sub-clusters, obtained using a multiscale bootstrap resampling algorithm [59], are shown next to their respective branches. Boxes indicate algal groups: red (Rhodophyta), green (Chlorophyta) and brown (Phaeophyceae). 
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Figure 9. Confusion matrix computed using all available data. 
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Figure 10. (a) Independent components 1 to 5 computed from the library reflectance spectra. (b) Weights of ICs 1, 2 and 4 in each species spectrum. The vertical dashed lines denote the separation between (left to right) brown, green and red algae. 
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Table 1. Macroalgae species measured in the different Patagonian coastal zones. TIM: total samples measured per species; Sites: CP (Cerro Prismático), PE (Punta Este), BC (Bahía Camarones); AD: analyzed days (day = D1 or D2). Wherever only parts of the alga were measured, that is specified in brackets. Images of selected specimens can be found in Appendix B. * Indicates the same genus but different species.
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Species

	
Date

	
Site

	
TIM

	
AD

	
Reference






	
PHAEOPHYCEAE

(Brown Algae)

	
Colpomenia sinuosa

	
12/09/2018

	
PE

	
1

	
D1

	
Tin et al., 2015




	
Dictyota dichotoma

	
18/03, 14/04/2015

	
BC-PE

	
10

	
D1

	
Schmitz et al., 2018




	
Macrocystis pyrifera (blade)

	
18/03/2015

	
BC

	
12

	
D1

	
Jensen et al., 1980,

Cavanaugh et al., 2010




	
Scytosiphon lomentaria

	
12/09/2018

	
PE

	
2

	
D1

	




	
Undaria pinnatifida (blade)

	
13/03/2018

	
PE

	
2

	
D1

	




	
CHLOROPHYTA

(Green Algae)

	
Bryopsis plumosa

	
14/04/2015

	
PE

	
6

	
D1

	
* B. vestita

Tin et al., 2015

* B. corticulans

Giovagnetti et al., 2018




	
Cladophora falklandica

	
12, 14/09/2018

	
PE-CP

	
2

	
D2

	
* C. glomerata

Kutser et al., 2006,

Kotta et al., 2014




	
Codium decorticatum

	
18/03/2015

	
BC

	
1

	
D1

	
* C. duthieae

Tin et al., 2015

* C. tomentosum

Chao Rodríguez et al., 2017




	
Codium fragile

	
14/04/2015

	
PE

	
2

	
D1




	
Codium vermilara

	
14/04/2015

	
PE

	
7

	
D1




	
Ulva sp. (blade-form)

	
18/03, 14/04/2015

	
BC-PE

	
25

	
D1

	
* U. fasciata

Beach et al., 1997

* U. australis

Tin et al., 2015

* U. spp.

Chao Rodríguez et al., 2017

* U. instestinalis

Kotta et al., 2014




	
Ulva sp. (tube-form)

	
14/04/2015

	
PE

	
6

	
D1

	
Kutser et al., 2006,

Tin et al., 2015,

Chao Rodríguez et al., 2017




	
RHODOPHYTA

(Red Algae)

	
Anotrichium furcellatum

	
18/03, 14/04/2015

	
BC-PE

	
10

	
D1

	




	
Aphanocladia robusta

	
13/09/2018

	
PE

	
2

	
D2

	




	
Ceramium diaphanum

	
13/09/2018

	
PE

	
2

	
D2

	
* C. tenuicorne

Kotta et al., 2014

C. virgatum as C. rubrum

Chao Rodríguez et al., 2017




	
Ceramium virgatum

	
18/03, 14/04/2015

	
BC-PE

	
8

	
D1




	
Chondria macrocarpa

	
18/03/2015

	
BC

	
7

	
D1

	
* C. dasyphylla

Chao Rodríguez, et al., 2017




	
Corallina officinalis

	
18/03,14/04/2015

	
BC-PE

	
11

	
D1

	
Chao Rodríguez et al., 2017,

Mogstad and Johnsen 2017




	
Gracilaria gracilis

	
14/04/2015

	
PE

	
4

	
D1

	
* G.salicornia

Beach et al., 1997




	
Heterosiphonia merenia

	
13, 14/09/2018

	
PE-CP

	
3

	
D2

	




	
Hymenena laciniata

	
13/09/2018

	
PE

	
5

	
D1

	




	
Lomentaria clavellosa

	
14/04/2015

	
PE

	
12

	
D1

	




	
Myriogramme livida

	
14/09/2018

	
CP

	
1

	
D2

	




	
Neosiphonia harveyi

	
13/09/2018

	
PE

	
1

	
D2

	




	
Phycodris quercifolia

	
14/09/2018

	
CP

	
2

	
D2

	




	
Polysiphonia brodiei

	
14/09/2018

	
CP

	
2

	
D2

	
* P. fucoides

Kotta et al., 2014




	
Polysiphonia morowii

	
12,14/09/2018

	
CP

	
3

	
D2

	




	
Pyropia columbina

	
18/03/2015

	
BC

	
18

	
D1
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