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 A B S T R A C T

Diatoms are microscopic marine algae that are critical for global primary production, carbon sequestration, 
and fisheries productivity. However, select diatoms may form harmful algal blooms, which threaten marine 
ecosystems and the fisheries they sustain. Rapidly identifying harmful blooms is necessary to effectively manage 
marine resources, yet current identification methods are limited by expensive and labor-intensive in-situ point 
sampling.

Hyperspectral remote sensing enables scalable monitoring, but its ability to resolve taxonomic shifts within 
phytoplankton groups (e.g. diatoms) is largely unknown. To investigate this uncertainty, we cultured four 
dominant diatom genera from the California Current upwelling system, including this system’s most abundant 
harmful algae, Pseudo-nitzschia. The hyperspectral absorption and backscatter of these taxa were measured and 
used to model spectral reflectances that remote sensing platforms (satellites/drones) might detect. Differences 
between fingerprints of these taxa were quantified using vector-based and statistical analyses.

Mean spectral differences of 48% were observed between the most dominant diatom, Thalassiosira, and the 
most toxic diatom, Pseudo-nitzschia. Differences of approximately 30% were found between Pseudo-nitzschia
and the second and third most abundant diatoms, Chaetoceros and Asterionellopsis. Successful identification of
Pseudo-nitzschia’s reflectance fingerprint was driven by the presence of a unique feature around 560 nm. The 
distinct spectral fingerprint of Pseudo-nitzschia indicates that it can be distinguished from other diatom blooms 
using hyperspectral remote sensing platforms.
1. Introduction

Diatoms are an important subgroup of phytoplankton, comprising 
10 and 20% of global and marine primary production, respectively 
(Behrenfeld et al. 2021; Tréguer et al. 1995; Moore et al. 2001; Aumont 
et al. 2003), and up to 40% of the marine biological pump (Jin et al.
2006; Tréguer et al. 2018). Large-bodied diatoms also support healthy 
fisheries by mediating efficient energy transfer to higher trophic levels 
(Chavez et al., 2011). Of the 1000 plus known genera of diatoms 
(Fourtanier and Kociolek, 2003), most facilitate beneficial ecosystem 
services. However, a few diatoms can be harmful, producing toxins or 
physical structures detrimental to fisheries and human health.

I This article is part of a Special issue entitled: ‘HAB forecasts and early warning’ published in Harmful Algae.
∗ Corresponding author.
E-mail address: bailessa@oregonstate.edu (A.L. Bailess).

Harmful algal blooms (HABs) are aggregations of algae that threaten 
human health, ecosystems, or human activities (Kudela et al., 2015). 
In upwelling systems, some of the most toxic HABs come from the 
genus Pseudo-nitzschia. Half of Pseudo-nitzschia species produce a po-
tent neurotoxin, domoic acid, that accumulates in primary consumers 
(e.g. bivalves, zooplankton, small fish) before being concentrated in 
marine mammals, seabirds, and fishes of commercial importance. For 
marine mammals and humans, domoic acid poisoning is devastating, 
causing the swelling and death of neurons, which induces disorienta-
tion, seizures, temporary or permanent memory loss, and in some cases, 
coma and death (Bates et al., 2018).
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The world’s largest fisheries are found within the highly productive 
Eastern Boundary Upwelling Systems (Ryther 1969, Chavez and Messié
2009). Here, large-scale nutrient injection supports plankton blooms, 
which ultimately sustain these fisheries. However, these blooms can be 
episodically dominated by toxigenic Pseudo-nitzschia, with devastating 
ecological and economic effects—for example the coastwide Pseudo-
nitzschia bloom in 2015 that spread from Baja California to British 
Columbia (McCabe et al., 2016). This bloom closed recreational and 
commercial fisheries for mussels, razor clams, oysters, Dungeness and 
rock crabs, anchovies, and sardines. The closures resulted in an esti-
mated revenue loss of $98 million for the Dungeness Crab fishery alone 
(National Marine Fisheries Service, 2016), placing stress on fishing 
communities and coastal towns (Moore et al., 2020). The high levels of 
domoic acid caused severe damage to marine ecosystems with effects 
propagating throughout the food web. Mass mortalities and strandings 
of tens of thousands of seabirds, seals, and sea lions occurred, with 
toxins also detected in whales and dolphins (McCabe et al. 2016; Gibble 
et al. 2018).

Accurate and timely detection of large Pseudo-nitzschia blooms is 
critical for fisheries management, aquaculture operations, and pub-
lic health. Current monitoring methods leverage discrete samples of 
domoic acid accumulation in shellfish tissues with microscopy-based 
identification of Pseudo-nitzschia cells. While these methods provide 
essential information, they suffer from limited spatial and temporal 
resolution and delayed detection relative to contamination (Lefebvre 
et al., 2017). Annual costs of this continuous in-situ monitoring are 
estimated in the millions of dollars (Anderson et al., 2000). These 
challenges underscore the need for contemporary methods — such 
as emerging remote sensing approaches — that can accurately detect
Pseudo-nitzschia blooms across broader spatial and temporal scales.

Harmful algal bloom identification is the first step in ecological 
analysis, fisheries management, and early warning response. Identifi-
cation using ocean color is likely the most cost-effective way to assess 
ecosystem threats over large spatial and temporal scales. To identify 
HABs using ocean color, we must first develop spectral ‘fingerprints’. 
Fingerprints are derived by measuring the optical properties (absorp-
tion and backscatter) of a specific taxon which, when combined (Eq. 
(2)), mirror the signal an ocean color remote sensing platform will 
observe (Gordon et al. 1988; Zaneveld 1995). In practice, isolating fin-
gerprints from the ocean is often confounded by the overlapping optical 
properties of dissolved substances, detritus, and other phytoplankton. 
However, the bloom-forming diatoms cultured in this study form dense 
surface aggregations in-situ (Trainer et al., 2009) that dominate the 
ocean color signal. This dominance makes them particularly well-
suited for identification using spectral fingerprints. Moreover, with the 
launch of NASA’s latest satellite mission, PACE (Werdell et al., 2019), 
we now have unprecedented spectral coverage of the global oceans. 
This hyperspectral resolution provides significantly more information 
about the phytoplankton within the water, illuminating features and 
subtleties previously unseen.

Satellite-measured ocean color is strongly influenced by particulate 
backscatter. Backscattered light is all light that returns in the direction 
of its source after interaction with a particle or surface. The physical 
properties of this particle or surface (shape, size, and refractive in-
dex) influences the intensity, geometry, and spectral characteristics of 
the backscattered light (Boss et al., 2004). Unlike absorption spectra, 
whose features are easily associated to their physical drivers (e.g. pig-
ments), the relationships between backscatter spectral features and 
their physical drivers are more nuanced. Consequently, there is lim-
ited understanding of how hyperspectral backscatter’s features relate 
to their physical drivers. Historically, partly due to limited spectral 
resolution, spectral backscatter was assumed to be a monotonic func-
tion, without pronounced spectral features (e.g. Lee et al. 2002; Lee 
et al. 2009; Kostadinov et al. 2009; Morel and Prieur 1977). While 
this assumption works well for clear-oceanic waters (Smith and Baker, 
1981), coastal and upwelling systems with non-log-linear particle size 
2 
distributions (e.g. plankton blooms) and non-spherical particle shapes 
violate the basis for this assumption. Indeed, hyperspectral backscatter 
contains substantially more diagnostic information than spectral slope 
alone, with unique and more pronounced spectral features than the 
spectrum of total scatter (this study, Bricaud et al. 1983, and Morel and 
Bricaud 1981). The advent of new hyperspectral backscatter technolo-
gies (e.g. Novak et al. 2024) will provide a wealth of new data to link
in-situ biogeochemistry and community composition (including HAB 
dominance) to hyperspectral backscatter features—which may be de-
rived from NASA PACE. This will advance ocean color inversion models 
significantly, increasing their utility in detecting HABs by incorporating 
the information from empirically derived backscatter spectral shapes.

2. Methods

2.1. Cultures

Absorption and backscatter spectra were measured from acclimated 
cultures of four diatom genera, known to be the most dominant within 
the California Current. They are, in order of typical in-situ biovol-
ume: Thalassiosira rotula, Chaetoceros affinis, Asterionellopsis glacialis, 
and Pseudo-nitzschia spp. (Du et al. 2015; Lassiter et al. 2006). Isolates 
were obtained from the Bigelow National Center for Marine Algae, 
except for Pseudo-nitzschia, which were clonal isolates from the Wash-
ington and Oregon coast (P. fraudulenta, P. pungens, and P. seriata). 
Each taxon was kept in exponential growth in triplicate 2 L Nalgene 
bottles as semicontinuous batch cultures at roughly 20,000 cells/mL. 
All cultures were grown in an environmental control room at 15 ◦C with 
a salinity of 33 PSU, using L1 media (Guillard and Hargraves, 1993). 
Cultures were exposed to 400 𝜇mol photons m2/s with a relatively flat, 
white spectrum. The intensity of the grow lights (a Phyton-Systems 
light bank) were measured using a QSL-scalar PAR sensor. This light 
bank was scheduled on a 12:12 sinusoidal light–dark cycle to simulate 
a natural day–night cycle. Cultures were kept in suspension by bubbling 
with two aquarium air pumps (ProFILE 5500). Pumped air was filtered 
through a hydrocarbon trap (Restek) before entering the cultures.

Cells were acclimated to growth conditions (light, nutrients, temper-
ature) for two months (≫ 30 divisions) before experimental sampling 
to ensure steady-state, photoacclimated growth. Cell and detrital abun-
dances were quantified daily via an Imaging Flow CytoBot (IFCB) to 
derive growth rates and ensure detrital production remained low. Using 
light microscopy, the presence of detritus too small for the IFCB was 
observed and quantified using a Coulter Counter (Beckman Multisizer 
3, 70 𝜇m aperture). The biomass of detritus was small compared to that 
of the live cells and detrital particles were almost entirely < 3 𝜇m, much 
smaller than this study’s phytoplankton which were > 10 𝜇m (Table  1). 
Phytoplankton photophysiology was monitored using a fast repetition 
rate fluorometer (FRRf). Fast repetition rate fluorometry samples were 
exposed to 15 𝜇mol photons/m2/s at 480 nm for 10 min to relax 
non-photochemical quenching (NPQ) before measurements were made 
(Milligan et al., 2012). The amount of time and total irradiance to 
fully relax NPQ varied by taxon and time of day. We conducted several 
experiments and found 15 𝜇mol photons/m2/s for 10 min to yield the 
highest Fv/Fm (∼0.6 ± 0.05) for these taxa on average; Fv/Fm values >
0.55 indicated healthy diatoms ready for inline system measurements 
(Tan et al. 2019, Dijkman and Kromkamp 2006) (see Fig.  1).

2.2. Inline system

Measurements of phytoplankton absorption, scatter, and attenua-
tion coefficients were made using a SeaBird (formerly WETLabs) AC-S 
(4 nm spectral sampling frequency). Backscatter was measured using a 
Sequoia Hyper-BB (5 nm spectral sampling frequency). All bio-optical 
measurements were made following the best practices for IOP measure-
ments (Boss et al., 2019). Instruments were configured in a darkened, 
recirculating flow-through inline system driven by a peristaltic pump 
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(a) Thalassiosira spp.

  
(b) Chaetoceros spp.

 

 
(c) Asterionellopsis glacialis

  
(d) Pseudo-nitzschia spp.

 

Fig. 1. Representative light micrographs of the diatoms examined in this study: (a) Thalassiosira spp., (b) Chaetoceros spp., (c) Asterionellopsis glacialis, and (d) 
Pseudo-nitzschia spp. Images reproduced with permission from the Kudela Laboratory.
Table 1
Approximate cell size ranges for representative diatom 
species.
 Individual cell sizes
 Species width (μm) length (μm) 
 Thalassiosira rotula 8–60 5–20  
 Chaetoceros affinis 8–15 7–30  
 Asterionellopsis glacialis 5–8 30–150  
 Pseudo-nitzschia spp. 3–8 70–145  

(Slade et al., 2010). The inline system was filled with 6.1 L of 33 PSU, 
0.2 𝜇m filtered seawater, leaving sufficient headspace to add 200mL of 
phytoplankton culture. After inoculation, the solution was allowed to 
recirculate and homogenize until AC-S and HyperBB data approached 
a stable asymptote. Measurements were recorded for 10 to 15 min and 
the median for each wavelength was derived to reduce the influence of 
outliers and noise. This process was repeated using a 5.0 𝜇m filtrate of 
the sample to estimate the optical contributions of detritus and colored 
dissolved organic matter (CDOM) to the culture. Subtraction of the 5
𝜇m filtrate’s optical signature from that of the total culture isolated the 
diatom-specific optical signature, hereafter referred to as the particulate 
fraction.

Between daily sampling, the inline system was flushed with deion-
ized water. The optical windows and tubes of the AC-S were cleaned 
with 98% isopropyl alcohol and Milli-Q water, while the plastic Hy-
perBB windows were cleaned with soap and rinsed with Milli-Q. After 
cleaning, degassed Milli-Q blanks were recorded for both the AC-S and 
HyperBB, which were then taken apart and cleaned again until two 
baseline measurements agreed at the 0.005 m-1 level. All bio-optical 
data were recorded using the software Inlinino (https://github.com/
OceanOptics/Inlinino, Haëntjens and Boss 2020).

Measurements of absorption, backscatter, and total scatter were 
recorded for triplicates of all genera, except Asterionellopsis. Due to 
a gain issue with the HyperBB, only a single backscatter spectrum 
was obtained for Thalassiosira. Additionally, a pump failure resulted 
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in the backscattering coefficients for the final Pseudo-nitzschia triplicate 
(PN_3) to be measured by placing this sample directly into the HyperBB 
light trap. The solution was thoroughly mixed and then measured (this 
sample had no detrital blank).

2.3. Data processing and clustering

To align the spectral sampling frequency (4 nm for the AC-S and 
5 nm for the HyperBB) and center wavelengths of both instruments, 
AC-S data were linearly interpolated to 1 nm resolution and then 
downsampled to 5 nm. Intrataxon backscatter and absorption data 
were then combined to derive remote sensing reflectances (Eq.  (3)). 
All backscatter spectra from triplicate cultures were divided by all 
absorption spectra of the same genus, generating all possible intrataxon 
reflectance combinations for clustering analysis (e.g. the backscatter 
spectrum of PN_1 was divided by the absorption spectrum of PN_1, 
2, and 3. The same was done for the backscatter spectrum of PN_2 
and so on). The primary clustering method used was an unsupervised 
machine learning algorithm, k-means, from the open-source Python 
machine learning library Scikit-learn. The optimal number of clusters 
(𝑘) was determined using an elbow method and silhouette scores. To 
isolate differences in spectral shape, independent of magnitude, mean 
normalization was performed on the particulate absorption (𝑎𝑝) and 
backscatter (𝑏𝑏𝑝) spectra by dividing each value within a spectrum by 
that entire spectrum’s mean: 

𝑋norm(𝜆𝑖) =
𝑋(𝜆𝑖)

1
𝑛
∑𝑛

𝑗=1 𝑋(𝜆𝑗 )
, (1)

where 𝑋 corresponds to either 𝑎𝑝 or 𝑏𝑏𝑝.

2.4. Modeling

The spectral fingerprints of our in-vivo cultures, measured using the 
inline system, can be related to in-situ reflectances using the following 
equation (Gordon et al. 1988; Zaneveld 1995): 

𝑅𝑟𝑠𝜆 ≈
𝑓 𝑏𝑏𝜆 , (2)

𝑄 𝑎𝜆 + 𝑏𝑏𝜆

https://github.com/OceanOptics/Inlinino
https://github.com/OceanOptics/Inlinino
https://github.com/OceanOptics/Inlinino
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where remote sensing reflectance [Rrs (sr-1)] describes the intensity 
and color of light, at wavelength 𝜆, leaving the ocean’s surface. The 
backscatter coefficient at wavelength 𝜆 is represented by b𝑏(𝜆) (m-1), 
while a(𝜆) (m-1) denotes the absorption coefficient at wavelength 𝜆. The 
symbols f  (unitless) and Q (sr) represent scaling factors, which do not 
affect the spectral shape. Because a(𝜆) is generally multiple orders of 
magnitude greater than b𝑏(𝜆), we can further approximate the equation 
to: 

𝑏𝑏𝜆
𝑎𝜆

, (3)

as the contribution of backscatter in the denominator is often negligi-
ble.

2.5. Distance metrics

Distance functions were used to distinguish between modeled spec-
tral fingerprints in a reliable and quantitative way. These functions are 
able to define the degree of similarity between complex, non-linear 
spectra by assessing differences in translation (center wavelength or 
hue), and standard deviation [full-width half max (FWHM) or peaked-
ness], of spectral features. Deborah et al. (2015) and Deborah (2016) 
evaluated thirty-one distance functions for hyperspectral analysis. Of 
these, we chose Spectral Correlation Mapper (SCM) (de Carvalho Júnior 
and Meneses, 2000) as the optimal tool for calculating the differ-
ences between phytoplankton fingerprints. Spectral Correlation Mapper 
builds from vector-based angular methods, which have a history of suc-
cessful applications in remote sensing (e.g. Wei et al. 2022; Kruse et al.
1993). These tools are unaffected by changes in spectral magnitude 
and provide absolute differences between spectra. Spectral Correlation 
Mapper uses Pearson’s correlation coefficient (r): 

Spectral Correlation Mapper (r) =
∑𝑛

𝑖=1(𝐴𝑖 − 𝐴̄)(𝐵𝑖 − 𝐵̄)
√

∑𝑛
𝑖=1(𝐴𝑖 − 𝐴̄)2

∑𝑛
𝑖=1(𝐵𝑖 − 𝐵̄)2

(4)

where 𝐴̄ = 1
𝑛

𝑛
∑

𝑖=1
𝐴𝑖 and 𝐵̄ = 1

𝑛

𝑛
∑

𝑖=1
𝐵𝑖 ,

to evaluate the degree of positive or negative linear correlation between 
mean-standardized data. Spectral Correlation Mapper processes spec-
tra as a distribution, appropriate for the highly correlated nature of 
hyperspectral data.

Spectral Correlation Mapper’s sensitivity to differences between 
spectral signatures can be further improved through the application of 
derivative transformations. However, while derivatives excel at high-
lighting small features, the increased sensitivity also amplifies noise, 
which must first be removed from the spectra. To remove noise while 
preserving as many of the spectral features as possible, we used a 
Savitzky-Golay filter. The Savitzky-Golay method preserves large spec-
tral features better than other techniques (such as mean or median 
filtering) by fitting an ‘x’-order polynomial to the data within the filter 
window. This preserves spectrally wide nonlinear features while spec-
trally narrow variations (noise) are smoothed out. For these reasons, 
Savitzky-Golay smoothing is often used in hyperspectral applications 
(e.g. Vandermeulen et al. 2017; Xi et al. 2015; Hunt 2024). The 
Savitzky-Golay filter has two tunable parameters: window length and 
polynomial order. The goal is to find the ‘goldilocks’ parameters where 
the data are neither oversmoothed (thus losing important information) 
nor overfit (turning noise into features). We used the Scipy.signal 
function savgol_filter and chose a window length of 13 (5 nm spacing 
𝑥 13 = 65 nm windows) and a polynomial order of 4 based on the 
iterations seen in the supplemental materials (Figure S3). Savgol_filter 
‘mode’ was set to ‘nearest’ to reduce boundary artifacts from the filter 
window interacting with the end of the spectra (mode ‘nearest’ pads the 
end with values identical to the last encountered). The option ‘deriv’ 
was set to 2 (takes the second derivative of the spectra).
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3. Results

All cultured phytoplankton share local maxima of backscatter
around 560–570 nm (Fig.  2), the yellow–green region of these spectra. 
These backscatter maxima are likely amplified by the intersection 
of absorption features from fucoxanthin and the secondary peaks of 
chlorophylls b and c, which form local absorption minima (Fig.  3). 
However, the absolute lowest absorption for all species throughout 
most of the visible range lies near 600 nm. While we observe local 
maxima in backscatter at 600 nm (Fig.  2), these wavelengths do not 
correspond to the greatest backscatter for any species. Instead, local 
and total maxima around 560–570 nm appear in nearly all species, 
being most pronounced for Asterionellopsis and Pseudo-nitzschia. For
Pseudo-nitzschia, the 560–570 nm peak is followed by a steep decline 
that exhibits a subtle inflection near 585 nm before decreasing fur-
ther. This subtle inflection coupled with the aforementioned peak in
Pseudo-nitzschia’s backscatter spectra creates an important feature in
Pseudo-nitzschia’s reflectance fingerprint, seen as a bifurcated peak in 
Fig.  4. After the maximum green–yellow (560–570 nm) backscatter 
peak, Pseudo-nitzschia and Asterionellopsis backscatter less for bluer 
wavelengths, contrary to Thalassiosira and Chaetoceros (Fig.  2). There 
is also a consistent trough for all spectra around 660 nm followed by 
a large peak that overlaps with the chlorophyll Qy absorption band 
around 670 nm (Fig.  3).

Fig.  3 shows the absorption spectra for each of the cultured di-
atoms. Triplicate cultures within each taxon exhibit consistent spec-
tral shapes across wavelengths. Differences in the absorption spectra 
between taxa are less visually pronounced than those observed in 
normalized backscatter (Fig.  2) or total scatter spectra (Figure S1, 
supplemental materials). There are small deviations in the absorption 
spectra of the third triplicate sample of Pseudo-nitzschia (PN_3) from the 
first and second replicates (PN_1, PN_2), with slightly elevated mean-
normalized values in the blue region (400–440 nm), likely related to 
the aforementioned pump failure for this sample. Thalassiosira has the 
strongest shoulder at 470 nm from the pigment fucoxanthin. Asterionel-
lopsis has the largest ratio of Qy to Soret band absorption (chlorophyll a 
absorption in the red vs blue, respectively). Chaetoceros appears to have 
the broadest peak for the Soret band and the lowest relative absorption 
of carotenoids (pigments in roughly the 470–650 nm range).

The most pronounced distinction in the spectral shapes of re-
flectance (Fig.  4) is for Pseudo-nitzschia, which forms distinct bifurcated 
peaks around 570 and 600 nm, with a trough at 585 nm. This fea-
ture provides robust separation of the spectral fingerprint of Pseudo-
nitzschia from all other diatoms sampled. In contrast, Chaetoceros forms 
a shoulder near 570 before peaking around 600 nm, while Thalassiosira
remains linear throughout this range, monotonically increasing. The 
spectral fingerprint of Asterionellopsis is similar to that of Chaetoceros, 
with a shoulder at 570 nm and a peak at 600 nm, however the height 
of the peak relative to the shoulder is greater for Asterionellopsis. For 
all genera, there are only small differences in slope from the deep-blue 
to cyan (∼430 to 510 nm), with the largest differences in yellow and 
orange (∼560 to 620 nm). There is relative uniformity at all other 
wavelengths. Because diatom absorption spectra are highly similar, 
genus-level discrimination is primarily driven by spectral backscatter. 
Unique backscatter features are most visible in reflectance spectra when 
centered within the absorption minima of 550 to 650 nm.

Unsupervised machine learning algorithms were able to success-
fully distinguish between the spectral fingerprints of Pseudo-nitzschia,
Chaetoceros, and Thalassiosira (Fig.  5). The highest silhouette coefficient 
found used k = 5 (0.5), but k = 2–4 were all within 8% of this 
score (0.46–0.48). Using k = 2 (clustering the spectra into two groups) 
isolates the Pseudo-nitzschia spectra, separating them from all other 
taxa. Using k = 3 provides nearly perfect clustering of spectra, with 
the exception that Asterionellopsis is misclassified as Chaetoceros. Using 
k = 4 yields similar results, however Pseudo-nitzschia is divided into 
two clusters. Lastly, using k = 5 divides Chaetoceros into two clusters 
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(a) Mean-normalized backscatter spectra comparison.

(b) Mean-normalized backscatter by genus.

Fig. 2. Normalized backscatter spectra for each species following Eq.  (1). Dots 
represent the normalized median value of backscatter at each wavelength 
measured. Ribbons represent one standard deviation from the median and 
colors distinguish each species. Triplicate samples were measured for Pseudo-
nitzschia and Chaetoceros. A multispectral comparison of Thalassiosira rotula
from Whitmire et al. (2010) is included in dark blue, with bars representing 
one standard deviation from the median. Multispectral and hyperspectral data 
were aligned at 620 nm for comparison.

(CA1bb triplicates and AG, versus CA2bb and CA3bb triplicates). Other 
non-Euclidean machine learning algorithms were applied, results from 
these are provided in the supplemental materials.

To accentuate spectral features, the second derivatives of reflectance 
fingerprints from Fig.  4 were calculated and are shown in Fig.  6. These 
smoothed, second derivative fingerprints were then compared using 
the Spectral Correlation Mapper (SCM) distance metric. A heatmap 
of the evaluated differences is shown in Fig.  7. The SCM performed 
better when subsetting the spectra in Fig.  6 from 550 to 600 nm, 
wavelengths where the majority of spectral differences are found. 
Spectral Correlation Mapper calculates all Pseudo-nitzschia spectra as 
having a mean intrataxon correlation of 98% with a standard deviation 
of ±1% (upper-left, red, right triangle), while Thalassiosira spectra are 
deemed nearly identical to each other (99% or greater correlation).
Chaetoceros spectra are the most variable with a standard deviation of 
5 
Fig. 3. Mean-normalized absorption spectra for all cultures measured with the 
AC-S. Spectra were normalized according to Eq.  (1). The peak near 440 nm 
is the chlorophyll a Soret absorption band, and the peak near 670 nm is the 
chlorophyll a Qy absorption band. Lines show median spectra with shaded 
ribbons representing one standard deviation.

7% and an average correlation of 91%. Spectral correlation mapper 
finds average differences of 29% ±13% between Pseudo-nitzschia and
Chaetoceros (top, black box), and 34% ±7% between Pseudo-nitzschia
and Asterionellopsis (bottom, black rectangle). Spectral correlation map-
per performed exceedingly well for Pseudo-nitzschia andThalassiosira
(middle, black rectangle) — the most toxic and most common diatoms, 
respectively — with average differences of 48% ±10%.

4. Discussion

Our approach yielded distinct reflectance fingerprints, each related 
to a unique phytoplankton genera under bloom conditions. We identi-
fied visually discernible, group-specific spectral features and quantified 
these differences. Pseudo-nitzschia, the dominant HAB taxa, exhibits 
a unique feature in its modeled reflectance fingerprint, a bifurcated 
peak between 570 and 600 nm. This feature easily distinguishes the 
spectral fingerprint of Pseudo-nitzschia from those of the three most 
abundant diatoms in this system—both through visual assessment and 
using unsupervised classifying algorithms. Pseudo-nitzschia’s fingerprint 
was most easily distinguished from Thalassiosira’s, which was nearly 
flat between 565 and 600 nm. This distinction is important because
Thalassiosira is the most abundant bloom-forming diatom in the North-
ern California Current. The ability to discern between Thalassiosira and
Pseudo-nitzschia based on spectral fingerprints is valuable for a number 
of applications, such as productivity modeling, species distribution 
mapping, and HAB monitoring. While Chaetoceros fingerprints were 
more variable between these wavelengths, visual assessments and clus-
tering algorithms were still able to distinguish between the fingerprint 
of Chaetoceros, the second most abundant diatom, and Pseudo-nitzschia.

Unsupervised clustering algorithms (Fig.  5 and Figure S2, sup-
plumetnal materials) successfully isolated the unique spectral finger-
prints of Pseudo-nitzschia from those of Thalassiosira and Chaetoceros. 
These algorithms proved robust and versatile, successfully classifying
Pseudo-nitzschia’s fingerprint regardless of spectral permutations (full 
spectral range or subset spectra, raw spectra or the second deriva-
tive, smoothed spectra or unsmoothed). Clustering algorithms’ success 
with these fingerprints suggests an automated spectral classification 
framework will be able to distinguish between monospecific or near 
monospecific blooms of the most common diatoms and Pseudo-nitzschia
using the PACE satellite.
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(a) Mean-normalized reflectance fingerprints.

(b) All reflectance fingerprints in a 2 × 2 grid.

Fig. 4. Twenty-two reflectance spectra of the four diatom genera measured in this experiment: Asterionellopsis (AG) is purple, Chaetoceros (CA) is yellow, Pseudo-
nitzschia (PN) is orange, and Thalassiosira (TR) is blue. Each spectrum is the mean value of hundreds to thousands of absorption and backscatter measurements 
(for each 𝜆𝑖), converted to reflectance spectra using Eq.  (3).
4.1. Importance of backscatter

These experiments reveal the importance of integrating measured 
spectral backscatter into ocean color models. Rethinking the assump-
tion that spectral backscatter is relatively featureless, being either flat 
or a monotonic function, may help us to disentangle the complexity of 
Case-2 waters (optically-complex waters influenced by terrigenous in-
puts, namely CDOM and sediments). Under the assumption of spectrally 
flat backscatter, reflectances are merely the inverse of absorption (Fig. 
8). Spectral shapes in these ‘pseudoreflectances’ are nearly identical, 
with no translational differences between spectral features and only 
minor changes in the FWHM of peaks at 600 nm. Meanwhile, the 
variability and features seen in Fig.  4 highlight the complexity of 
parameters that define the spectra of backscatter: unique shapes, sizes, 
and intracellular structures. It is due to the unique morphological 
features, stemming from the great diversity of the diatoms, that the 
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complexity in the spectral shapes of backscatter — and consequently, 
reflectance fingerprints — enables the identification of Pseudo-nitzschia
from other diatom assemblages.

Our results indicate that absorption-based models are unlikely to 
discern Pseudo-nitzschia in mixed diatom assemblages, while
reflectance-based models that integrate spectral backscatter have po-
tential. This is because spectral backscatter presents unique features 
and shapes (Fig.  2). Modeling the backscatter of these diatom’s complex 
frustule geometries and intracellular structures is prohibitively com-
putationally intensive, making direct attribution of individual spectral 
features to morphologies challenging. However, we hypothesize that 
the continuous increase of backscatter coefficients in bluer wavelengths 
for Chaetoceros is due to the presence of many thin setae (spines) whose 
small size should preferentially scatter shorter (bluer) wavelengths 
of light. A similar increase in backscattering coefficients of bluer 
wavelengths is observed for Thalassiosira, due to the presence of many 
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Fig. 5. All reflectance spectra clustered using the k-means algorithm for k = 3. Pseudo-nitzschia is abbreviated as ‘PN’, Chaetoceros as ‘CA’, Thalassiosira as ‘TR’, 
and Asterionellopsis as ‘AG’. The number following the two letter phytoplankton ID code corresponds to the replicate culture number; ‘bb’ refers to backscatter. 
Therefore, PN1bb/PN2 corresponds to the backscatter spectra of the first replicate culture of Pseudo-nitzschia divided by the absorption spectra of the second 
replicate culture of Pseudo-nitzschia. Measured spectra are shown semi-transparent while the derived mean of each cluster is opaque. Ignoring Asterionellopsis (only 
one sample), the clustering algorithm successfully classified all taxa.
Fig. 6. Second derivatives of mean-normalized reflectance spectra, computed using a Savitzky-Golay filter with a 13-point window and fourth-order polynomial. 
Each line represents the second derivative of one modeled reflectance fingerprint from Fig.  6.
small chitinous thread structures which adorn the frustule (Tran et al., 
2023). Many of these threads are joined together in the center of the 
frustule to bind Thalassiosira cells in chain formations. We propose that 
chitins’ increased absorption in blue–green wavelengths (Azofeifa et al., 
2012), relative to silica, makes these thread structures less efficient 
backscatters than setae. The varying efficiencies of backscatter for 
these distal structures may explain the observed differences in Fig. 
2(a) between Thalassiosira and Chaetoceros in blue–green wavelengths. 
We note that natural populations of Asterionellopsis glacialis often have 
large siliceous spikes, similar to Chaetoceros setae, however in our 
cultures the length of these spikes were reduced compared to natural 
samples. This may explain why Asterionellopsis does not have the 
same high backscatter coefficients in blue wavelengths as Chaetoceros
and Thalassiosira. However, both Chaetoceros and Thalassiosira possess 
numerous setae or threads per cell, whereas Asterionellopsis has but a 
single, large spike per individual. As a result, the backscatter spectrum 
of Asterionellopsis in blue–green wavelengths may be more strongly 
influenced by absorption features — the Soret band and fucoxanthin 
— than by elevated backscatter from a single siliceous spike, leading 
to the spectral shape observed in Fig.  2.

The peak in backscatter for all species past 660 nm (Fig.  2(a)) 
is likely due to inelastic scatter in the form of fluorescence, rather 
than true backscatter. This fluorescence signal results from the large 
FWHM (∼25 nm) of light emitted and accepted by the HyperBB in 
red wavelengths. Past 660 nm, the HyperBB efficiently excites phyto-
plankton photosystems due to a high absorption coefficient from the 
7 
chlorophyll Qy band. Some of the absorbed photons are subsequently 
re-emitted by the phytoplankton at slightly redder wavelengths as 
fluorescence, which are then detected by the instrument and registered 
as backscatter. This effect appears to be an instrument-specific artifact 
of the HyperBB’s detection window, rather than a property of phyto-
plankton scattering itself. Nevertheless, agreeing with the postulates 
of Bricaud, Morel, and Prieur, 1983, the backscatter spectra presented 
more spectral complexity and shape, and therefore information, than 
the spectra of total scatter alone (Fig.  2 versus supplemental materials, 
Figure S1).

4.2. Orientation of cells

During these experiments, diatoms were measured in a turbulent 
environment that randomized their orientation. Since these taxa have 
complex, non-spherical shapes, stochastic orientation creates a plethora 
of apparent sizes and shapes (cross-sectional areas and geometries, 
relative to the incoming light source and detector). These apparent 
shapes and sizes will affect the optical properties of the cells (Marcos 
et al., 2011).

We observed an increase in the variability of backscatter coefficients 
with bluer wavelengths in all taxa, but especially Pseudo-nitzschia. Mie 
theory — which can be used to derive the optical properties of a 
single, homogeneous sphere — offers an explanation, citing backscatter 
coefficients of bluer wavelengths to be more sensitive to changes in 
apparent size (Mie 1908; Bohren and Huffman 2004; Van de Hulst
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Fig. 7. Pairwise spectral similarity among reflectance fingerprints over 550–600 nm, calculated using the Spectral Correlation Mapper applied to the second-
derivative spectra from Fig.  6. Cell values are Pearson correlation coefficients, with values approaching 1 indicating greater spectral similarity. Red indicates 
higher similarity and blue indicates lower similarity. The black boxes highlight comparisons between the fingerprints of Pseudo-nitzschia (PN) and Chaetoceros
(CA), Thalassiosira (TR), and Asterionellopsis (AG), in descending order—summarized in Table  2.
Table 2
Mean spectral differences between Pseudo-nitzschia and other genera, 
with standard deviations.
 Mean difference and standard deviation of spectral fingerprints:
Comparing Pseudo-nitzschia and other diatoms

 Taxa Pseudo-nitzschia spp.  
 Chaetoceros affinis 29% ± 13%  
 Thalassiosira rotula 48% ± 10%  
 Asterionellopsis glacialis 34% ± 7%  

2012). Mie’s derivations are based on spherical particles, which do not 
adequately represent the complex morphologies of diatoms examined 
here. However, backscatter coefficients and spectral features for com-
plex (non-spherical) particles are poorly constrained (Clavano et al., 
2007), making Mie theory an imperfect but indispensable framework 
for inference in particle–light interactions.

Hence, we theorize that the large variability in backscatter coeffi-
cients for bluer wavelengths is due to changes in apparent size. This 
is supported by Pseudo-nitzschia’s backscatter spectra, which possess 
the greatest variability of all backscatter spectra in this study, espe-
cially for bluer wavelengths. Accordingly, Pseudo-nitzschia cells present 
the largest differences in apparent size between the apical axis and 
top-down, valve-apex view. The apical axis presents a large cross-
sectional area when facing the light-source and detector, an oblate 
spheroid. While in a top-down view of the valve-apex, even Pseudo-
nitzschia forming long chains present but a small, nearly spheroid, 
cross-sectional-area to the sensor. This small, spherical cross section 
would elevate backscatter in bluer wavelengths, while reducing overall 
scatter (Mie 1908; Marcos et al. 2011). The difference in apparent 
size between apical and valve-apex views of Pseudo-nitzschia is greater 
than that of any other diatom sampled in this experiment and will 
increase multiplicatively with chain length. Indeed, due to Pseudo-
nitzschia’s unique chain morphology, this difference in apparent size, 
8 
Fig. 8. Mean-normalized pseudoreflectance spectra calculated as 1∕𝑎(𝜆), il-
lustrating the spectral shapes expected when backscatter is assumed to be 
spectrally flat. Here, 𝑎(𝜆) is the measured absorption coefficient. Lines show 
median spectra for each genus and shaded ribbons show one standard devia-
tion.

and the resulting variability in backscatter coefficients, is likely higher 
than the vast majority of other marine phytoplankton, excluding a 
few pennates with similar morphologies and chain-formation patterns 
(e.g. Rhizosolenia). In a turbulent medium (e.g. our inline system) 
where orientation is randomized, the direct valve-apex view will be 
significantly less probable than some angle of the planar view.

In their natural environment, cells are often assumed to be well 
mixed in the euphotic zone, but this is not always the case. During 
periods of laminar flow or stratification, some phytoplankton will 
orient themselves to the currents or sunlight, respectively (Karp-Boss 
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and Jumars 1998; Nayak et al. 2018). Aligned orientation alters the 
apparent cross-sectional area of cells and can substantially modify 
both the magnitude [sometimes by more than 30% (Marcos et al., 
2011)] and spectral characteristics of backscattered light. The optical 
effects of orientation will be most strongly expressed in the polarization 
of backscatter. Multi-angle polarimetry from platforms such as PACE 
offers a way to assess orientation-dependent scattering and polarization 
in natural assemblages, helping to constrain uncertainties associated 
with phytoplankton taxonomic retrievals.

4.3. Distance metrics and proposed use

To quantify differences between spectra, we used the distance func-
tion SCM. Compared to other distance functions, SCM is easy to inter-
pret [Pearsons’ correlation coefficient (r)] and insensitive to changes 
in magnitude, while still responsive to differences in spectral shape 
(de Carvalho Júnior and Meneses, 2000). Spectral Correlation Mapper 
performed best after applying the second derivative to the reflectance 
fingerprints as spectral features were accentuated. This quantifica-
tion of spectral differences is important for establishing baselines to 
compare ocean color data to modeled reflectance fingerprints.

The low standard deviation between mean reflectance fingerprints 
of Pseudo-nitzschia replicates (1%, Fig.  7) suggests that stringent cutoffs 
can be applied when looking for Pseudo-nitzschia-dominated blooms. 
Differences between the most abundant diatoms and Pseudo-nitzschia
ranged from 29 to 48% (Table  2). Thus, when comparing ocean color 
data to the modeled fingerprints of Pseudo-nitzschia, the threshold 
for similarity between in-situ and modeled spectra should be greater 
than 71%. Ocean color datasets can be flagged for pixels with high 
spectral similarity to the modeled reflectance fingerprints, providing 
an automated and scalable framework.

These distance metrics perform best under bloom-conditions when 
the optical properties of the dominant phytoplankton are the primary 
contributor to ocean color. Removing the reflectance spectrum of pure 
water from the ocean color signal should produce a spectrum that 
closely matches the modeled fingerprints—if the bloom is dominated 
by one of these modeled taxa.

However, there will be greater spectral variation in natural sam-
ples due to mixed assemblages and other optically active components 
(colored dissolved organic matter (CDOM), detritus, sediments). This 
variability will make it difficult for distance metrics to select pix-
els where key phytoplankton groups are present, as the influence of 
other optically active components will shift the spectral shape further 
from that of the modeled fingerprints. Fortunately, the spectral shapes 
of CDOM and detritus are generally featureless, monotonic functions 
in visible wavelengths (Aurin et al., 2018). Additionally, while the 
optical signatures of CDOM and detritus can have significant influ-
ence on the magnitude of ultraviolet and blue wavelengths, these 
spectral regions are ignored in this proposed framework for diatom 
identification. Corrections can also be made to account for CDOM 
contributions using widely-accepted remote sensing algorithms (e.g. 
Zhu et al. 2011; Aurin et al. 2018; Bélanger et al. 2008; Lee et al. 2009). 
The resuspension of sediments in the nearshore environment will be 
more difficult to account for, as the reflectance of these materials align 
with the yellow–orange wavelengths (560–630 nm) used for Pseudo-
nitzschia identification. This may prevent identification in turbid estu-
aries and the very immediate nearshore environment. However, these 
spaces account for a small fraction of the total area within upwelling
systems.

The primary obstacle in diatom identification will be the competing 
optical properties of mixed assemblages. While distance metrics should 
still be used to pull out pixels (spatial bins) with high similarity to 
modeled fingerprints, this should be followed up with further analysis 
into the spectra of pixels that do not pass the similarity threshold. 
This can be done by first using a clustering algorithm to subset the 
region of interest into ‘𝑘’ bins with similar spectral shapes. From these 
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𝑘-bins a visual analysis or band ratios near 570 and 585 nm may 
be used to identify Pseudo-nitzschia within mixed assemblages. The 
competing optical properties of many unique phytoplankton taxa may 
denature the structure of the in-situ reflectance too much for distance 
metrics to discern. However, if Pseudo-nitzschia is present in sufficient 
concentration, the distinct ‘M’-shape seen in Fig.  4 should be present.

Inverse models and hyperspectral libraries will benefit from future 
studies investigating the detection limits of unique taxa within mixed 
community assemblages, as well as additional measurements of taxa-
specific hyperspectral backscatter. As higher spectral resolution and 
lower bandpass sensors become available, specifically open-source and 
accessible tools (e.g. Novak et al. 2024), we anticipate other genus-
specific spectral features to become known. This will further constrain 
uncertainties in ocean color models including the model proposed in 
this study.

4.4. Integration with existing monitoring frameworks

The California—Harmful Algae Risk Mapping (C-HARM) model was 
developed to combat the uncertainty in Pseudo-nitzschia’s presence and 
variable toxin production along the California coast (Anderson et al. 
2006, 2009, 2011, 2016). California—Harmful Algae Risk Mapping 
integrates regional ocean circulation and statistical models with remote 
sensing data to provide forecasted predictions for the presence of toxic
Pseudo-nitzschia. The remote sensing data integrated into the model pre-
dicts Pseudo-nitzschia cellular abundance using the ratio of reflectance 
from 488 to 555 nm, while the intensity of reflectance at 555 nm 
is coupled with reflectance-derived chlorophyll and other products 
to estimate toxin concentration. These remote sensing products and 
bands, while useful correlative variables within the Southern California 
Current, are not strictly tied to Pseudo-nitzschia. Hence, extrapolation 
to higher latitudes within the California Current may be less reliable if 
the biogeochemical relationships to Pseudo-nitzschia and its toxicity are 
dynamic.

The PACE satellite’s hyperspectral resolution will allow us to better 
target the spectral regions of interest identified above—providing an 
optical proxy directly tied to the inherent optical properties of Pseudo-
nitzschia itself. We anticipate that these findings can augment the 
current C-HARM model by integrating hyperspectral genus-specific 
fingerprinting using PACE data. This may increase C-HARM’s skill 
when extrapolating to new environments, e.g. the Northern California 
Current (Oregon, Washington, British Columbia). This is especially 
important because these more temperate zones must be sampled for
Pseudo-nitzschia and domoic acid with greater frequency than Central 
and Southern California, due to strong seasonality and rapid bloom 
progression (Frolov et al., 2013). This direct spectral pathway for 
detection may further allow the extrapolation of this approach to other 
systems where Pseudo-nitzschia is present in harmful concentrations.

4.5. Conclusion

In this study, we measured the hyperspectral backscatter coeffi-
cients of the dominant diatom genera within the California Current, 
including the region’s most prominent HAB genera, Pseudo-nitzschia. 
Hyperspectral reflectances were then modeled and spectral differences 
derived through quantitative comparison. Our results support future 
algorithm development using remote sensing for the identification of 
harmful Pseudo-nitzschia blooms, particularly using hyperspectral obser-
vations from missions such as NASA PACE. This capability may be used 
to inform local agencies of HAB events in near-real time and facilitate 
targeted in-situ sampling of toxin levels.

While additional field-based studies will be necessary to validate 
the fingerprints derived from these experiments, our data provide 
evidence that significant differences exist in the spectral shapes of these 
key plankton that are sufficient to discern between them using the 
methods provided. These results offer a new approach for monitoring 
biodiversity and detecting harmful algal blooms.
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