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HIGHLIGHTS GRAPHICAL ABSTRACT

e Proposed a protocol to fill the gap in the

monitoring of microalgae biofilm
systems. MICROALGAE BIOFILM REFLECTANCE SPECTROSCOPY
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destructively quantify biofilm traits.
o Identified reflectance indices that accu-
rately tracked biofilm trait dynamics. MONITORING PROTOCOL
e Robust prediction of astaxanthin under

! : > . BAND IDENTIFICATION MODEL SELECTION VALIDATION & PREDICTION
different light and nutrient conditions. — o Moasured
. I o # Predicted e
g [ = - —'
= [ s = -~
s .
gl = . 5
s ' v £ c /
2 ' o % % /
% i | @ a| /
[ | % /s
B /
L ¢
Wavelengths (nm) Reflectance Indices (RI) Time
ARTICLE INFO ABSTRACT
Keywords: Biofilm-based cultivation systems are emerging as a promising technology for microalgae production. However,
Astaxanthin efficient and non-invasive monitoring routines are still lacking. Here, a protocol to monitor microalgae biofilms

Haeamatococcus pluvialis
Rotating Biofilm
Reflectance Indices
Spectroscopy

based on reflectance indices (RIs) is proposed. This framework was developed using a rotating biofilm system for
astaxanthin production by cultivating Haematococcus pluvialis on cotton carriers. Biofilm traits such as biomass,
astaxanthin, and chlorophyll were characterized under different light and nutrient regimes. Reflectance spectra
were collected to identify the spectral bands and the RIs that correlated the most with those biofilm traits. Robust
linear models built on more than 170 spectra were selected and validated on an independent dataset. Astaxanthin
content could be precisely predicted over a dynamic range from 0 to 4% of dry weight, regardless of the
cultivation conditions. This study demonstrates the strength of reflectance spectroscopy as a non-invasive tool to
improve the operational efficiency of microalgae biofilm-based technology.

1. Introduction various markets seeking interest in renewable resources and green
economy. Compared to terrestrial plants they exhibit higher growth
Microalgae are a versatile source of high-value compounds for rates and can thrive in challenging geographic areas that would
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otherwise be unfavorable for traditional crops (Moody et al., 2014).
However, despite its potential, microalgae farming at an industrial scale
remains a small niche in the market economy, primarily due to the high
energetic costs associated with both upstream (e.g. cultivation) and
downstream processes (Barkia et al., 2019). To tackle this limitation,
significant research efforts have been directed towards improving
cultivation systems (Assuncao & Malcata, 2020) and developing a bio-
refinery approach for biomass valorization (Slegers et al., 2020).

Concerning the cultivation systems, two distinct technologies can be
distinguished. While the classical photobioreactors (PBRs) and raceways
have been long established, where microalgae grow suspended in a
liquid medium (i.e., planktonic state), a more recent advancement has
been the development of biofilm-based technologies. This new approach
exploits the microalgae’s ability to develop biofilms, allowing them to
grow attached to a substrate (Moreno Osorio et al., 2021). By using
lower medium volumes and by simplifying harvesting, biofilm-based
technologies enable higher biomass yields, resulting in a more energy
and cost-efficient process (Morales et al., 2020; Podola et al., 2017)

Regardless of the cultivation technology, efficient monitoring of
microalgae culture conditions is of paramount importance. Particularly,
the monitoring of biological features (e.g. biomass and cell traits) is the
most challenging due to the absence of easy-to-use on-line/in-line sys-
tems (Havlik et al., 2022). Monitoring is currently carried out destruc-
tively by taking samples off-line, which can be time-consuming, can lead
to contaminations, and is unsuitable for continuous monitoring or direct
process control (Sa et al., 2022). To address these limitations, recent
technological advancements have enabled the integration of optical
methods for in situ monitoring. Techniques such as UV-Vis, fluorescence
and vibrational (FTIR and Raman) spectroscopy provide accurate and
rapid detection for monitoring biomass and cellular compounds in
classical PBRs (Lieutaud et al., 2019; Liu et al., 2021).

However, with the emergence of biofilm-based systems, novel non-
invasive monitoring tools for microalgal biofilms need to be devel-
oped. Due to the non-transparent nature of the carrier utilized in
biofilm-based systems (i.e. textile fabrics; Mantzorou & Ververidis,
2019), reflectance-based techniques would be preferred over
transmission-based configurations. In this context, remote sensing
technology, established since decades in precision agriculture (Walsh
et al., 2020), could be adapted to microalgae biofilm farming. Histori-
cally, remote sensing has been successfully used to monitor phyto-
plankton in oceans (Blondeau-Patissier et al., 2014), and to characterize
natural biofilm communities such as microphytobenthos (MPB)
(Méléder et al., 2020). From a commercial point of view, this sensing
technology has proven to be an effective tool in smart farming, including
plant phenotyping (Mishra et al., 2020), and monitoring crop yield and
nutritional status (Sishodia et al., 2020), suggesting its potential for
microalgae biofilms in process monitoring.

Microalgal biofilms and plant leaves share several traits, such as
pigment signatures and a complex 3D cell organization into layers
(Fanesi et al., 2019), which results in similar reflectance patterns. Given
their analogous architectural organization and structure, we hypothe-
sized that reflectance indices (RIs) typically utilized to estimate vege-
tation characteristics in higher plants, might be adapted for monitoring
microalgal biofilm systems.

Reflectance technology (hyperspectral/RGB cameras and reflectance
spectroscopy) has been employed to monitor natural biofilm assem-
blages but, to the best of our knowledge, it has never been tested on
microalgal biofilms developed for biotechnological purposes. Under
process conditions, biomass and compounds reach higher areal densities
than those recorded for natural communities (Launeau et al., 2018), and
new RIs must be developed to predict target molecules of interest. For
instance, the light behavior within the complex 3D structure of biofilms
and the presence of extracellular polymeric substances may hinder the
utilization of the classical RIs (Decho et al., 2003). Therefore, devel-
oping a monitoring protocol that is effective across various biofilm traits
and validated regardless of the growing conditions (nutrients, light, and
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maturation stage) is crucial for the reliable monitoring and control of
biofilm-based processes.

This study aims to demonstrate how reflectance spectroscopy and RIs
can non-invasively monitor a wide dynamic range of biomass and
pigment content in Haematococcus pluvialis within a rotating biofilm-
based system. H. pluvialis was selected as the experimental organism
due to its significant changes in pigments, structure and composition
throughout its complex life cycle, specifically during astaxanthin pro-
duction (Shah et al., 2016).

2. Materials and methods
2.1. Experimental setup and biofilm traits

All cultivation protocols for planktonic cultures and biofilm culti-
vation in the rotating system are detailed in Morgado et al. (2023).
Briefly, planktonic cultures of Haematococcus pluvialis CCAC 0125 from
the Central Collection of Algal Cultures (CCAC) at the University of
Duisburg-Essen (UDE), Cologne, Germany, were grown in two batch
reactors (2-L each) for 7 days and used as the inoculum for the rotating
biofilm system. This system consisted of four rotating cylinders where
cotton carriers were employed for biofilm growth, allowing for the
monitoring and modulation of pH, light, and nutrient conditions over
time.

The effect of several growth conditions was explored by employing a
two-stage cultivation strategy over 15 days. Initially, all four reactors
were maintained under nitrogen-replete (N-replete) conditions for 7
days (so-called green stage) and exposed to two different photosynthetic
photon flux densities (PPFDs): two reactors were maintained at 50 umol
m~2 57! and the other two at 200 umol m~2 51, Subsequently, the PPFD
was increased to either 400 or 800 ymol m~2 s~} and the nitrogen
regime was changed. To induce the red stage, two of the reactors were
switched to N-deplete conditions, while the remaining were maintained
under N-replete conditions. The biofilm traits of interest were biomass,
astaxanthin and chlorophyll areal densities (g m~2) and astaxanthin and
chlorophyll content (as a percentage of dry weight, % DW). To charac-
terize these traits over time, sampling was conducted at consistent in-
tervals of time during the 15-day experiment, beginning on day 0 (4 h
after inoculation). At each time point, a cotton carrier from each reactor
was harvested, and the biofilms were re-suspended for dry weight esti-
mation and pigment (chlorophyll a and b, and astaxanthin) quantifica-
tion. The data about biofilm traits (i.e. dry weight and pigments)
reported and utilized in this study were sourced from Morgado et al.
(2023) (see summary in Table 1).

2.2. Reflectance spectroscopy

The overall pipeline of analysis developed to select predictive models
for the monitoring of microalgae biofilm traits is reported in Fig. 1.

To investigate the relationships between reflectance spectra and
biofilm traits, the cotton carriers with the biofilms were first scanned
using a spectrometer (FLAME-S-VIS-NIR-ES, Ocean Insights), equipped
with a 400-um diameter fiber optic (QR400-7-VIS-NIR, Ocean Insights)
and a 20 W tungsten halogen light source (HL-2000-FHSA, Ocean In-
sights). The halogen lamp was warmed up for at least 15 min before

Table 1
Ranges of selected biological traits investigated for H. pluvialis biofilm (number
of samples n = 174).

Biofilm traits Unit Min Max Range
Biomass Areal Density gm > 2.45 72.66 70.21
Astaxanthin Density gm2 0.002 1.713 1.711
Astaxanthin Content % DW 0.1 4.0 3.9
Total Chlorophyll Content % DW 0.4 2.3 1.9
Chlorophyll Density gm™2 0.04 1.01 0.97
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Fig. 1. Workflow depicting the protocol utilized to develop and evaluate the regression models based on reflectance spectra. Initially, biofilm traits were quantified
in parallel with the acquisition of reflectance spectra (1). Next, spectral analyses were conducted to identify relevant bands (A and B) and construct reflectance
indices (2). These indices were then utilized to develop and calibrate linear models, selecting the best indices for each biofilm trait (3). Subsequently, the models were

validated on an independent dataset to evaluate their predictive performances (4).

starting the measurements, and the reflectance probe was fixed to a
stand to have the tip of the sensor at 1 cm and at 90 degrees from the
biofilm, corresponding to an approximate measured area of 0.5 cm?
Before the measurements, a white reference corresponding to 100 %
reflectance was recorded (WS-1-SL Spectralon Reflectance Standard,
Ocean Insights) and the dark current noise subtracted. The spectra were
measured from 350 to 1000 nm. For the acquisition of each spectrum,
the following parameters were set in OceanView 2.0 (Ocean Insights)
spectroscopy software: integration time of 30 ms, 20 accumulations, and
a boxcar width of 5. For each sample (biofilm on cotton), 18 positions
were measured covering the whole surface of the biofilm. The resulting
spectra from each cotton carrier were averaged to obtain one repre-
sentative spectrum for each sampling day (see supplementary material).

2.3. Spectral bands and indices selection

Reflectance indices (RIs) are calculated using the reflectance in the
visible (blue, green, red and red edge regions; 400-700 nm) and in the
near-infrared (NIR; 700-1000 nm) spectral regions. To identify the most
appropriate RIs for monitoring biomass and pigments in H. pluvialis

biofilms, the spectral bands most closely correlated with these biofilm
traits were identified by dissecting the reflectance spectra into broad and
narrow bands.

In the broad bands approach, the spectra were partitioned into
multiple bands from the visible to the NIR ranges, specifically in ranges
of 100 and 50 nm bandwidth (the specific ranges are reported in
Table 2). Subsequently, the spectra of H. pluvialis were closely examined
to select specific wavelengths. This was achieved by computing Pear-
son’s correlation coefficient between wavelengths and each response
variable (biofilm traits). Additionally, the second derivative of the
spectra was calculated using the Savitzky-Golay filter, amplifying
spectral inflections and enhancing the detection of small spectral
variations.

Several RIs have been proposed and used in the literature (see
Sishodia et al., 2020; Xue & Su, 2017). Employing a method previously
used by Atzberger et al. (2015), all possible two-pairs combinations of
the selected spectral bands were computed to determine the best RIs.
This approach utilizes the most common RIs formats: Difference Index
(D-Index), represented by A-B; Ratio Index (R-index), represented by A/
B; and Normalized Difference Index (ND-Index), represented by (A-B)/



D. Morgado et al.

Table 2
All A- and B-bands used in the two-pair combinations to compute the reflectance
indices.

Vis-NIR spectra Type Reflectance Bands* Wavelengths (nm)
Blue B Rpiue 400 - 500
Relue1 400 - 450
RBlue2 450 - 500
Green B RGreen 500 - 600
Rareen1 500 - 550
Rsas 522 - 528
Rgreen2 550 - 600
Rse3 560 - 566
Red A and B Rged 600 - 700
RRed1 600 - 650
Re37 634 - 640
RRed2 650 — 700
Re7s 675 — 681
Red-Edge A RRed Edge 700 - 800
RRged Edge1 700 - 750
R71s 712 -718
RRed Edge2 750 - 800
NIR A Rnir 750 - 900
Rniri 800 - 900
Rnir2 800 - 850
Rnirs 850 - 900

*R: Reflectance band used in the reflectance index.

(A + B), where A and B are specific bands of the reflectance spectra (see
Table 2). The NDVI (Normalized Difference Vegetation Index; Ryir-Rged
/ RNIR + Rged, Rouse, 1974), one of the first and still most commonly
used RI utilized as an estimate of plant or algae biomass in the literature,
was also computed for comparison.

To ensure meaningful and non-inverted correlations, the red
(600-700 nm), red-edge (700-800 nm) and NIR (750-900 nm) regions
were selected as A-bands, while the blue (400-500 nm), green (500-600
nm), and red (600-700 nm) regions were selected as the B-bands.

2.4. Statistics

All computations were conducted in the R environment 4.3.1 (R Core
Team, 2022) and Python 3.9.13. For each index-biofilm trait combina-
tion, a linear regression was computed to identify the indices that best fit
the biofilm traits, and logarithmic transformations of the traits were also
performed to account for non-linear patterns (number of samples n =
174). The goodness of fit for each calibration was assessed using the
coefficient of determination, R A heatmap, based on the R? values of
each regression, was also performed to visualize common behaviors of
the RIs as a function of the biofilm traits. Once the calibration with the
highest R? was identified for each trait, its predictive capabilities were
assessed on an independent validation set (n = 22), consisting of addi-
tional assays (50, 200 and 400 PPFD with N-replete and N-deplete)
performed as described in the experimental setup section. The predictive
performance of the linear regressions was based on several metrics,
including the R?, the root square mean error of prediction (RMSEP), the
normalized RMSEP (nRMSEP) based on the difference between the
maximum and minimum observed measurements, and the residual
predictive deviation (RPD). All layouts were generated in Inkscape 1.3
(Harrington et al., 2003).

3. Results and discussion
3.1. Spectral analyses

Reflectance spectroscopy is one of the main remote sensing tech-
niques used in smart agriculture for monitoring plant growth and health,
and optimizing production processes (Walsh et al., 2020). The imple-
mentation of this monitoring technique could lead to an efficient and
“smarter” way of farming microalgae biofilms, which could provide an
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integrated and holistic approach to agriculture and microalgae pro-
duction (Lim et al., 2022).

A representative example of spectral dynamics is reported in Fig. 2
for the biofilms grown at 200 pmol m 2 s™%, and then subjected to 400
pmol m~2 s~ under N-replete and N-deplete conditions. The reflectance
signatures of H. pluvialis biofilms were strongly impacted by the nutrient
and light conditions. The extraction of each reflectance band (see sup-
plementary material) revealed that during early maturation stages of the
biofilms, the reflectance in the blue, green, and red regions, decreased
(from 20 to 10 %), while the red-edge and NIR remained constant at
30-35 %. From day 7, when the biofilms were N-replete (green stage),
the reflectance in the green and blue regions further decreased to 5 %,
while the reflectance in the red region decreased to 10 %. The red edge
did not remarkably change and the NIR increased over time from 30 to
45 %. Similarly, when the biofilms were N-deplete (red stage), the
reflectance in the blue and green also decreased to 5 % and the NIR
reached 45 % on day 15. However, there was a clear shift in the red and
red-edge bands, which increased from 10 to 15 % and from 30 to 40 %,
respectively.

These spectral patterns could be compressed using RI which are
efficient parameters that can be used to simplify complex reflectance
information (multivariate spectral dataset) for predicting biological
traits of photosynthetic organisms (Myneni et al., 1995). Typically, these
are calculated as a combination of an absorbing and non-absorbing band
(e.g. Vis and NIR, respectively) (Huete, 2012) (referred to here as A- and
B-bands). The classical approach for indices formulation relies on the
combination of broad spectral ranges (50-100 nm bandwidth) known
from the literature (Hennessy et al., 2020). In this study, both classical
spectral ranges (blue, green, red, red-edge and NIR regions; 50-100 nm
bandwidth) and more specific bands were combined in three RIs formats
to describe the traits of H. pluvialis biofilms and increase the sensitivity
to detect specific compositional changes (Hansen & Schjoerring, 2003).

The selection of specific bands was based on Pearson’s correlation
coefficient and 2nd derivatives analysis. Fig. 3 shows that the reflectance
in the NIR region (750 — 900 nm) was positively correlated with biomass
(r = +0.9) and chlorophyll areal density (r = +0.7), while the green
region (500 — 600 nm), specifically the wavelength 563 nm, were found
to be negatively correlated (r = -0.75). The correlation spectra for
chlorophyll and astaxanthin content were mirrored (Fig. 3). These
findings align with the literature, where the chlorophyll:carotenoids
ratio is a widely used metric for monitoring astaxanthin accumulation
and as a stress indicator in microalgae (Solovchenko, 2023). The green
region (500 — 600 nm), and in particular the wavelength 563 nm, was
positively correlated with chlorophyll (r = +0.5), while negatively
correlated with astaxanthin (r = -0.5). The red-edge and NIR regions
(700 - 900 nm), and more specifically the wavelength 715 nm, were
found to be positively correlated with astaxanthin (r = 40.8) and
negatively correlated with chlorophyll (r = -0.8).

The second derivative transformation of the green and red stages
spectra also highlighted other interesting bands and inflection points
that changed over time (see supplementary material). The wavelengths
420, 525, 637 nm were found to be the most relevant to these changes.
Additionally, the wavelength 678 nm was also chosen, a spectral region
commonly used in other reflectance studies to represent chlorophyll
(Yang et al., 2017). Overall, 21 bands were identified and selected as
reflectance A- and B-bands implemented in the RIs to predict H. pluvialis
biofilm traits (Table 2).

3.2. Reflectance indices

Considering all combinations of 21 bands (164), indices formats (3),
and data transformations (In, non-In) on five biofilm traits, a total of
4920 linear regressions were performed. A heatmap was generated to
provide a comprehensive overview of all combinations and the corre-
sponding R? values for each regression model (Fig. 4).

Five calibrations were selected, and the results showed that the D-
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index was the most effective RI for estimating biomass and astaxanthin
areal density (g m_z) as well as astaxanthin content (% DW). The ND-
index fit, at best, the total chlorophyll content and areal density. While
the format of a given RI may help to linearize and/or normalize re-
lationships, the trait-related information encoded by each index is
dependent on its spectral bands.

3.2.1. Trait-specific bands

Among the 21 bands selected, only 7 were required to precisely
capture the dynamic of all biofilm traits. These spectral bands were
clearly trait-specific, in agreement with studies on higher plants (Sish-
odia et al., 2020). Considering the A-band, it can be seen from the
heatmap (Fig. 4) that density-related traits such as biomass, astaxanthin
and chlorophyll were best described by indices with NIR or red-edge as
the reference A-band (see color annotations for the bands). This obser-
vation is not surprising, given that the NIR region is not influenced by
photosynthetic pigments and might reflect the biomass and possibly the
structure (e.g., thickness) of a biofilm. Indeed, NIR sensitivity to the
increasing biomass in plants is attributed to an enhanced reflectance due
to multiple scattering of light as vegetation layers grow (Ustin & Jac-
quemoud, 2020). Additionally, from a structural point of view, leaf
mesophyll thickness has been reported to positively correlate with NIR
reflection (Ollinger, 2011).

On the other hand, total chlorophyll and astaxanthin content (% of
DW) was best described by RIs containing A-bands represented by either
narrow or broad bands in the red region of the spectra (600-650 nm).
Under high-light and N-deplete conditions, astaxanthin accumulation
and chlorophyll decrease resulted in a complex reorganization of the
spectral signatures of H. pluvialis (Morgado et al., 2023), comparable to
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band type combination, facilitating the visual identification of the most strongly correlated RI clusters with biofilm traits.

those described for leaves accumulating anthocyanin (a protective
carotenoid in higher plants) (Gitelson et al., 2006; Mielke et al., 2012).
The accumulation of astaxanthin (absorption peak at around 480 nm)
led to a decrease in reflectance in the green, while the loss of chlorophyll
contributed to an increase in reflectance in the red and red-edge regions.
This caused the formation of a well-defined band at around 637 nm
(Fig. 2), which could be used as the reference A-band to accurately
describe the trends of pigment content in the biofilms.

Differently from the A-band, the B-band was not trait-specific and,
regardless of the trait and index format, was mainly (in four out of five
indices) represented by the green region, either in the form of broad
(550-600) or narrow band (Rsps). In microalgae, reflectance in this
window is attributed to the “green gap,” a region in the electromagnetic
spectrum where chlorophylls and carotenoids weakly absorb light,
resulting in a consistent amount of reflected light (Schulze et al., 2014).
For density-related traits, as the biomass areal density increased, green
reflectance consistently decreased until day 15 under both nitrogen
conditions and irrespective of the PPFD used (Fig. 2 and supplementary
material). This phenomenon may be attributed to changing optical
properties of the biofilms as they grow and mature. It is described in
higher plants that leaves become optically denser due to a higher
packing of pigments per unit area, leading to a greater absorption of
light and lower reflectance in the green (Hansen & Schjoerring, 2003).
As for the quantification of pigments, the observed decrease in green
reflectance is primarily attributed to the increasing accumulation of
astaxanthin within the biofilm, aligning with the trends previously

discussed.

3.2.2. Condition-dependent bands

In this study, the red band was strongly condition-dependent: when
the light was increased and the biofilms were N-deplete, they displayed a
higher reflectance than that of N-replete biofilms (Fig. 2 and supple-
mentary material). This divergent pattern made classical approaches,
such as employing the NDVI index, less successful in describing biomass
trends (lower R? value) and unable to distinguish those conditions
(Fig. 5F). Conversely, the red band was useful in describing the chlo-
rophyll areal density. A decrease in chlorophyll resulted in an increase in
reflectance at the red edge, causing a red shift towards the red end of the
spectrum. This can be easily observed in the trends of the spectral sig-
natures reported in Fig. 2 and by the 2nd derivate of the spectra (sup-
plementary material). These findings align with previous research
suggesting that red-edge based vegetation indices are more effective
than NDVI in several areas, such as estimating foliar pigments, providing
a more generalized leaf area index (LAI) for different crops, and
assessing plant nutrient status (Dong et al., 2019; Gitelson & Solo-
vchenko, 2018).

3.3. Models prediction performances

A robust monitoring sensor must be sensitive, able to work under a
variety of conditions, and cover a wide dynamic range (Havlik et al.,
2022). The five calibrations that were selected, precisely described the
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Fig. 5. Regression models computed between the reflectance indices (RIs) and each biofilm trait. A total of 174 biofilm samples grown under different nutrient and
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95% confidence interval is visually represented by the grey area that envelopes the regression model.

relationships between the Rls and the biofilm traits, as suggested by the
RZ, which ranged between 0.86 and 0.97 (Fig. 5). Also, the validation of
the models on an independent dataset revealed that they were highly
accurate in predicting new observations, as indicated by the perfor-
mance metrics: R? values above 0.9, nRMSEP below 10 %, and RPD
values above 3 (Alexander et al., 2015; Williams & Sobering, 1993)
(Fig. 6, Table 3 and supplementary material).

The sensor demonstrated a very sensitive response to changes in
biofilm areal density, detecting microalgae attachment to cotton carriers
within just four hours after inoculation (biomass areal density of 3.0 +
0.5 g m~2). This makes it suitable for the rapid detection of biomass and
associated compositional changes due to environmental conditions
(linked to nutrient limitation or high light) in the early phases of biofilm
development (Li et al., 2024), or in late maturation stages when
detachment may occur (Boelee et al., 2011).

By using controlled conditions for microalgae biofilm cultivation and
a robust sample size (n = 174), the dynamic ranges for biomass and
chlorophyll densities that could be achieved (Table 1) were four times
greater than those previously utilized to evaluate reflectance spectros-
copy as a remote sensing technique (Launeau et al., 2018). This allowed
the sensor to be tested under conditions closer to those encountered in
commercial processes, where traits with a wide dynamic range may
encounter saturation or non-linearity, particularly when using indices
like NDVI (Huang et al., 2021). Data transformation techniques and the
use of weights have been successfully implemented for this purpose (Xue
& Su, 2017). Here, the natural logarithmic transformation of four traits
effectively linearized the relationships between RIs and biofilm traits
across their entire dynamic ranges (Fig. 6 and Table 3).

All biofilm trait-RIs relationships could be accurately described using
linear regression models with high predictive performances (Table 3),

regardless of the conditions considered. The fact that a single model
could be built for each biofilm trait suggests good flexibility under
several operational conditions (i.e. light, nutrients and maturation
stage) making it a perfect candidate for industrial applications.

3.4. Applications, challenges and future perspectives

Spectroscopy is a powerful tool for predicting planktonic microalgae
traits in biotechnological processes (Podevin et al., 2018). This study
represents, to the best of our knowledge, the first in-depth report on the
use of RIs for monitoring microalgae biofilms in a process towards
biotechnological applications.

Although the reflectance sensor was utilized here to monitor the
production of a high-value compound, several other applications can be
envisaged. In wastewater treatment, the sensor could be used to track
biomass accumulation or observe changes in community composition
over time (Paquette et al., 2020). Furthermore, it could be utilized for
detecting predators or biological contaminants as part of a quality
control strategy (Reichardt et al., 2020). For instance, different micro-
algae taxa have been already discriminated based on their reflectance
spectral fingerprints due to distinct pigment signatures (Solovchenko,
2023).

On the other hand, although the method was found to be robust,
three categories of challenges could be identified: biofilm-related,
sensor-related and computational.

The calibrations were validated under a controlled set of conditions
designed to simulate a two-stage astaxanthin production process.
However, to further test the robustness of the sensor, future studies
should examine variations in conditions over time, such as repeated
harvest and re-growth cycles (Mousavian et al., 2023), and cell recovery
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Fig. 6. Comparative analysis of H. pluvialis biofilm traits predicted using the
regression models identified in this study and quantified with the traditional
measurements. The validation step was conducted on independent datasets
under the condition of 200 umol m2s! (green stage) and 400 pmol m2s1
(red stage). Panels (A) and (B) compare the predicted versus actual measure-
ments, underscoring the models’ efficacy through performance metrics such as
the coefficient of determination (R?), normalized root mean square error of
prediction (nRMSEP), and residual predictive deviation (RPD). Panels (C) and
(D) illustrate the biofilm traits dynamics over time of both predicted and
measured trait values. The 95 % confidence prediction interval is visually
represented by the grey area that envelopes the predictive data. Panels (A) and
(C) represent the biomass areal density, expressed in natural logarithm (In),
while panels (B) and (D) focus on astaxanthin content, expressed as a per-
centage of dry weight (% DW).

after cessation of the stress (Zhang et al., 2017). Additionally, unfore-
seen acclimation strategies in biofilms, could introduce bias in the
sensor results. Wang et al. (2015) observed a decrease in pigment con-
tent as biofilm biomass accumulated. In this scenario, lower pigment
levels would result in increased green reflectance, despite an increase in
biomass, and a re-computation of bands would be necessary. When
transferring this sensor to other microalgal biofilms, some species with
higher extracellular polymeric substance excretion could also alter light
penetration and scattering, the so-called “biofilm gel effect”, thus
affecting reflectance patterns (Decho et al., 2003).

A critical consideration of this technology is the unknown depth of
penetration of our reference light. In the presence of very thick biofilms,
only the top layers may absorb light (Schnurr & Allen, 2015). As a result,
the calibrations would reflect only a fraction of the entire community,
particularly in samples with a vertical gradient of compounds (Kiperstok
et al., 2017). In our study, the maximal biofilm thickness was estimated

Bioresource Technology 398 (2024) 130520

to be 700-900 pym (data not shown), and a linear response from the
sensor was still observed. In the event of thicker biofilms causing a loss
of linearity, it would still be possible to increase the penetration depth
by using a more powerful light source.

For industrial-scale applications, it is important to consider the
spatial resolution of the current sensor. While the present setup is
reasonable for homogeneous biofilms, both the measured area (on the
scale of cm?) and spatial resolution might require scaling up to accu-
rately monitor larger biofilm systems. Utilizing alternative sensors
already implemented in precision agriculture (Lu et al., 2020) could be
advantageous within this context. Moreover, monitoring other biofilm
traits and correlating them with operational conditions would help
detect technical issues related to evaporation or engine shutdown,
which could subject the biofilm to extended periods of stress, such as
desiccation. For this purpose, extending the spectrometer configuration
to short-wave infrared (SWIR) would broaden the monitoring range of
the sensor, encompassing additional physical and compositional prop-
erties of the biofilms (Garcia-Sanchez et al., 2017).

Spectral signals are inherently collinear, and linear models may
sometimes fail to describe complex spectral-trait relationships. More
robust approaches using machine learning techniques may lead to
higher predictive performance (Salmi et al., 2022, Ying Ying Tang et al.,
2023), providing more precision from a commercial perspective.

Finally, the last challenge lies in the online measurement of biofilm
traits, which can be influenced by ambient light, reactor design, and
varying biofilm hydration levels, potentially leading to physical alter-
ations in the spectra.

Further research is currently being conducted in our lab to overcome
the challenges mentioned above and to optimize the online monitoring
of rotating microalgae biofilm-based systems. In particular, the protocol
must be tested for other operational factors such as temperature, rota-
tional speed, among others, and extended to other microalgae species,
for further validation under a greater variety of conditions likely to be
encountered in large-scale applications.

4. Conclusions

This study presents the first protocol for the non-destructive moni-
toring of microalgae biofilms, establishing reflectance spectroscopy as a
viable sensing technique. Our results demonstrate that reflectance
indices can reliably reflect microalgae biofilm growth and pigments
content, regardless of operational conditions (light, nutrients and
maturation stage). This approach provides valuable insights into the
development and optimization of microalgae farming, in particular for
emerging biofilm-based technologies.
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