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Remote 3D Imaging and Classification of Pelagic
Microorganisms with A Short-Range Multispectral Confocal
LiDAR

Joaquim Santos,* Hans H. Jakobsen, Paul M. Petersen, and Christian Pedersen*

Plankton is essential to maintain healthy aquatic ecosystems since it
influences the biological carbon pump globally. However, climate
change-induced alterations to oceanic properties threaten planktonic
communities. It is therefore crucial to monitor their abundance to assess the
health status of marine ecosystems. In situ optical tools unlock
high-resolution measurements of sub-millimeter specimens, but
state-of-the-art underwater imaging techniques are limited to fixed and small
close-range volumes, requiring the instruments to be vertically dived. Here, a
novel scanning multispectral confocal light detection and ranging (LiDAR)
system for short-range volumetric sensing in aquatic media is introduced. The
system expands the inelastic confocal principle to multiple wavelength
channels, allowing the acquisition of 4D point clouds combining
near-diffraction limited morphological and spectroscopic data that is used to
train artificial intelligence (AI) models. Volumetric mapping and classification
of microplastics is demonstrated to sort them by color and size. Furthermore,
in vivo autofluorescence is resolved from a community of free-swimming
zooplankton and microalgae, and accurate spectral identification of different
genera is accomplished. The deployment of this photonic platform alongside
AI models overcomes the complex and subjective task of manual plankton
identification and enables non-intrusive sensing from fixed vantage points,
thus constituting a unique tool for underwater environmental monitoring.
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1. Introduction

Despite its microscopic size, planktonic
organisms play a crucial role in main-
taining the delicate balance of Earth’s
ecosystems. Both phytoplankton and
zooplankton form the foundation of
marine food webs, thus serving as pri-
mary food sources for countless marine
species. In particular, phytoplankton
significantly contributes to global oxygen
production through photosynthesis,[1]

playing a critical role in regulating the
planet’s atmospheric content. Neverthe-
less, climate change-induced shifts in
the oceans’ properties[2] pose a severe
threat to planktonic communities and
their functions, directly impacting their
populations on local and global scales,[3]

and consequently disrupting marine
ecosystems. These changes have cas-
cading effects on the entire food web,
affecting fish stocks, marine mammals,
and ultimately, human communities that
rely on healthy oceans for sustenance
and economic livelihoods.[4] In this
sequence, monitoring the biodiversity,
abundance, and distribution of plankton
is essential to get insights into the status

and functioning of marine ecosystems, serving as an early indi-
cator of the impact of environmental changes.[5]

Optical and photonic tools[6] play a key role in advancing
our understanding of plankton dynamics and ecology, as they
provide non-intrusive and high-resolution quantitative mea-
surements that can replace manual sampling techniques us-
ing nets.[7] These techniques can be combined with automated
pattern recognition and classification, such as artificial neural
networks.[8,9] Since the concentration of planktonic organisms
decreases with size, it is practically impossible to sample the full
ecosystem using a sole sampling strategy.[5] Historically, space-
borne remote sensing with Light Detection and Ranging (Li-
DAR) platforms has unlocked large spatial scale descriptions of
plankton distributions, for instance of phytoplankton biomass
cycles[10] and diel vertical migrations of wide zooplankton con-
glomerates within the water column.[11] Nevertheless, due to
the coarse lateral and axial resolutions of these long-range sys-
tems (in the several meters order[12]) it is unattainable to sam-
ple individual specimens and thus capture the sheer diversity of
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plankton, whose sizes span across several orders of magnitude
from tens of nanometers to meter scales.[13]

To resolve individual planktonic organisms, adequate resolu-
tion is required on the lateral, axial, and temporal dimensions. In
situ platforms, deployed either from above the water’s surface[14]

or directly underwater,[5,15] have the potential to achieve the re-
quired resolution to detect single sub-millimeter organisms. The
most widely used techniques for plankton surveying include ad-
vanced imaging systems such as imaging flow cytometry,[16] dig-
ital holography,[17] dark-field illumination,[18] underwater video
recording,[19] and more recently underwater microscopy.[20] Al-
though these systems can sample down to the single microor-
ganism level, they typically require the particles to pass through
small and fixed close-range interrogation volumes, hence requir-
ing thewhole instrument to be scanned/dived in order to produce
spatial distributions,[21] which inevitably stirs the dynamics of the
organisms due to water displacement. Moreover, these imaging
techniques are challenged by similarities in optical and morpho-
logical characteristics among different plankton species, limiting
the taxonomic resolution[22] and making automated identifica-
tion with high accuracy a longstanding challenge. A summarized
comparison of state-of-the-art optical methodologies is reported
in refs. [5] and [21].
Laser-induced autofluorescence emerging from naturally oc-

curring pigments in plankton can be harnessed as an additional
cue to support identification, as it contains molecular informa-
tion that further improves specificity. Phytoplankton exhibits dis-
tinctive autofluorescence peaking at a wavelength 𝜆 ≈ 685 nm
due to the presence of chlorophyll-a molecules.[23,24] Similarly,
some zooplankton species also emit characteristic fluorescence
when excited with blue light.[25] Hyperspectral Scheimpflug Li-
DAR systems have been recently developed to capture both elas-
tic and inelastic scattering signatures from aquatic biota,[12] us-
ing a collimated blue laser beam for excitation and triangulation
for time and axially-resolved spectral measurements. This tech-
nology has been used to demonstrate range-resolved detection
of dye-tagged sub-millimeter zooplankton[12] and spectral clas-
sification of different microalgae species.[26] Owing to the non-
imaging nature of this technique in the lateral direction, only
range-resolved spectroscopic information is acquired. Nonethe-
less, autofluorescence is not specific enough per se and there-
fore must be complemented with morphological information,
such as shape, size, and other geometrical descriptors,[8] if a high-
taxonomic resolution is desired. The combination of 2D spatial
data with spectral information at a pixel level is possible with hy-
perspectral imaging.[27–29] This approach, when combined with
machine learning models, trained on spectral features alone[30]

or combined with spatial information,[31] enables the classifica-
tion of, for e.g., of microplastics,[32] microalgae,[33] and aquatic
megafauna.[34] However, being a wide-field imaging methodol-
ogy, conventional hyperspectral imaging is unable to provide
depth information, being therefore incompatible with profiling
in the water column required to map volumetric distributions.
In this work, we introduce a scanning multispectral confo-

cal LiDAR for volumetric sensing of laser-induced autofluores-
cence in aquatic media. This system expands the inelastic con-
focal imaging principle[21] to multiple wavelength channels by
replacing the single detector with a custom spectrograph and a
16-channel high-sensitivity detector array. This addition unlocks

a wavelength dimension which, combined with a point-scanner
and a remote focusingmodule, allows the acquisition of 4D point
clouds integrating high-resolution volumetric spatial data with
voxel-level fluorescence spectrum. This data structure yields un-
precedentedly rich morphological and spectroscopic data that, in
combination with artificial intelligence (AI) models, can be used
for in situ and automated 3D classification of objects within the
sensor’s field-of-view (FOV). Themeasurement principle is simi-
lar to confocal tomography[35] and confocal microscopy[36] across
multiple wavelength channels:[37,38] the confocality between the
excitation laser probe and a conjugated pinhole aperture spatially
rejects out-of-focus contributions from scattered and background
light, and allows to achieve near diffraction-limited resolutions.
In the context of underwater imaging, this inherent feature allevi-
ates the challenges of scattering and absorption from both water
molecules and suspended matter.[39,40]

We demonstrate, for the first time to our knowledge, the imple-
mentation of short-range remote multispectral confocal imaging
in a lab setup and spectral classification of pelagic microorgan-
isms. We start by quantifying the system’s resolution from exper-
imental measurements of the axial weighting functions and lat-
eral point spread functions (PSFs). Afterwards, we demonstrate
multispectral underwater imaging of an axially confined layer of
micrometer-sized fluorescent polyethylene beads. With this ex-
periment, we show the capability of our system for accurate map-
ping, classification, and subsequent determination of color and
size distributions of microplastics[41] in a column of water. Ul-
timately, we carried out an underwater non-invasive survey of
a community of four free-swimming copepod species and free-
floating microalgae using the multispectral confocal LiDAR sen-
sor. We then prove accurate pixel-wise spectral classification ac-
cording to species using an ensemble machine learning algo-
rithm (adaptive boosting, AdaBoost). Our results demonstrate
that this underwater LiDAR instrument holds great potential for
advancing our understanding of plankton ecology through re-
mote and non-intrusive measurements. Thus the sensor can po-
tentially contribute to more effective marine ecosystem manage-
ment and environmental monitoring of e.g., coastal waters, in
short-range distances up to around 5 meters.

2. Multispectral Confocal LiDAR

A schematic diagram of the developed inelastic multispectral
confocal LiDAR is presented in Figure 1. A 445 nm Laser Diode
(LD, Toptica iBeam-smart 445-s) is used as excitation source to
match the transmission window of pure water[42] and to promote
efficient autofluorescence emission from fluorophores typically
present in aquatic biota, such as chlorophyll pigments.[12] The
lasermodule is operated in continuous wave (CW)mode and out-
puts a high-quality collimatedGaussian beam (TEM00,M

2 < 1.1),
with a software-controllable power of up to 100 mW. The excita-
tion plane wave is reflected by a long-pass dichroic mirror (DM,
Thorlabs DMLP490) with a cut-on wavelength of 490 nm to sep-
arate excitation from inelastic emission. The beam is then tightly
focused and the spot re-imaged onto a near-diffraction limited
waist at an underwater probing distance z0 by a pair of achro-
matic doublet lenses L1 (f = 19 mm, Thorlabs AC127-019-A) and
L2 (f = 150 mm, Thorlabs AC254-150-A) in a telescope configu-
ration. Motorized mechanical remote focusing is implemented
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Figure 1. Schematic diagram of the multispectral confocal LiDAR optical setup focused at a probing distance z0 in an aquatic medium.

by mounting L1 on a resonant piezoelectric z-translation stage
(Thorlabs ELL20/M) to automatically scan z0.
Due to the confocal detection scheme, both the excitation

and emission channels are coaxially shared (monostatic system),
therefore securing a consistent overlap in FOV between the two
optical paths and a common optical magnification irrespective
of z0. Accordingly, the laser-induced autofluorescence (diverging
spherical wavefront) is epi-collected by the objective lens L2 and
re-collimated by L1 upon backward propagation through the tele-
scope pair. The inelastic signal is then transmitted through the
DM and filtered by an emission filter set (FS) consisting of a pair
of long-pass interference filters with 500 nm cut-on wavelength
(Thorlabs FELH0500), before being focused through a 50 m di-
ameter pinhole (P) by an achromatic doublet lens L3 (f = 75 mm,
Thorlabs AC254-075-A). The circular aperture is placed at a plane
conjugated to the laser probe and its size is chosen to approx-
imately match the exp(-2) waist diameter of the excitation beam
after back-propagation to the pinhole space, thus attaining confo-
cal imaging with narrow depth-of-focus (DoF) and spatially sup-
pressing out-of-focus and scattered photons.[36,43] Concurrently,
the pinhole also functions as an input aperture for a multispec-
tral detection system.
A fast photon-counting custom grating spectrometer is

designed to record spectrally-resolved data in the visible wave-
length interval from around 505 to 780 nm, therefore matching

the range of interest for autofluorescence detection from zoo-
plankton and phytoplankton.[25] The spatially coherent optical
field is first expanded by a plano-convex lens L5 (f = -25 mm,
Thorlabs LC1054-A) and collimated into a polychromatic plane
wave by an achromatic doublet lens L6 (f = 80 mm, Thorlabs
AC254-080-A), to enhance the spectral resolving power of the
spectrograph. Afterward, a ruled reflective diffraction grating (G,
Thorlabs GR20-1205, 1200 grooves/mm), at an incidence angle
of 45°, diffracts the light with wavelength information encoded
in the angle. Finally, the spectrum is imaged onto a 16-channel
multi-pixel photon counter (MPPC) linear array (Hamamatsu
C13368-3050EA-16) by a pair of doublet achromatic lenses L7
(f = 350 mm, Thorlabs AC254-350-A) and L8 (f = 200 mm,
Thorlabs ACT508-200-A). The focusing system is divided into
two lenses with an equivalent focal length f = 153.5 mm to
reduce the field curvature on the planar detector. The detector
consists of an array of 3 × 3 mm2 macropixels, each comprised
of a high-density matrix of 50 × 50 m2 avalanche photodiodes
operated in Geiger-mode, with 5 MHz bandwidth, and featuring
low noise-equivalent power (1.2 fWHz−1∕2) and high photo-
electric conversion sensitivity (109 VW-1) required for low-light
imaging at short pixel dwell/integration times. Each channel has
an integrated transimpedance amplifier (TIA) whose analog out-
puts are connected to a 16-channel and 16-bit Analog-to-digital
Converter (ADC, D-tacq ACQ425ELF-16-2000-16-HG) with
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simultaneous sampling of up to a frequency of fs = 2
MHz/channel. A first-order low-pass electronic filter (LPF)
with a cut-off frequency fc = 360 kHz limits the input bandwidth
to each channel to restrain the integrated noise and prevent
aliasing, by conforming with the Nyquist sampling theorem
(fc < fs∕2). Under this scheme, a pixel dwell time of down to
around 2.8 s (i.e., up to 360 000 spectra per second) is permissi-
ble without incurring in electronic blurring. The wavelength and
intensity calibration of the confocal spectrometer are described
in Note S1 (Supporting Information).
A single-element avalanche photodiode (APD, Laser Compo-

nents A-CUBE-S500-01) is used for pinhole alignment and to en-
sure a common focus for the excitation and emission paths. For
this purpose, a folding mirror (FM) is mounted after the pinhole
to reflect the transmitted light, which is then re-imaged by a dou-
blet achromatic lens L4 (Thorlabs AC127-025-AB) onto the APD.
By integrating all spectra onto a single detector, the best compre-
hensive pinhole position is determined when accounting for the
added effects of chromatic and spherical aberrations.
To conclude, post-objective transverse scanning is imple-

mented with a dual-axis galvanometer scanner (XY GS, Thor-
labs QS20XY-AG) to obtain 2D images with high spatial resolu-
tion through spatial convolution of the probe through the scene.
As the full-scanning periods are much longer than the photon
travel times, the GS simultaneously scans the excitation beam
and de-scans the inelastic emissionwhile conserving the pinhole-
laser probe conjugation.[21] The azimuth (x) and elevation (y)
angles of the scanner are independently controlled by voltage-
driving waves generated by a Digital-to-analog (DAC) board (Na-
tional Instruments USB-6341, 16 bits, 840 kHz/channel) fed to
two Proportional-integral-derivative (PID) servo drivers. An op-
tical position sensor (OPS) provides real-time feedback on the
instantaneous angular position of each axis of the galvanome-
ter for closed-loop operation. Since position information is re-
quired to index the signals within the FOV during image recon-
struction, the fast-axis (x) position signal produced by the OPS
is sampled by the 16-channel ADC and the images are recon-
structed pixel-by-pixel (point-scanning system). Therefore, only
15 channels of the MPPC are effectively used to acquire spectro-
scopic data. All the processing is performed a posteriori in MAT-
LAB. The resulting data structures are 4D, with high-spatial res-
olution volumetric data consisting of a stack of near-diffraction
limited xy images over axially-selective narrow slices at probing
distances z0, alongside wavelength-resolved data, i.e., an emis-
sion spectrum for each voxel: I(x, y, z, 𝜆). Because all spectral
channels are acquired simultaneously, the spectral images are
fully spatially overlapped. The information-rich data obtained by
this volumetric imaging spectrometer can afterward be used to
carry out pixel-wise classification and categorize different objects
within the FOV using AI trained, for instance, on spectral fea-
tures, which would otherwise not be possible with a single-band
system.[21]

3. Results

3.1. Axial and Lateral Resolution

Figure 2a,b shows the axial weighting functions obtained with
two fluorescentmicroscope slides, a yellow slide (Thorlabs FSK3)

and a red slide (Thorlabs FSK6), respectively, as a function of the
position along the optical axis, z, and the wavelength, 𝜆, for six
different underwater probing distances, z0, and after deconvolu-
tion as described in Section 5. Along the z-axis, the Lorentzian-
shaped curves fitted to the experimental points describe the rel-
ative inelastic signal returning to each channel of the MPPC, as
a function of the absolute distance to the focal plane of the sys-
tem, |z − z0|, defined by the position of L1, zpiezo. The well-defined
and narrow peaks centered at z0 portray the optical sectioning in-
herent to the confocal detection scheme with narrow DoF. Each
spatial data point has an associated spectrumwhose shape is pre-
served at each z-position, irrespective of the position along the
probe. The normalized spectrum of each slide at the peak of the
weighting functions is presented in Figure 2c in solid lines, plot-
ted against the spectrum acquired with a fiber-coupled spectrom-
eter (Avantes AvaSpec-2048FT-SPU, 1.2 nm spectral resolution)
in air, shown as shaded regions. While for the yellow slide the
spectrum is similar for all underwater distances, for the red slide
there is a systematic change in shape for 𝜆 > 600 nm as the un-
derwater distance changes, likely due to a larger absorption coef-
ficient of water in this wavelength range[42] and therefore a more
accentuated attenuation as the optical path in water increases. In
all cases, there is a good concordance between the spectrummea-
sured with the confocal LiDAR and the spectrometer, indicating
a successful calibration of the multispectral system.
The axial resolution of the system, 𝛿z, is estimated from

Lorentzian fits to the 𝜆-integrated weighting functions, portrayed
in Figure 2d. Furthermore, each underwater probing distance z0
can be traced back to a particular position of L1, zpiezo, as depicted
in Figure 2e. The relation between the two previous variables is
modeled using ray optics[21] to obtain a ranging equation that
maps an arbitrary zpiezo to a specific underwater focal distance
z0, and that is used throughout the rest of the manuscript.
Since sensing is performed in an absorptive medium, the dis-

sipated energy increases as the total underwater distance, 2(z0 −
dair), increases. The net result is a decrease in the area under
the curve (AUC) of the weighting functions, which would oth-
erwise remain approximately constant had the energy been pre-
served in the propagation medium. The attenuation coefficient
of the medium, 𝛼, is thus computed for each wavelength chan-
nel by fitting the AUC versus z0 plots to an exponential loss
function, i.e., Beer’s law, AUC(z0, 𝜆) = A ⋅ exp[−𝛼(𝜆)(z0 − dair)],
where A and 𝛼 are fitting parameters, dair = 359 mm is opti-
cal path length in air, and the AUC is calculated by integrat-
ing the Lorentzian weighting functions. The detailed results are
included in Figure S6 (Supporting Information). The attenu-
ation coefficient as a function of the wavelength is shown in
Figure 2f, determined from the weighting functions obtained for
the yellow fluorescent slide (FSK3). Only the first seven spectral
channels (≈510–620 nm) are depicted as the signal-to-noise ra-
tio (SNR) was insufficient for longer wavelengths. The attenua-
tion coefficient reaches a minimum 𝛼(𝜆 = 548.9nm) = 0.224m−1

and monotonically increases until 𝛼(𝜆 = 622.1nm) = 0.626m−1,
which corroborates the change in the emission spectrum of the
red slide in Figure 2c for longer wavelengths and as the underwa-
ter distance increases. These values are similar to the reported in
ref. [21] and slightly above the absorption values reported for pure
water,[42] whose minimum occurs at 417.5 nm. The differences
might be justified by the tap water content versus pure water and
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Figure 2. Experimental underwater axial weighting functions of the multispectral confocal LiDAR system. a, b) Weighting functions measured with a
yellow (FSK3) and red (FSK6) fluorescent slides as a function of the axial position, z, and the wavelength, 𝜆, at six probing distances. c) Normalized
spectrum of both slides as obtained with the confocal LiDAR spectrum at the peak of the weighting function at the six measured distances. The shaded
areas represent the spectrum measured with a high-resolution fiber-coupled spectrometer. d) Weighting functions for the yellow slide on the integrated
channel, obtained by integrating (a) along 𝜆. e) Integrated probing distance, z0, as a function of the position of L1, zpiezo, fitted with a ray optics model
describing the ranging calibration of the system. f) Attenuation coefficient of the aquatic medium as a function of the wavelength. Each point was
computed from the exponential decay in the AUC of the weighting functions obtained with the yellow slide. g) Probing distance as a function of the
wavelength for the six zpiezo. The solid dark linemarks the probing distance of the integrated wavelength channel, z0. h) Ratio between the shift in focusing
distance, Δz0, and the probing distance, z0, and the FWHM, 𝛿z, of the integrated weighting functions.

the accounting of scattering effects in the estimates with our con-
focal LiDAR system.
We also investigated the effects of chromatic aberrations aris-

ing from dispersion in the lenses when a broad range of wave-
lengths is detected, which translates into a shift in the probing
distance as a function of the wavelength. Figure 2g shows the lo-
cation of the peak of the weighting functions, z0, as a function
of 𝜆 for all the measured underwater distances. For all positions,
the probing distance reaches a minimum at 𝜆 = 548.9 nm, and
then systematically increases with wavelength. To conclude about
the relative impact of chromatic aberrations, we compare the to-
tal shift in the focusing distance, Δz0, with both the probing dis-
tance, z0, and the FWHM, 𝛿z, of the integrated weighting func-
tions in Figure 2h. In the former case, the shift in the focal plane
is negligible, corresponding to less than 0.4% of the probing dis-
tance; as for the latter, the chromatic aberration effects account
for a shift in the probing distance of less than 40% of 𝛿z, i.e.,
of the DoF. Hence, since the focal displacement is smaller than

the FWHM of the axial weighting functions, we can conclude
that chromatic aberrations do not substantially limit the perfor-
mance of the system. It is noteworthy that the captured effect is
the compound of all elements in the optical train between the
target and the confocal pinhole. We opted to employ achromatic
doublet lenses to achieve good chromatic and spherical perfor-
mance.
The lateral resolution was estimated by probing the PSF with

22–27 m-diameter red fluorescent beads.[44] Figure 3a shows im-
ages of a bead for an underwater probing distance z0 ≈ 548.5mm
(zpiezo = 2.0 mm), as a function of the wavelength (horizon-
tal axis) and the z-position along the probe (vertical axis). The
wavelength-integrated xy and xz profiles are represented on the
right-hand side. As the bead is moved away from the focal plane,
the return signal fades and its image becomes blurred, due to
spatial filtering by the pinhole and a reduction of the local power
density of the excitation laser outside the waist. From the inte-
grated xz profile, one can visualize the spatial confinement of the

Laser Photonics Rev. 2024, 18, 2301291 2301291 (5 of 14) © 2024 The Author(s). Laser & Photonics Reviews published by Wiley-VCH GmbH
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Figure 3. Empirical estimation of the resolution of the confocal system. a) Example of a 4D PSF acquired with a 22–27 m bead as probe. Each image is
50 × 50 and was acquired with a pixel dwell time of 4.44 s at an underwater probing distance z0 ≈ 548.5 mm. Scale bar: 50 m. On the right-hand side, the
wavelength-integrated xy and xz are shown. b) Summary of the lateral, 𝛿x, and axial, 𝛿z, resolution of the system as a function of the probing distance, z0,
after Richardson-Lucy deconvolutionwith ten iterations (to deduct the effect of finite probing samples), with linear and quadratic regressions, respectively.
The error bars represent the standard deviation of N = 5 beads. The shaded region in orange represents the limits with both 22 and 27 m diameter
beads. As the underwater probing distance increases, the shaded region converges to the average linear regression since the effect of the bead size on
the PSF estimates continuously decreases (i.e., bead nears a 𝛿-Dirac).

measurement to a near-diffraction limited probe volume. For
each z, the relative spectrum of the bead is preserved, with a
peak between 585.6 and 603.7 nm. The lateral PSF at different
distances, as well as the spectrum of the beads at the centroid,
are included in Figure S7 (Supporting Information).
To finalize, Figure 3b summarizes the deconvolved lateral, 𝛿x,

and axial, 𝛿z, resolutions of the confocal LiDAR system as a func-
tion of the probing distance, z0. The determination of 𝛿x from the
PSF is described in Section 5. Both resolutions were estimated
from the FWHM, according to the Rayleigh criterion. The lateral
resolution of the system increases linearly from 𝛿x ≈ 20.26 m
at z0 ≈ 548.10 mm to 𝛿x ≈ 37.31 m at z0 ≈1090.50 mm. For the
same distances, the axial resolution increases quadratically from
𝛿z ≈ 3.86 mm to 𝛿z ≈ 12.32 mm. The probe volume, i.e., the vol-
ume excited by the laser beam and fromwhich the inelastic signal

is collected/integrated, is defined by the product 𝛿x × 𝛿z and is
set by the overlap integral between the Gaussian beam and the
profile of the pinhole backpropagated to the target plane.

3.2. Underwater Volumetric Multispectral Imaging

The multispectral confocal LiDAR system unlocks the possi-
bility for underwater volumetric spectral imaging. To demon-
strate the applicability in tridimensional measurements in the
water column, we produced and imaged a depth-confined layer
of polyethylene microbeads at the interface between a thick layer
of distilled water and a layer of seawater (Figure 4a). Prior to
sensing the scene, we created a library of independently acquired
and labeled spectral samples of multiple beads, and trained an

Laser Photonics Rev. 2024, 18, 2301291 2301291 (6 of 14) © 2024 The Author(s). Laser & Photonics Reviews published by Wiley-VCH GmbH
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ensemblemachine learning classifier using a random 70/30 split
(training/testing). The average spectrum for each class of beads
is displayed in Figure 4b, and the confusionmatrix obtained after
testing of the trained model is presented in Figure 4c. Although
the spectra for the red/orange and yellow/green beads are similar,
the signatures within the created dataset are almost completely
distinguishable by the model. More information can be found in
Section 5.
The results of the 3D reconstruction and analysis of the bead

distributions are summarized in Figure 4d–g. The volumetric re-
construction of the layer is shown in Figure 4f, with the beads
color-coded according to the class attributed by the AImodel. Ad-
ditionally, Figure 4d depicts the raw integrated fluorescence pro-
files as a function of the depth in the water column, z, obtained
by integrating each z-plane image for each channel in separate,
i.e., by summing the fluorescence for all the beads in each slice.
Similarly, the bead color distribution with depth is represented
in Figure 4e and is highly correlated with the previous fluores-
cence profiles, i.e., the peak in fluorescence at around 603 nm
and at a depth z ≈ 650 mm arises from a higher concentration
of orange beads in the vicinity of this depth. The majority of the
beads are concentrated at depths between 640 and 690 mm. A to-
tal of 216microspheres are detected by the processing algorithm.
Of these, 167 are orange, 46 green, one yellow, and two red. Since
only green and orange beads were used to create the structured
layer, the yellow and red beads represent misclassifications. Be-
sides obtaining a distribution of the bead colors, it is also possible
to create a distribution of the bead sizes, as demonstrated in the
histogram in Figure 4g. The average size of the orange beads is
126.8 ± 16.1 m, which matches the nominal size provided by the
manufacturer (106–125 m). As for the green beads, two nominal
sizes have been used, 188–212 and 425-500 m, which approxi-
mately matches the estimates with the confocal LiDAR (a smaller
group of beads with 207.7 m average diameter; infrequent bigger
beads with sizes between 400–500 m).
With this experiment, we show that our novel multispectral

LiDAR system is suitable for remote optical detection of mi-
croplastics in the water column. We showcase this for polyethy-
lene, the dominant plastic used in industry.[45] This is particu-
larly relevant since most plastics released into the ocean even-
tually disintegrate and break up into smaller particles that are
now widespread in marine environments across the globe.[41]

The small size of microplastic polluters (< 5 mm) makes them
available to a wide range of marine biota.[46] For instance, inges-
tion of plastics by zooplankton adversely impacts their function
and health,[46] and as a side effect reduces grazing of primary
producers, which induces an additional anthropogenic driver for
deoxygenation.[47] Therefore, there is a crucial drive to better un-

derstand the extent of microplastic proliferation in the oceans.
In this sequence, our sensor opens the possibility for in situ and
non-intrusive high-resolution mapping of plastic distributions
(𝛿x ≈ 22 m for the distances used here), allowing us to sort them
according to form, size, and color distributions using imaging
spectroscopy.[32] Moreover, it can also replace subjective visual in-
spectionmethodologies that are often employed,[48] as the optical
fingerprints provide an agnostic source for identification.
As an additional example of volumetric underwater imaging,

we demonstrate the reconstruction of an artificial scene mim-
icking the one studied in ref. [21] with a single-channel sys-
tem (Figure 4h). With the current LiDAR system, we extend the
detection to obtain wavelength-resolved data, which allows us
to reconstruct a volumetric render for each wavelength chan-
nel (Figure 4i) and to represent a spectrum for each voxel. This
spectrum can then be used for spectral analysis of characteris-
tic fingerprints and subsequent classification. For instance, the
leaf sample exhibits a strong autofluorescence peak at around
700 nm, which is indicative of the presence of chlorophyll
molecules.[49] An adaptive boosting model was trained on inde-
pendently acquired signatures (see Figure S12, Supporting In-
formation) and then applied to the best-focused images for each
layer of the scene, to originate the segmented images in Figure 4j
color-coded by class.
The confocal nature of the detection system enables the imag-

ing through fluorescent layers to reveal objects that are otherwise
blocked in the inelastic channels. For instance, part of the leaf at
z0 = 569.66 mm is hidden behind an FSK6 red fluorescent slide
at z0 = 547.64 mm. Whatsoever, since out-of-focus light is effec-
tively suppressed spatially, the leaf is still detected and classified,
without noticeable degradation of thewavefront and therefore the
lateral resolution (veins still visible), as the slide is virtually elimi-
nated from the analysis. Nonetheless, the fluorescence spectrum
can be changed by intermediate objects in the optical path upon
back propagation to the sensor, thus inducing misclassifications.
For instance, at z0 = 586.96 mm, the four beads shown are, from
left to right, red, green, green, and red in color. The two leftmost
beads are standing behind the red fluorescent slide, while the
remaining two are unobstructed. As observable, the obstructed
green bead is misclassified as a red bead, since the red fluores-
cence slide is not transparent in the green part of the electro-
magnetic spectrum (≈ 520 nm), thus changing the characteristic
spectral signature of the green fluorescent bead, to one that re-
sembles the red bead. The same is true for the obstructed portion
of the FSK3 yellow fluorescent slide at the backplane z0 = 610.15
mm. Examples of spectra for obstructed and unobstructed ob-
jects that illustrate this are included in Figure S16 (Supporting
Information).

Figure 4. Volumetric underwater imaging. a) Photography of the structured layer of plasticmicrobeads created in the laboratory at the interface between a
layer of distilled water and a layer of seawater. b) Library of spectral signatures acquired with four different bead colors. The solid line represents themean
signature, while the shaded areas represent the standard deviation. The number of averaged spectral points is disclosed in the legend for each class. c)
Confusion matrix obtained after testing the ensemble classifier trained on 70% of the total spectral samples of each class. d) Integrated fluorescence
profiles per spectral channel, as a function of the depth in the column of water, z. The blue line marks the water’s surface. e) Depth distributions of
each bead color. f) 3D reconstruction of the water column, with beads colored according to the class assigned by the ML model. A zoom-in of the bead
layer is shown on the right-hand side. g) Histograms of the bead size distributions per color class. h) Photography of the artificial 3D scene assembled
on an optical breadboard with multiple fluorescent objects. i) Volume render of the scene for the integrated wavelength channel, and three individual
wavelength channels corresponding to the peak fluorescence of the yellow FSK3 slide and green beads (𝜆 = 513.1 nm), the red FSK6 slide and red
beads (𝜆 = 603.7 nm), and the green leaf (𝜆 = 694.8 nm). d) Montage of the segmented images of each layer, after background subtraction to remove
out-of-focus contributions. Scale bar: 5 mm.
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3.3. Imaging and Classification of Copepods

We demonstrate in vivo detection and classification of label-free,
free-swimming copepods, and free-floating microalgae in a col-
umn of water, using the multispectral confocal LiDAR system.
The laser probe was scanned in 3D (x, y, z), and, for each frame
at a particular z-plane, a stack of spectral images was acquired.
A photography of the water column is shown in Figure 5a, and
a selection of detected autofluorescence events, i.e., microorgan-
isms in the FOV, is shown in Figure 5b at different depths, z. Four
species of sub-millimeter animals (zooplankton) in an adult stage
are included in the mixture (Acocyclops royi, Acartia tonsa, Temora
longicornis, and Centropages hamatus), as well as microalgae ag-
gregates (phytoplankton). Copepods are sensitive bioindicators
for changes in water quality,[50] and shifts in their communities
provide sensitive indicators of climate change impacts onmarine
biotopes.[51] Hence, this group of small crustaceans is one of the
most studied microorganisms in marine food webs. The size of
adult copepods usually ranges from around 200 µm to 2mm, and
the concentrations can range up to 60,000 individuals per m3 of
water.[52]

As observable, since the sensor lateral resolution is well below
the millimeter scale (𝛿x ≈ 20 m at these distances), it can detect
spatial distributions of autofluorescence from sub-millimeter or-
ganisms, thus providingmorphological information about shape
and size of the specimens that are pivotal for classification.[53]

Generally, all the imaged copepods exhibit broad bulk fluores-
cence, including from the antennae and the egg sacks for fe-
male A. royi, which is particularly strong in the central part of
the body. However, as the organisms are free-swimming, they
can appear with any orientation in the acquired frames, since
the LiDAR images the projection of the copepod on the trans-
verse probing plane (cross-section). Besides morphological fea-
tures, the sensor system also locates and maps the organisms
in 3D coordinates (x, y, z) relative to its referential, and performs
laser-induced fluorescence spectroscopy that is a prominent cue
to support classification.[25]

Figure 5c,d shows some examples of spectra from different
pelagic microorganisms. In the leftmost plot in Figure 5d, we
show signatures from two C. hamatus specimens and from dif-
ferent locations within the body to expose spatial variations in the
emission spectrum according to local compositions that are cap-
tured by the LiDAR system. Notwithstanding, signatures can be
very similar among different individuals of the same group. In
the middle plot in Figure 5d, we compare the signatures of the
four different zooplankton species to show spectral differences
among them. For instance, the A. royi 1 copepod has a broader
fluorescence peak and shifted towards longer wavelengths (peak
at 𝜆 ≈ 570 nm), possibly due to differences in endogenous flu-
orophores. Nevertheless, all in all, the signatures match well
the spectra obtained for identical zooplankton species in previ-
ous work using microspectrometry,[25] with a local fluorescence
peak in the cyan at 𝜆 ≈ 500 − 550 nm, likely due to a mixture of
flavins, lipopigments, and/or NADH. Lastly, in the rightmost plot
in Figure 5d, we show the signatures from the gut of a starved A.
royi (2), plotted against the gut signal for a fed A. royi (3), and
the autofluorescence from two microalgae aggregates. While the
starved individual shows an autofluorescence signal with a sin-
gle broad peak at around 550 nm, the fed individual simultane-

ously exhibits a peak at around 700 nm, stronglymatching that of
chlorophyll-containing phytoplankton aggregates. This indicates
that the herbivorous organism had previously preyed on and has
still to digest the microalgae.[54] Comparing the microalgae ag-
gregates, a difference is noticeable as aggregate one has a broader
red autofluorescence, which might indicate a separate species or
disparity in pigmentation. In either case, the fluorescence shoul-
der at around 750 nm, characteristic of chlorophyl-a pigments,
is resolved by the custom spectrometer and matches previously
reported data.[55]

We collected and labeled spectral points from nine of the
images, trying to include different spatial regions to capture
intra-variability in local fluorescence among organisms belong-
ing to either similar (e.g., due to status) or different species (see
Figure S17 and Table S2, Supporting Information for the sam-
ple collection and distribution among classes). The average sig-
natures for each class are shown in Figure 5e. We posteriorly
trained a supervisedmachine learningmodel using a 70/30 split,
i.e. using 70% of the datapoints of each class for training, and the
remaining for testing of the classifier. Furthermore, we included
spectral points fromeight spatially disjoint images, to include test
data from samples that have not been used for training. The er-
ror matrix comparing the classes assigned by the trained ensem-
ble model and the ground truth provided by labeling is shown
in 5f, normalized to the total number of samples per class due
to the unbalanced dataset. Overall, all the classes are classified
with high accuracy, with a minimum of 92.5% obtained for C.
hamatus. As observable, the largest error rates arise from themis-
classification of A. royi (4.8%), C. hamatus (5.5%), and T. longi-
cornis (1.7%) as background pixels, likely due to non-uniformity
in the bulk autofluorescence for these species and insufficient
SNR in some spatial locations within the body. Among the liv-
ing microorganisms, pixels belonging to T. longicornis are mis-
takenly classified as A. royi in 3.2% of the instances, while C.
hamatus pixels are misclassified as A. tonsa at a 2.0% rate, due
to spectral similarities. This pinpoints that the species can, in
principle, be discerned based on spectrum alone. To conclude,
Figure 5g shows the pixel-wise spectral classification results for
all the images in the training and testing dataset. These results
show, for the first time to our knowledge, that remote detection
and identification is possible while reaching a favorable sensi-
tivity and specificity using spectral features alone for the classes
of micrometer-sized pelagic plankton studied herein, i.e., that
the acquired spectroscopic data is useful for identification. The
results also show that high-spectral resolution is not required,
as implemented in other hyperspectral LiDAR instruments,[12]

since fluorescence emission from biological targets is generally
broad-banded and neighboring bands in high-spectral resolu-
tion systems are usually highly correlated, thus carrying less key
valuable information.[56] Moreover, some of the copepod images
yield very similar shapes and sizes when imaged by the system,
which makes it hard to discriminate between species using form
alone. In this sequence, we show herein that the spectrum pro-
vides an additional layer of information that is meaningful for
classification.
Due to the limited amount of sample images, we based the

automated classification solely on spectral features. However, de-
tailed species identification requires morphology information.
One can ideally integrate spectral detection with morphological

Laser Photonics Rev. 2024, 18, 2301291 2301291 (9 of 14) © 2024 The Author(s). Laser & Photonics Reviews published by Wiley-VCH GmbH
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Figure 5. Confocal multispectral imaging of free-swimming microorganisms. a) Photography of the water cylinder used for measurements in a column
of water. b) Example of events detected at different depths in the water column, z. For the zooplankton images, the image at the 𝜆 = 513.1 nm channel
is shown; for the microalgae images (mostly aggregates), the image at 𝜆 = 694.8 nm is shown. c) Selected images, labeled according to classes. The
crosses mark the spots from where spectrum samples were collected as an example for analysis. d) Examples of spectrum collected from different
specimens. e) Assembled spectral library. The solid line represents the mean spectrum for each class; the shaded region marks the standard deviation.
f) Normalized confusion matrix resulting from the application of the machine learning classifier to the testing dataset. g) Segmented images with class
coded in color. Only the dominant class is overlayed with the grayscale images. Scale bars: 500 m.

Laser Photonics Rev. 2024, 18, 2301291 2301291 (10 of 14) © 2024 The Author(s). Laser & Photonics Reviews published by Wiley-VCH GmbH
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data to perform spatial-spectral classification[31] and take advan-
tage of the high-spatial-resolution information provided by the
confocal LiDAR system. Spatial features like body shape, area,
major and minor axes length, eccentricity, and perimeter, have
proven to be key shape descriptors for accurate discrimination
and classification.[8] Such an automated analysis unlocks rapid
and objective digital recognition of copepods that is useful to
both non-specialists and ecologists, removing human subjectiv-
ity from the identification pipeline. This requires a bigger train-
ing dataset that includes different shapes, orientations, and life
cycle stages, acquired from spatially disjoint samples. This is no-
tably demanding in underwater remote measurements with our
LiDAR system, as the copepods can show in any location within
the FOV and relative orientation, contrary to previous classifica-
tion studies with neural networks using spatial data acquired un-
der a microscope in which the copepods were physically rotated
to have a specific dorsal aspect.[8]

4. Discussion and Outlook

To summarize, we have developed an inelastic confocal LiDAR
for underwater remote volumetric multispectral imaging. This
new instrument captures spatially referenced shape informa-
tion with near diffraction-limited resolution, alongside pixel-level
spectral data. The amalgamation of morphological data with
species-specific spectroscopic information yields data-rich struc-
tures that can be used for automated classification using super-
vised machine learning models. In fact, we have accomplished
laser-induced autofluorescence spectral imaging of micrometer-
sized plastic beads, in vivo and free-swimming sub-millimeter
zooplankton, and in vivo and free-floating phytoplankton aggre-
gates in a column of water. We demonstrated in vivo spectral
discrimination of six pelagic planktonic organisms. The optical
fingerprints collected from each representative class provided a
holistic and agnostic analysis using AI ensemblemodels, leading
to an overall accurate identification. Furthermore, we have shown
that due to the confocality of the excitation laser beam and the
aperture pinhole, the sensor can selectively probe z-planes while
inherently rejecting any out-of-focus light and scattering by de-
sign. This signifies that contributions from inelastic scatterers
in intermediate layers outside the confocal volume are passively
blocked with little to no degradation of the resolution,[40] making
it a unique tool for optical surveying of aquatic biota and other
suspended matter. This suppression extends background light
sources, such as sunlight, although the reduction of its effects
has not been quantified in this study as the system was imple-
mented as a benchtop setup without adequate optical shielding
of the detection path from stray light. However, preliminary tests
on the influence of background lab lighting in a shielded single-
detector configuration[21] show a small DC offset superimposed
with the inelastic signal whose effect can be subtracted.
In the present design, we combine a fast and sensitive detec-

tor array with a 20 mm-diameter galvanometer dual-axis scanner
and a remote focusingmodule to accomplish point-scan volumet-
ric spectral imaging with short pixel integration times down to
the ≈ 3 s order. Even with these swift dwell times, we could de-
tect weak signals, including the low autofluorescence levels from
highly transparent zooplankton.[6] This speed is currently limited
by the maximum steering frequency of the fast axis, fx ≈ 225 Hz.

On that account, an image with e.g., 450 × 450 pixels takes 1 s
to be acquired as the construction is made pixel-by-pixel. Since
plankton can appear at any position relative to the sensor, it is
important to enhance the data throughput. The current MPPC
detector has a bandwidth of 5 MHz, therefore there is a substan-
tial margin to reduce the pixel dwell time down to ∼ 0.2 s and
accomplish a frame rate at least 10 times greater for the same im-
age resolution,[57] provided that the 16-channel ADC is properly
replaced with a 10 MHz-range digitizer. The pixel rate can be im-
proved by implementing a faster scanning system[58] or exploit-
ing laterally or axially parallelized acquisition strategies,[59] such
as tunable lenses.[60,61] Naturally, faster pixel dwell times trans-
late into a deterioration of SNR as the inelastically backscattered
photons are integrated for shorter periods at the detector. To com-
pensate for this, the laser excitation power might be increased.
It is noteworthy to mention that, although we classify the sys-

tem as multispectral in view of the number of channels and their
spectral resolution, the measurement principle is hyperspectral
regardless, since the fluorescence spectrumproduced by the grat-
ing spectrograph is continuous.[62] The number of sampledwave-
length bands is limited by the number of accessible digitizer and
MPPC channels, chosen as a trade-off between the number of el-
ements, bandwidth, and responsivity. Had more channels been
available, a greater number of spectral bands could have been
discriminated. Nonetheless, we have demonstrated that high-
spectral resolution is not needed for spectral discrimination of bi-
ological targets studied herein as autofluorescence is broadband.
The proposed LiDAR system has currently only been operated

in a confined laboratory environment, at distances from around
0.5 up to 1.1 meters, due to space restrictions. However, the
remote-focusing system is compatible with short-range detection
at up to more than 5 m. With effect, we plan to perform in the
future the first in situ and layer-by-layer measurements in Dan-
ish coastal waters reaching depths consistent with this detection
distance (depending on water clarity). At this distance, the lat-
eral and axial resolutions can be extrapolated (using Figure 3b)
to 𝛿x ≈ 156 m and 𝛿z ≈ 250 mm, meaning that the lateral reso-
lution is preserved well below the millimeter mark, although the
axial resolution is extended to integrate a larger layer of the wa-
ter column. Therefore, further developments prompt improve-
ments to the numerical aperture (NA) of the lens system to im-
prove the spatiotemporal resolution and even extend the depth
of view away from the sensor. A twofold increase in the NA of
the system reduces 𝛿x and 𝛿z by a factor of two and four, re-
spectively. Yet, such a photonic platform combined with artificial
intelligence sets forth new instrumentation for in situ and non-
intrusive studies of phytoplankton vertical profiles and zooplank-
ton dynamics, interactions, and temporal changes in their spatial
distributions in the water column. Moreover, studying the extent
of microplastic contamination and its effects on the health of ma-
rine animals can improve our understanding of aquatic ecosys-
tems. These investigations are particularly valuable given the crit-
ical ecological roles played by planktonic microorganisms, for in-
stance in marine production cycles and as primary consumers
in the food web.[46] If applied in the aquatic environment, as op-
posed to video methods,[19] the confocal LiDAR facilitates the ac-
quisition of plankton abundance, taxonomy, and size through a
potentially cost-effective approach in a single analysis with high
temporal and spatial resolution, akin to the frequency at which
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oceanographic measurements of the physical and chemical en-
vironment, such as chlorophyll or salinity, are made. The DoF
of our system can be engineered, the probing distance can be
remotely scanned, and the FOV can be electronically adjusted,
thus allowing us to dynamically cover a varied range of volumes
to obtain better statistical representations compared to fixed and
limitedDoF state-of-the-art technologies. Deployment options in-
clude installing the LiDAR sensor on a boat looking downward
into the water column[14] for shallow-water surveys, or integra-
tion into vertical profiling instrumentation or submersible un-
manned platforms, such as remotely operated vehicles (ROVs)
and autonomous underwater vehicles (AUVs),[63] for deeper wa-
ter surveys. This allows us to survey the water column remotely,
thus circumventing the downsides of current techniques such as
the need for a full dive of the instrumentation that inevitably esca-
lates the logistical complexity of field campaigns. Therefore, this
potentially opens up research that can intimately connect intri-
cate biological variables to crucial biological information at the
taxonomic level.

5. Experimental Section
Scanning and Imaging: Both axes of the galvanometer scanner were

driven by triangular voltage signals to accomplish bi-directional scanning
and acquisition. The waveform, angular FOV, frequency, offset, and phase
of these signals were controlled independently on each axis (x and y)
through a LabView graphic user interface. This flexibility allowed to tai-
lor the scanning patterns to electronically zoom in or pan out specific
regions of interest (ROIs),[57] and to control the pixel dwell times. The
horizontal axis, x, was selected as the fast axis, scanned at a frequency
fx . The frame resolution was defined by the ratio between the fast and
slow axis frequencies, fx∕fy. The frame rate and pixel-dwell times were
set by 2fy and fy∕(2f 2x ), respectively. The angular position feedback was
sampled in real-time from the OPS output and converted into spatial po-
sition after digital low-pass filtering with cut-off 10fx through a geomet-
ric transformation using the ranging equation and an optical magnifica-
tion of nw ≈ 1.33 introduced by the refractive index mismatch between air
and water.

Weighting Functions: A 400 × 400 × 1000mm3 (x, y, z) glass aquarium
was filled with fresh tap water and positioned at a distance z = dair = 359
mm from the objective lens L2, with its 6 mm-thick flat glass walls or-
thogonal to the optical axis. Two fluorescent microscope slides were used
to acquire the weighting functions of the instrument, to cover different
sections of the spectral range of the instrument: a yellow slide (Thorlabs
FSK3), and a red slide (Thorlabs FSK6). For a fixed probing distance, z0,
specified by the position of L1, zpiezo, the slides were axially translated in 1
mm steps along the focused laser beam as the z-pixel size shall be set at
least at one-third of the axial resolution.[44] For each position of the slide,
a total of 2 × 106 samples were recorded over 1 s from each MPPC chan-
nel and averaged to yield an experimental intensity point. The data points,
I(z, 𝜆), were then deconvolved with a 1.7mm-thick rectangular pulse using
the Richardson-Lucy algorithm[64] with ten iterations, to remove the effect
of the slide thickness from the estimates. Finally, the experimental points

were fit with a Lorentzian weighting function, W(z) = I0[1 +
(
z−z0
𝛿z

)2
]−1,

where I0 is the height, and 𝛿z the FWHM and therefore the axial resolu-
tion according to the Rayleigh criterion. The AUC was then determined
from the integral of the fit to estimate the absorption coefficient for each
wavelength channel. The procedure was repeated for both slides at six dif-
ferent probing distances set by zpiezo = 2.0, 13.0, 21.0, 27.0, 31.5, 36.5 mm,
covering an underwater probing distance from around 550 to 1100 mm.
All distances were measured with a rangefinder (Bosch GLM 250VF, 1 mm
accuracy) and were referenced to L2. A constant power of 6.5 mW (FSK6)

and 0.65 mW (FSK3) was used throughout the measurements to apply
a universal normalization and conclude about absorption. All measure-
ments were performed in a dark laboratory since the MPPC detector was
not optically shielded from stray background light.

Lateral PSF: Fluorescent red polyethylene microspheres with 22–27
m diameter (Cospheric UVPMS-BR-0.9995) were used as probes for the
lateral PSF. Several beads were attached to a microscope glass slide using
double-sided tape and mounted directly underwater to avoid additional
interfaces. For the same zpiezo positions, the slide was translated on a lin-
ear stage across the laser probe. 750 × 750 × 15 (x, y, 𝜆) spectral images
were acquired at each z-position with a pixel dwell time of 4.44 s and over
a 0.25o × 0.25o angular FOV. The pixel size was at least six times smaller
than the lateral resolution to ensure a suitable spatial sampling frequency,
according to the Nyquist limit.[44] The optical power was increased with
distance from 12.2 mW to 16.3 mW to obtain a good SNR without photo-
bleaching. From the resulting 4D stack of images, I(x, y, z, 𝜆), 50 × 50 × 15
ROIs was cropped to isolate single beads, and each spectral image was
filtered with a bi-dimensional Gaussian kernel (5 × 5 pixels, 𝜎 = 1.25), to
correct scanning artifacts and reconstruction noise. Subsequently, the lat-
eral PSF was selected as the best focus image, i.e., the image acquired at a
z-axis position matching the focal plane of the system, and all the spectral
channels were integrated into a single normalized image, I(x, y). A least-
mean squares Gaussian fit was then applied to the horizontal integrated

intensity profile, G(x) = I0 exp
(
− (x−b)2

2c2

)
, were a, b, and c were fitting pa-

rameters. The FWHMof the PSF was computed, 𝛿x = 2c
√
2 ln 2, and used

to quantify the resolution of the system, again according to the Rayleigh
criterion. At last, Richardson-Lucy deconvolution with ten iterations was
applied with two 2D Gaussian kernels with full-width at tenth-maximum
of 22 and 27 m to deduct the effect of the bead sizes from the 𝛿x estimates
while considering their size distributions. The average of the two estimates
was considered. For each probing distance, this procedure was repeated
for N = 5 microspheres.

Supervised Artificial Intelligence Models: All classification tasks were
performed pixel-wise using an ensemble supervised machine learn-
ing algorithm purely trained on spectral features. More specifically, an
adaptive boosting (AdaBoost.M2) method was used to build a clas-
sifier for each problem showcased in this paper. For each decision
tree, a maximum number of 20 splits was selected. The total num-
ber of learners was 30, with a learning rate of 0.1. This method was
used due to the reduced bias and variance, providing good accuracy
and resistance to overfitting. No hyperparameter optimization was per-
formed, and all 15 spectral bands were used (i.e., no dimensionality
reduction).

Volumetric Imaging of an Artificial Scene: An artificial scene similar to
the one used in ref. [21] was recreated to demonstrate the extended ca-
pabilities of a multispectral confocal LiDAR system compared to a single-
band system. A total of four layers with different autofluorescent objects
were assembled on an optical breadboard and along the optical axis: a
red fluorescent microscope slide (Thorlabs FSK6); a green leaf, partially
obstructed by the first layer; two red (Cospheric UVPMS-BR-0.995 710–
850 m) and two green (Cospheric UVPMS-BG-1.00 425–500 m) fluores-
cent polyethylene beds, one of each obstructed by the first slide; a yel-
low fluorescent microscope slide (Thorlabs FSK3). The breadboard was
placed inside the aquarium and a stack of 800 × 800 × 157 × 15 (x, y, z, 𝜆)
images was acquired step-wise from zpiezo = 0.0 mm to zpiezo = 16.0 mm
with a minimum increment 𝛿zpiezo = 50 𝜇m (accuracy of the piezoelectric
stage), corresponding to an underwater probing distance from around 535
to 680 mm. An angular FOV of 1.2o × 1.2o was scanned at a pixel rate of
320 kHz. The excitation laser beam power was kept at 2.2 mW throughout
all acquisition and each MPCC channel was sampled at 1 MHz. Subse-
quently, the following processing workflow was applied: 1) subtraction of
the background offset, median filtering (3 × 3 kernel), and normalization;
2) pixel-level peak detection to find the best focus images (see Figure S13,
Supporting Information); 3) binary masking to remove out-of-focus con-
tributions (see Figure S14, Supporting Information); 4) pixel-wise classifi-
cation; 5) 3D rendering. The samples for training the classifier were ob-
tained by labeling independent images of each object (see Figure S12,
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Supporting Information). The background suppression process is illus-
trated in Figures S14 and S15 (Supporting Information).

Volumetric Imaging of A Spatially-Confined Layer of Microplastics: The
glass aquarium was replaced by an acrylic cylindrical container with a 150
mm cross-section diameter and 500 mm height. The laser was deflected
90° using a pair of broadband dielectric mirrors (Thorlabs BB2-E02) to
perform measurements vertically in a column of water (i.e., z-axis along
depth). A controlled flow of distilled water was pumped into the cylin-
der from the bottom up through a tube. Then, a mixture of beads sus-
pended in water was carefully injected in the same way while preventing
the formation of air bubbles. Three different types of plastic microspheres
were used: two fluorescent green polyethylene beads with different sizes
(Cospheric, UVPMS-BG-1.00 188–212 and 425–500 m), and a fluorescent
orange polyethylene (Cospheric, UVPMS-BO-1.00 106–125 m), all with a
density of 1.00 gcm-3. Ultimately, seawater was introduced to push the full
structure up. A suspended layer of microplastics confined in depth to the
interface between the distilled and seawater (mixed layer) was thus cre-
ated. For the volumetric measurements, the water surface was placed at
a distance z = dair= 500 mm from L2 and left undisturbed for 12 hours
to allow the configuration to reach a static equilibrium. Afterward, a stack
of 237 spectral images was collected at incremental zpiezo positions, which
were then converted into z0 using the ranging equation. At each depth,
800 × 800 × 15 (x, y, 𝜆) transverse images were acquired with a pixel dwell
time of 3.125 s and over an angular FOV of 1o × 1o. The laser was run at
1.5 mW and all ADC channels were sampled at 1 MHz. The image pro-
cessing workflow is summarized in Figure S8 (Supporting Information).
The images were first background subtracted, median filtered (3 × 3), and
normalized to the maximum of the full stack. A circular Hough transform
was applied to detect the edges of the beads, taking advantage of their
spherical symmetry. A peak detection algorithm was implemented to de-
termine the z-position of each microsphere, i.e., the depth at which the
signal peaked and the bead was in focus. From this, a 3D binary mask
was created to suppress out-of-focus contributions arising from the ax-
ial roll-off of the weighting functions and applied pixel-wise classification
followed by a maximum abundance vote, since each bead belongs to a
single class. Conclusively, the 3D scene was constructed and the bead size
and color distributions were computed. Multiple spectral data points were
obtained separately from spatially disjoint samples to create a training
dataset. Several beads were glued to a microscope slide with double-sided
tape and images were taken in air. The images were then labeled manu-
ally to create a spectral library (see Figure S9, Supporting Information for
an example). Besides the three bead types aforementioned, samples were
also acquired for yellow polyethylene beads (UVPMS-BY2-1.00 300-355m)
and red polyethylene beads (Cospheric UVPMS-BR-0.995 710–850m) with
identical spectra (see Figure 4b) to further expand the pool of potential
classes for the machine learning model.

Label-Free Plankton Imaging: Four different pelagic zooplankton
species, more specifically planktonic copepods in an adult stage, were in-
dependently cultured in lab conditions and kept in brackish water: Acocy-
clops royi, Acartia tonsa, Temora longicornis, and Centropages hamatus. Prior
to the experiments, multiple samples of these four microorganisms were
transferred alongside phytoplankton to a glass cylinder to create a mixed
medium. All the species were starved prior to the acquisitions, with the
exception of the A. royi, which comprised both starved and microalgae-
fed specimens. Several 750 × 750 × 15 images were acquired at different
depths over 0.6o × 0.6o FOVs, at a pixel dwell time of ≈ 3 s and with an ex-
citation beam power of 72.5 mW. The depth-resolved spectral images were
then processed as follows: 1) background subtraction; 2) selection of im-
ages where events were identified, i.e., images that contain copepods; 3)
cropping of the ROIs corresponding to individual events; 4) denoising us-
ing a pre-trained convolutional neural network; 5) filtering with a 3D box
filter; 6) unsharp masking; 7) normalization, while keeping relative inten-
sity between spectral channels; 8) spectral classification. Due to a limited
amount of sample images and, therefore, spectra for classification, some
of the images were simultaneously used for training and testing, while sav-
ing a part of the remaining as a spatially disjoint test dataset. The first set
of images was manually labeled (see Figure S17, Supporting Information)
to create a ground truth, and the data points were randomly split using

a random 70/30 ratio to generate the training and test datasets, respec-
tively. Since the full dataset was unbalanced, the division was performed
individually class-wise to guarantee the same representation of samples
in both sets.
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