N

N

Hyperspectral LSFM with DMD-only shaping and neural
network reconstruction
Sébastien Crombez, Cedric Ray Garreau, Chloé Exbrayat-Heritier, Florence

Ruggiero, Nicolas Ducros

» To cite this version:

Sébastien Crombez, Cedric Ray Garreau, Chloé Exbrayat-Heritier, Florence Ruggiero, Nicolas Ducros. Hy-
perspectral LSFM with DMD-only shaping and neural network reconstruction. Optics Express, 2025, 33 (25),
pPp-52339-52355. <10.1364/0OE.570091). <hal-04824372v2)

HAL Id: hal-04824372
https://hal.science/hal-04824372v2

Submitted on 22 Jul 2025

HAL is a multi-disciplinary open access archive L’archive ouverte pluridisciplinaire HAL, est des-
for the deposit and dissemination of scientific re- tinée au dépoét et a la diffusion de documents scien-
search documents, whether they are published or not. tifiques de niveau recherche, publiés ou non, émanant
The documents may come from teaching and research  des établissements d’enseignement et de recherche
institutions in France or abroad, or from public or pri- francais ou étrangers, des laboratoires publics ou
vate research centers. privés.

Au‘to':'lizition
HAL Authorization


https://hal.science/hal-04824372v2
https://about.hal.science/hal-authorisation-v1/
https://about.hal.science/hal-authorisation-v1/
https://hal.archives-ouvertes.fr

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

4

42

43

44

45

46

Hyperspectral LSFM with DMD-only Shaping and
Neural Network Reconstruction

SEBASTIEN CROMBEZ'2, CEDRIC RAY':2, CHLOE
EXBRAYAT-HERITIER®,FLORENCE RUGGIERO®, NicOoLAS DucRros':4:

*nicolas.ducros@creatis.insa-lyon.fr

IINSA-Ly()n, Université Claude Bernard Lyon I, CNRS, Inserm, CREATIS UMR 5220, U1294, F-69621,
LYON, France

2Université Claude Bernard Lyon 1, CNRS, Institut Lumiére Matiére, F-69622, Villeurbanne, France

3 Institut de Génomique Fonctionnelle de Lyon, ENS-Lyon, UMR CNRS 5242, Universite Claude Bernard
Lyon 1, Lyon Cedex, France

4Institut Universitaire de France, France

Abstract: Quantitative fluorescence imaging in biological samples with autofluorescence
or spectrally overlapping fluorophores remains a challenge for conventional light sheet fluores-
cence microscopy (LSFM). To address this, we introduce DNR-HLSFM, a novel approach for
hyperspectral LSFM (HLSFM) that is based on DMD-only light shaping and Neural network
Reconstruction (DNR). This computational technique combines structured illumination with a
physical model of the acquisition process, a denoising neural network and non negative unmixing,
to enable robust fluorophore quantification. DNR-HLSFM does not rely on optical filters, which
overcomes limitations in spectral resolution and signal loss. We experimentally demonstrate our
method by imaging zebrafish embryos in three dimensions, achieving effective autofluorescence
removal and precise separation of two spectrally overlapping red fluorophores. This work may
pave the way for versatile, high-resolution, quantitative hyperspectral imaging in biomedical
research, significantly expanding the capabilities of LSFM. To promote reproducibility and foster
further development, we have made our raw data, reconstructed data and code publicly available.

1. Introduction

Light sheet fluorescence microscopy (LSFM) has revolutionized 3D imaging of biological
samples, offering low photobleaching, high acquisition speeds, and deep penetration [1-3].
Its ability to capture dynamic processes in living specimens has made it indispensable in
developmental and cell biology [4-6]. However, conventional filter-based LSFM suffers from
limitations in quantitative analysis, particularly in samples with autofluorescence or multiple
fluorophores with overlapping emission spectra [7].

Hyperspectral imaging, which measures light spectra across hundreds of channels, has addressed
similar challenges in other fields [8]. While hyperspectral LSFM has been explored [9-16],
existing approaches often rely on complex hardware or compromise spatial/spectral resolution.
Furthermore, phasor-based methods assume simplified spectral models [17]. Recent advances
in computational imaging, driven by compressed sensing [18] and deep learning for inverse
problems [19-22] offer new possibilities. Computational hyperspectral imaging acquires
hypercubes from few measurements, leveraging data-driven algorithms for improved image
reconstruction speed and quality [23-25]. The field of computational hyperspectral imaging is
moving very fast with the advent of deep learning [26]. Many novel techniques have emerged in
the last few years with application to video imaging [27,28], lensless imaging [29], miniaturized
spectroscopy [30], spectral imaging using metasurfaces [31], to cite only a few.

In this work, we introduce DNR-HLSFM, a novel approach for hyperspectral LSFM (HLSFM)
that is based on DMD-only light shaping and Neural network Reconstruction (DNR). Inspired by
single-pixel imaging [27,32-35] and Hadamard transform optics [36], our method uses a digital
micromirror device (DMD) that generates light sheets spatially modulated along the dimension
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orthogonal to the slit of the spectrograph, recovering the orthogonal dimension via a data-driven
algorithm. One of the main motivations behind our work is the superiority of Hadamard
multiplexing over push-broom acquisition, often referred to as Fellgett’s advantage [37]. This
advantage was extensively studied in the 1970s [36] and more recently [38]. In contrast to the
approach described in [14], we use a DMD alone to shape the structured light sheets, which
significantly improves the modulation and leads to a 3.5-fold improvement in spatial resolution
in the transverse direction. Moreover, our algorithm integrates a physical model of the structured
illumination with a denoising neural network trained in a supervised manner, which demonstrates
robust reconstruction at varying light intensities. Furthermore, we incorporate spectral unmixing
to quantify individual fluorophores. Our experimental system for DNR-HLSFM supports both
conventional and hyperspectral imaging, demonstrating its effectiveness in zebrafish embryos
by removing auto-fluorescence and separating DsRed and mRFP, two red fluorescent proteins
with overlapping emission spectra. This work should expand application of LSFM to previously
difficult to image samples and opens new avenues in biomedical research, such as the analysis
of complex biological processes or the enhancement of the accuracy in drug discovery and
toxicology studies.

2. Imaging principle
2.1. Structured light sheet

Conventional LSFM illuminates the sample from the side with a uniform sheet of light [39]. In
contrast, our hyperspectral approach is based on structured sheets that are modulated along the
dimension orthogonal to the propagation axis (see Fig. 1b). We achieve the structured sheets
by illuminating a DMD with a Gaussian beam. We then focus the light using a lens (see L in
Fig. 1b) and an illumination objective (see Ol in Fig. 1b). A diaphragm must be placed at the
focal point of the lens (see D Fig. 1b) to filter out the diffraction pattern created by the DMD. The
generation of the structured light sheet is computer-controlled by uploading appropriate spatial
patterns onto the DMD (see Fig. 1c). The optical layout of our DNR-HLSFM device is provided
in Section 1 of Supplementary document.

The transverse modulation of the sheet is controlled by the transverse modulation of the DMD
pattern, while its thickness is controlled by the height of the DMD pattern. Great care must
be taken to cope with diffraction. We retain only the zero-th diffraction order to maximise the
illumination uniformity along the optical axis (see Section 2 of Supplementary document). While
previous attempts to combine a cylindrical lens with a DMD resulted in a bulky system with
low spatial frequency modulation [14], our DMD-only approach is compact and demonstrates
improved spatial resolution. Our system produces sharp optical sectioning, generating 1.5 X 1.5
mm? structured sheets whose thickness can be computer-controlled down to 8 pm (FWHM,
see Section 3 of Supplementary document). Using 128 modulation patterns, sharp transverse
modulations are produced that translate into a transverse resolution of 16 pm for a longitudinal
resolution of 7 pm (see Section 4.1). Compared to [14], this represents a 3.5X improvement in
the resolution in the transverse direction.

Hadamard modulation profiles were chosen to benefit from Fellgett’s advantage, gained from
the acquisition of multiplexed rather than direct measurements [40]. Fellgett’s advantage is
demonstrated by comparing the images obtained with our setup using Hadamard illuminations and
line (i.e., push-broom) illuminations. Over the range 500-600 nm, we observe an improvement
in the peak signal-to-noise ratio of 7-8 dB (see Section 4.3).

2.2. Double arm set-up

The fluorescence emitted within the light sheet passes through the collection objective and is sent
to either a grayscale or spectral arm (see Fig. 1a). The grayscale arm corresponds to conventional
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Fig. 1. Overview of DNR-HLSFM. a, Fluorescence from the illuminated sheet is focused onto the
entrance slit of an imaging spectrometer (spectral arm); the same signal can also be imaged directly
by camera (grayscale arm). b, To recover the spatial dimension orthogonal to the slit, which
is lost during acquisition, the illumination sheet is modulated transversally using a DMD. CL:
cylindrical lens; D: diaphragm; DMD: digital micromirror device; L: lens; O1 and O2: objectives;
S: sample. ¢, A sequence of measurements is acquired by the spectral arm by uploading several
modulation patterns onto the DMD. d, The hypercube is recovered from the sequence of spectral
measurements by a data-driven reconstruction algorithm that combines knowledge of the actual
illumination patterns, Tikhonov regularisation and a convolutional neural network. Given the
spectral signature of the components of the specimen, a non-negative least squares unmixing
algorithm then quantifies the concentration of the fluorescent proteins of interest.
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LSFM, where a camera acquires the fluorescence distribution across the two spatial dimensions
of the illumination plane. When a sample with homogeneously distributed fluorescence is
considered, the grayscale arm acquires the distribution of light within the illumination plane,
which corresponds to the actual illumination profile and differs from the profile uploaded onto
the DMD (see Fig. 1c). The grayscale arm is therefore capable of both conventional LSFM and
calibration of the modulation profiles of the structured light sheets. Knowledge of the actual
illumination profiles is a critical aspect of the reconstruction algorithm.

In the spectral arm, an objective followed by a cylindrical lens focus the light originating from
the imaging plane onto the entrance slit of imaging spectrometer. Therefore, the spectral camera
acquires multiple spectra along the entrance slit that correspond to integrals of the fluorescence
distribution in the transverse direction (Fig. 1c¢). The transverse spatial dimension lost during
the acquisition process can be recovered by exploiting several spectra acquired using several
illumination profiles as described in Section 3. We consider a Czerny-Turner spectrometer with a
300 line/mm grating leading to a spectral resolution of 2 nm across a bandwidth of 108 nm.

3. Two-step algorithm for reconstruction and unmixing

We recover the quantitative abundance maps of fluorophores using the two-step algorithm
depicted in Fig. 1d and detailed below. The first step reconstructs the transverse spatial dimension
lost during acquisition, while the second step unmixes the multiple spectral components (e.g.,
fluorophores) of the hypercube, leading to quantitative abundance maps.

3.1.  Acquisition model

The measurements in DNR-HLSFM acquisitions originate from both the spatial mixing induced
by the imaging device (see Eq. (1)) and the spectral mixing inherent to the sample (see Eq. (2)
models). The measurements are modelled as

Mi=HF,+E ,1<21<A, (1)

where H € RK*Nx represents the measurement matrix that concatenates the K spatial light profiles
used for acquisition, F, € RV<*Ny is a A-slice of the full hypercube, and E € RK*Ny represents
the measurement errors. The spatial light profiles of our device are determined experimentally
(see Fig. 1c; more details provided in Section 3 of Supplementary document; see also Fig. S6 of
Supplementary document). We denote by F = [vec (Fy),...,vec (Fa)]T € RMN N = N.N,,
the full hypercube arranged in matrix form by concatenating all A-slices, representing the total
number of pixels.
Assuming that the sample is made of Q distinct spectral components, the full hypercube can
be modelled as
F = SA, 2)

where S € RA*€ represents the spectral signatures of the components, and A € R2*Y represents
the quantitative abundance of each spectral component per pixel. In the case of fluorescent
imaging, a component can represent either a single specific fluorophore (e.g., EGFP, DsRed or
mRFP) or a combination of fluorophores (e.g., autofluorescence).

3.2. Image-domain approach

Our goal is to recover the quantitative abundance maps A from the measurements M 3, 1 < 1 < A,
knowing the measurement matrix H and assuming prior knowledge about the spectral signatures
S. To do so, we adopt an image-domain approach that involves spatial reconstruction followed by
spectral unmixing that has been found in single-pixel imaging to be more efficient and suitable
than spectral unmixing before spatial reconstruction [41].
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We first recover the full hypercube F (spatial reconstruction) before recovering the quantitative
abundance maps A (spectral unmixing), as described below and illustrated in Fig. 1.

* Step 1 (spatial reconstruction): Recover the A-slice F, from the measurement M ,, for all
spectral channels 1 < A < A, given the measurement matrix H. This corresponds to the
inversion of Eq. (1).

» Step 2 (spectral unmixing): Recover the quantitative abundance maps A from the full
hypercube F calculted in step 1, given the spectral signatures S. This corresponds to the
inversion of Eq. (2).

3.3. Spatial reconstruction: Tikhonov-Net

We reconstruct the A-slices using the Tikhonov-Net, a two-step reconstruction network of the
form

Rg = Qg (] R, (3)

where Gg : RNx*Ny — RNx*Ny js a neural network with parameters @ acting in the spatial domain
(e.g., a convolutional network), R : RKXNy — RNxXNy is a mapping from the measurement
domain to the spatial domain, and o represents function composition. Our goal is to reconstruct
all the A-slices using the same reconstruction network, despite the different A-slices have different
signal-to-noise ratios. Inspired by [42], we choose the measurement-to-spatial domain mapping
R as Tikhonov regularisation

R(My)=XH" (HEH +T)"' M,, )

where X € RV~*Nx represents the slice covariance, and I' € RK*K the measurement covariance.
The Tikhonov step, which can be interpreted as noise whitening, was found to enable the
downstream neural network to generalise more effectively to unseen noise levels (see [42]). The
computation of covariances 2" and I' is described in Section 8 of Supplementary document.
Note that, as stated by Eq. (4), the Tikhonov regularisation applies to the transverse x-axis only,
while the neural network G applies to both the transverse x- and longitudinal y- axis. The image
domain neural network Gy, is trained end-to-end in a supervised manner, i.e.,

~ 1
0 € argmin — » ||Ro(M?) — FY||3, )
i 2. F

where {F{,M%}, 1 < ¢ < L, is a database of L image-measurement pairs and || - ||12: denotes the
Frobenius norm. Please note that the reconstruction network only operates in the spatial domain,
not the spectral domain. This is to minimise reconstruction biases that could be detrimental to
the subsequent unmixing step. Furthermore, general databases are used for training, such as
ImageNet (see Section 3.5), to prevent overfitting and ensure broad applicability to any samples.

3.4. Spectral unmixing: non-negative least squares

We formalise spectral unmixing as the constrained least squares minimisation problem

argmin ||[F - SA||Z, (6)
AeQ

where ' = [R(M),...,R(My)] is the hypercube obtained after spatial reconstruction (see
Section 3.3) and Q € R2*N represents the solution space. In the unconstrained case Q = RV
the solution is given by the pseudo inverse A = (S7S)~'STF, while the non-negative case
Q= RgXN requires an iterative algorithm such as [43]. Here, we assume that the spectral
signatures S are known, which is the case for transgenic samples that express specific fluorescent
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proteins. The spectrum of autofluorescence may vary significantly across samples; however,
it can be estimated from pure pixels, e.g., anatomical structures where no fluorescent proteins
are present. The minimisation problem of Eq. (6) is solved using the NNLS function of the
PySptools package.

3.5. Implementation details

In practice, we consider a sequence of K = 128 Hadamard patterns. We independently measure
the positive components of the patterns, denoted by H*, and the negative components of
the patterns, denoted by H~, where H = H* — H™ is a Hadamard matrix (see Section 3 of
Supplementary document). The raw measurements M* and M, acquired with H* and H™,
respectively, are binned to A = 128 spectral channels and N, = 512 pixels in the longitudinal
direction. After preprocessing (see Section 7 of Supplementary document), all A spectral slices
are reconstructed using the Tikhonov-Net given by Eq. (3), where we choose the neural network G
as a U-Net with 499, 985 trainable parameters and the Tikhonov solution given by R is computed
using the actual patterns measured experimentally. The Tikhonov-Net has been integrated to
SPyRIiT, a python package dedicated to single-pixel imaging [44] that is based on PyTorch [45].
It is trained in an end-to-end fashion from simulations considering raw data corrupted by Poisson
noise with an image intensity a of 50 photons. We consider the Adam optimiser for 20 epochs,
with an initial step size of 103 that we divide by a factor of 2 every 10 epochs. We set the weight
decay regularisation parameter to 10~7. Our training database corresponds to the test set of the
ImageNet ILSVRC2012 [46] where each of the 100k images is resized to Ny X Ny = 512 x 512.
After spatial reconstruction, we compensate for a small spectral shift that is observed to vary
linearly with the wavelength across the longitudinal dimension y.

4. Results
4.1. Spatial resolution of the imaging system

To characterise the spatial resolution of our device, we imaged an agarose solution containing
fluorescent microspheres. The solution contains red and yellow-green fluorescent microspheres
with a diameter of approximately 300 nm (Duke Scientific Polymer R300 Microspheres 0.3 pm
and Polysciences Inc. Fluoresbrite® YG Microspheres 0.3 pm, both from Thermofisher®).
The image obtained with the grayscale arm is shown in Fig. 2a, while that obtained with the
hyperspectral imaging arm is shown Fig. 2d. We reconstruct the hypersectral image by inversion
of Eq. (1) in the least squares sense (pseudoinverse). This constitutes the intrinsic resolution
of the system, without any prior knowledge about the solution. For comparison purposes, we
integrate the hyperspectral image over the spectral dimension. We selected two beads with the
smallest spatial extent among all beads and clusters of beads observed in the field of view. In
Fig. 2b—c and e—f, we plot the profiles across the centres of the beads. We estimate the spatial
resolution along the x- and y-axis by measuring the FWHM of the profiles in the corresponding
direction. In the case of the conventional image, we measure a resolution of 4 pm in both
directions. In the case of the hyperspectral image, we measure a resolution of 15 and 7 pm along
the x- and y-axis, respectively. Comparing the hyperspectral and grayscale arm, we observe a
similar resolution along the y-axis, while the spatial resolution of the hyperspectral arm is 3
times greater than that of the grayscale arm along the x-axis (modulated dimension). We have
also evaluated the spatial resolution of the hyperspectral arm for different numbers of patterns
(see Table 1). We observe that the x-axis resolution depends linearly on the number of patterns,
while the y-axis resolutions remains constant.
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Fig. 2. Spatial resolution of the grayscale and hyperspectral arms. We image an agarose
solution containing fluorescent microspheres using (a) the grayscale arm and (d) the
hyperspectral arm using 128 patterns. We integrate the hyperspectral image over the
spectral dimension. We select two beads (labelled ’A’ and B’ and indicated with arrows
in (a) and (d)). The red and green boxes show the beads A and B magnified 4 times.
Scale bars represent 100 pm. We plot the intensity profiles across the centre of the
beads in the x- and y-direction for (b,c) the grayscale arm and (e,f) the hyperspectral
arm.

Table 1. Spatial resolution of the hyperspectral arm as a function of number of patterns.
Profiles analysed across the ‘A’ bead.

Number of patterns K 32 64 128
x-axis resolution (in pm) 77 36 15
y-axis resolution (in pm) 6 6 6

4.2. Transgenic lines and sample preparation

We imaged two transgenic zebrafish larvas: a Tg(flil:EGFP; olig2:DsRed) larva and a Tg(sox 10:mRFP;

olig2:DsRed) larva. To obtain the double transgenic lines used in this study, the Tg(olig2:DsRed)
fish were outcrossed with Tg(flil:EGFP);Casper or Tg(sox10:mRFP) fish. The resulting
Te(flil:EGFP);Casper;Tg(olig2:DsRed) and Tg(sox10:mRFP); Tg(olig2:DsRed) transgenic em-
bryos were collected and raised under standard conditions according to the European Directive
2010/63/EU. The Tg(flil:EGFP), Tg(olig2:DsRed) and Tg(sox10:mRFP) lines were produced
at the zebrafish PRECI facility (Plateau de Recherche Expérimentale de Criblage In vivo, SFR
Biosciences UAR3444/CNRS, US8/Inserm, ENS de Lyon, UCBL) in compliance with French
government guidelines (agreement number C693870602). Developmental stages are given in
days post-fertilization (dpf) at 28.5°C, based on morphological criteria as previously described
[2]. At 1 dpf, the embryos were treated with 0.2 mM 1-phenyl 2-thiourea (Sigma-Aldrich, France)
to inhibit pigmentation. Larvae were selected based on the expression of the fluorescent proteins
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of interest. They were sacrificed by an overdose of anaesthetic (0.2 % Tricaine, pH 7.0) and fixed
at 4-5 dpf in paraformaldehyde for 2h at room temperature. After fixation, they were washed
in PBDTT (1X PBS, 1% DMSO, 0.1% Tween, 0.5% Triton; all reagents from Sigma-Aldrich,
France). The samples were then placed in spectrophotometer quartz cells and embedded in 1%
low melting agarose (ThermoFisher Scientific, France), or mounted on a coverslip in DAKO
mouting medium using a spacer for confocal acquisition. The samples were immediately used
for observation or stored at 4-5°C in the dark before observation. Confocal images were acquired
with an LSM 780 and LSM 800 microscope (Zeiss, Germany). The confocal images were
formatted using the ‘Z projection’ tool in the Fiji software for confocal images.

4.3. Fellgett’s advantage and Tikhonov-Net reconstruction

The first hyperspectral light sheet microscope involved scanning an illumination line within
the imaging plane [9], known as push-broom scanning in hyperspectral literature. Here, we
propose the illumination of multiple lines at the same time to benefit from the signal-to-noise
ratio improvement provided by multiplexed acquisitions [40]. To verify this improvement
experimentally, we imaged a Tg(sox10:mRFP); Tg(olig2:DsRed) transgenic embryo using push-
broom patterns and Hadamard patterns (see Fig. 3). We consider K = 64 push-broom patterns
and K = 64 Hadamard patterns with positive and negative components measured independently.
The integration time is set to 8 s for push-broom patterns and 4 s for Hadamard patterns, resulting
in a total acquisition time of 512 s for both cases. The hyperspectral images reconstructed at 510,
551 and 594 nm are shown in Fig. 3. In the first and second row of Fig. 3, we reconstruct the
images by inversion of Eq. (1) in the least squares sense, i.e., F, = H' M, where H' represents
the pseudoinverse of the acquisition matrix measured for the push-broom patterns and for the
Hadamard patterns, respectively.

We confirm that Hadamard patterns provide improved image quality across all wavelengths
investigated. Felgett’s advantage appears more evident at low counts compared to high counts
(compare images at 510 nm, where the lowest signal is obtained, and at 551 nm where the highest
signal is measured). To quantify Felgett’s advantage, we computed the peak signal-to-noise ratio
at each wavelength by dividing the maximum intensity by the standard deviation in a background
region where no fluorescence is observed (see red rectangle on the top left image). We observe
an improvement of 9.1, 7.8, and 7.9 dB at 510, 551 and 594 nm, respectively.

In the third row of Fig. 3, we reconstruct the same Hadamard measurements as in the second
column using Tikhonov regularisation (i.e., Eq. (4)) and, in the fourth row of Fig. 3, using
Tikhonov-Net (i.e., Eq. (3)) . Compared to pseudoinverse reconstructions, images obtained from
Tikhonov regularisation are visually smoother and more contrasted, albeit exhibiting lower peak
signal-to-noise ratios. We recall that the Tikhonov step can be interpreted as noise whitening, a
property that enables the same convolutional neural network to perform well on spectral bins
with varying signal-to-noise ratios (see [42]). Images reconstructed by Tikhonov-Net consistently
yield the best peak signal-to-noise ratios and reveal more details, irrespective of the spectral bin.

4.4. Autofluorescence removal

We demonstrate quantitative imaging with autofluorescence removal in a 4-day-old Tg(flil:EGFP;
olig2:DsRed) zebrafish larva (Fig. 4). This fluorescent transgenic reporter line specifically
expresses the fluorescent proteins EGFP (Enhanced Green Fluorescent Protein) and DsRed
(Discosoma sp Red fluorescent protein) under the control of fli and olig2 promoters, respectively.
The EGFP and DsRed emission peaks are well separated (Aden = 80 nm, see Fig. 4j) but suffer
from autofluorescence. Figure 4a presents the conventional LSFM image acquired using the
grayscale arm, while Fig. 4i,k present colour images acquired using a commercial confocal
microscope (Zeiss LSM780) using two excitation wavelengths (A7, = 488 nmand A7 . ., = 561
nm) and appropriate filters.
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Fig. 3. Spectral images from push-broom and Hadamard acquisitions for several
reconstruction methods. We reconstruct the image using: First row, the pseudoinverse
of the push-broom patterns; Second row, the pseudoinverse of the Hadamard patterns;
Third row, Tikhonov regularisation (i.e., Eq. (4)); Fourth row, Tikhonov-Net (i.e.,
Eq. (3)). We display the images at three central wavelengths: First column, 510 nm;
Second column, 551 nm; Third column, 594 nm. Above each image, we display the
peak signal-to-noise ratio computed within the red rectangle visible on the top left
image. We acquire N = 64 push-broom patterns and N = 64 Hadamard patterns with
positive and negative components measured independently. The integration time is
set to 8 s for push-broom patterns and 4 s for Hadamard patterns, resulting in a total
acquisition time of 512 s for both cases. The colour bars indicate the photon counts,
which vary across images. The sample is a 4-day-old Tg(sox10:mRFP;olig2:DsRed)
zebrafish larva (see Section 4.2).



7 Figure 4g—h show the EGFP and DsRed images obtained by conventional LSFM, filtered
278 using two virtual band-pass filters whose spectral responses (Fig. 4j) were chosen to optimise the
279 separation of the two fluorophores while minimising autofluorescence. Fluorescence is notably
250 observed in the yolk sac of both images (Fig. 4g—h), a region where neither flil nor olig2 are
231 expressed (flil is expressed in the vascular system [47], olig2 in the central nervous system [48]),
232 which thus clearly indicates that filtering does not enable the removal of autofluorescence.

283 Figure 4d-f show the quantitative abundance maps for EGFP, DsRed and autofluorescence
28« obtained by DNR-HLSFM. The spectral signature of EGFP and DsRed used for spectral unmixing
255 have been taken from the Fluorescent Protein Database [49], while autofluorescence spectrum
235 has been obtained from the yolk sac (Fig. 4a). Before unmixing, the notch filter is applied to the
257 emission spectrum of EGFP and DsRed (see Fig. 4j). The EGFP abundance map (Fig. 4d) shows
233 the endothelial cells that are present in the entire vasculature, in particular in the intersegmental
289 vessels in the trunk and head, while the DsRed abundance map (Fig. 4e) shows the neural
200 progenitors and oligodendrocytes that are present in the brain, retina and spinal cord, confirming
201 the effectiveness of our approach. Furthermore, the autofluorescence abundance map (Fig. 4f)
202 reveals that distribution is not uniform and consequently, that autofluorescence correction based
203 on the conventional LSFM filter-based approach is inaccurate.

204 Figure 4b-c show the sample in, respectively, 2D and 3D after autofluorescence removal,
295 obtained from the EGFP and DsRed quantitative abundance maps. The 3D images (Fig. 4c)
206 Tepresents 25 adjacent slices resulting in 512 x 512 x 25 voxels of size 3 x 3 x 15 pm?, enhancing
207 the structural and molecular understanding of the sample. The quantitative abundance maps
208 and conventional LFSM images of the different slices are displayed in Fig. S7 and Fig. S8 of
209 Supplementary document, respectively.

2

N

s 4.5. Separation of overlapping fluorophores

st We demonstrate the spectral separation of two red fluorescent proteins in a 4-day-old Tg(sox 10:mRFP;
a2 olig2:DsRed) zebrafish larva (see Fig. 5). Olig2 is expressed in the central nervous system, in
a3 particular the spinal cord [48], while sox10 is expressed in the neural cell and in the neural
s+ crest-derived Schwann cells located in the peripheral nervous system [50]. Separating sox10
s0s from olig2 is particularly challenging due to the spectral overlap of the emission spectra of mRFP
s (monomeric Red Fluorescent Protein) and DsRed (Adey, = 20 nm, see Fig. 5j), as well as the
a7 spatial overlap of the sox10 and olig2 signal in the head and neural tube.

308 Figure 5a presents the conventional LSFM image acquired with the grayscale arm, while
a9 Fig. Sb—c present quantitative abundance maps of mRPF and DsRed (one slice of the sample in b,
a0 3D representation in c) obtained by DNR-HLSFM. Figure 5i,k show the images obtained using a
a1 confocal microscope (Zeiss LSM780, A% = 561 nm). Figure 5g—h show the images obtained by
sz filtering conventional LSFM with two band-pass filters whose spectral responses were chosen to
a3 optimise the separation of mRFP and DsRed (see Fig. 5j). Despite these efforts, the mRFP and
s« DsRed filtered images (Fig. Sg—h) are highly correlated, indicating significant overlap between the
a5 two fluorophores. More specifically, the mRFP image exhibits high intensity in the spinal cord,
a6 confirming that the filtering strategy fails to separate mRFP from DsRed. Figure 5d—f show the
a7 mRFP, DsRed and autofluorescence quantitative abundance maps obtained by DNR-HLSFM. The
sis  spectral signatures of mRFP and DsRed used for unmixing have been taken from the Fluorescent
a9 Protein Database [49], while that of autofluorescence has been measured in the yolk sac (see
30 spectra in Fig. 5j).

321 By exploiting the full spectrum, the DNR-HLSFM pipeline successfully separates mRFP from
a2 DsRed despite their overlapping spectra. In the quantitative abundance maps, the mRFP signal
323 is only observed in the neural crest cells in the brain (see Fig. 5d), while DsRed concentrates
a2+ in the brain, retina and spinal cord (see Fig. 5e), confirming the effectiveness of our approach.
a5 Considering the cerebellum, in which olig2 is specifically expressed, this structure can be
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Fig. 4. Autofluorescence removal in a 4-day-old Tg(flil:EGFP;olig2:DsRed) zebrafish
larva. a, Conventional LSFM image acquired using the grayscale arm. b—f, Quantitative
abundance maps obtained from DNR-HLSFM. b-c, Images after autofluorescence (AF)
removal showing only the abundance of EGFP (in green) and DsRed (in red); b is the
same slice as in a; ¢ is the 3D representation obtained from 25 slices. (|) points to
the spinal cord, (T) indicate the intersegmental vessels. d—f, Quantitative abundance
maps of EGFP, DsRed and autofluorescence (AF) obtained using the spectra in j for
unmixing; Superposing d and e leads to b. g-h, Images of EGFP and DsRed obtained
by conventional LSFM, filtered using the two band-pass filters in j. i,k, Head of the
embryo imaged by a commercial confocal microscope (Zeiss LSM780 using optical
filters. j, Filters (dashed lines) and fluorescence spectra for spectral unmixing (solid
lines). Lateral views, anterior is left. Scale bars = 100 pm.
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observed in both the mRFP and DsRed images obtained by filtered conventional LSFM (Fig. 5.g-
h). Conversely, the cerebellum is visible only in the DsRed and not mRFP quantitative abundance
maps acquired using the hyperspectral structured LSFM pipeline (Fig. 5.d-e). Similarly to the
previous example, the autofluorescence abundance map is found to vary spatially (see Fig. 5f),
indicating that the conventional LSFM filter-based approach is inaccurate. It should be noted,
however, that the concentration of autofluorescence around the spinal cord (see Fig. 5f) may be
due to unmixing inaccuracies.

Figure 5c shows the distribution of DsRed and mRFP in 3D, obtained from the quantitative
abundance maps of 20 adjacent slices resulting in 512 x 512 x 20 voxels of size 3 x 3 X 15 pm?.
The quantitative abundance maps and conventional LFSM images of the different slices are
displayed in Fig. S9 and Fig. S10 of Supplementary document, respectively.

5. Discussion

We have demonstrated hyperspectral LSFM by shaping structured light sheets using only a DMD.
Our optical system is simple, with no moving parts, few optical elements and does not require
fast cameras. It can be combined with any standard filter-based light sheet microscopes. While
LSFM is dominated by grayscale imaging, the palette of genetically encoded and synthesized
fluorophores has enabled the labelling and observation of a large and constantly expanding
number of molecular species [51]. Hyperspectral imaging offers the possibility of studying
multiple components, cellular behaviours and cellular metabolism within the same specimen.
In [9], the authors achieved hyperspectral imaging based on pushbroom acquisitions. Illuminating
only a line of the imaging plane at a time, however, reduces light throughput compared to
DNR-HLSFM which illuminates approximately half of the imaging plane at a time. The higher
throughput of DNR-HLSFM translates into the so-called Fellgett’s advantage [36]. Achieving
line scan with our DMD-based device, we have have quantified an improved signal-to-noise of
about 8 dB (see Section 4.3). The source intensity of a line scan can be increased to achieve
the same amount of fluorescence emission as a Hadamard scan (e.g. by a factor of 128 for a
Hadamard scan of order 128). However, this would result in a higher peak intensity for the line
scan. This can be detrimental to the sample as photobleaching and phototoxic effects are highly
nonlinear with respect to the excitation intensity [52]. Further studies should address this issue.

Hyperspectral alternatives based on tunable filers reject a large fraction of the fluorescent
signal emitted by the sample [53], leading to poor light collection and increased photobleaching
compared to DNR-HLSFM that exploits all emitted fluorescence photons. The snapshot imager
introduced in [10] is fast but imposes a tradeoff between the field of view and the spectral
resolution, whereas DNR-HLSFM, though slower due to is sequential nature, offers higher
spectral resolution (e.g., <4 pm ) over a larger field of view (e.g., 1.5x1.5 mm?). The spectral
resolution is determined by the focal length of the cylindrical lens, the slit width and the grating
of the spectrometer. Raw acquisitions include 2,048 spectral channels that we have binned to 128
channels to match the spectral resolution of the spectrometer (2 nm, achieved with a 600 pm slit).
We have chosen the largest slit available in order to maximise light throughput while ensuring the
different fluorophores can be resolved.

While the longitudinal resolution along the slit of the spectrometer depends only on the
collection objective, the transverse resolution transverse to the slit of the spectrometer is limited
by the number of patterns displayed on the DMD and our ability to engineer systems capable
of generating high-frequency structured light sheets. Using a collection objective with a low
numerical aperture (NA = 0.1, at 500 nm theoretical Rayleigh resolution of ~3 nm and focal depth
of ~50 nm), we have achieved a lateral resolution of 7 num for a longitudinal resolution of 15 pm
using 128 patterns (see Section 4.1) over a field of view of 1.5 mm?. Higher spatial resolutions
could be achieved using collection objectives with higher numerical aperture. Moreover, it has
been shown that structured illumination LSFM can achieve resolutions below 100 nm in the
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Fig. 5. Separation of fluorescent proteins with overlapping spectra. The sample is a
4-day-old Tg(sox10:mRFP;olig2:DsRed) zebrafish larva. a-h, Entire embryo imaged
using conventional and DNR-HLSFM. a, Conventional LSFM image acquired using the
grayscale arm. b—c, Quantitative abundance maps after autofluorescence (AF) removal
obtained using DNR-HLSFM; b is the same slice as in a; ¢ is the 3D representation
obtained from 20 slices. d—f, Quantitative abundance maps of mRFP, DsRed and
autofluorescence obtained by DNR-HLSFM using the spectra in j for unmixing. g-
h, Images obtained by filtering conventional LSFM using the two band-pass filters
whose response are depicted in j. i,k, Head of the embryo imaged by a commercial
confocal microscope (Zeiss LSM780 using optical filters. j, Filters (dashed lines) and
fluorescence spectra for spectral unmixing (solid lines).(T) point to the spinal cord, (|)
indicate the cerebellum. Lateral views, anterior is left. Scale bars = 100 pm.
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lateral direction [54], while random illuminations can also break the diffraction limit [55]. The
spatial resolution of DNR-HLSFM is therefore ultimately limited by the number of patterns and
light throughput, leading to a trade-off between the spatial resolution and the imaging speed
in the longitudinal dimension. The spatial resolution could also be improved using software
that incorporates the conventional LSFM images acquired using the grayscale arm, a technique
known as pansharpening in remote sensing [56]. By shaping the light using a DMD, we can
numerically adjust both the thickness of the light sheets and the transverse resolution, providing
a high degree of flexibility to adapt to different samples.

Considering a power of 0.64 mW at the sample plane, DNR-HLSFM acquired more that
65, 000x 128 pixels (spatial X spectral) in approximately 8 min 30 s (see Table S2 of Supplementary
document). The method in [9] achieved shorter acquisition times (down to 1.5 s) but with
higher laser power (2-10 mW in the back focal plane of the illumination objective) and for only
2,000 x 70 pixels (spatial x spectral). For fair comparison, we introduce the power-time budget
per pixel (see Section 4 of Supplementary document). The lower the power-time budget per
pixel, the faster. While the pushbroom method in [9] works at ~200 pW.ms/pixel, DNR-HLSFM
requires only 40-50 pW.ms/pixel (2-3 pW.ms/pixel before binning raw measurements), which
constitutes an acceleration of one or two orders of magnitude. This analysis assumes a similar
signal-to-noise ratio or image quality, which appears reasonable visually. However, further
quantitative analysis is required to confirm this. It is also important to note that the acquisition of
multiple slices has been done sequentially by translating the sample. The acquisition of multiple
slices using DNR-HLSFM could be further accelerated by exploiting structured light sheets in
the translation direction, in a similar fashion to [57-59], or even adapting the modulation to the
sample, in line with the smart microscopy trend [60].

‘We have proposed a fast, simple yet effective, data-driven reconstruction method. Building
on [42], our algorithm has only two steps. Alternatives include iterative algorithms based on
the concept of unrolling [21] or plug-and-play [61] methods. The different spectral channels
of the same hypercube have different intensities and hence different noise levels. It is therefore
key to adapt regularisation to the noise level. In this regard, the Tikhonov step was found to
generalise better to unseen noise levels than simpler alternatives based on the computation of the
pseudo inverse solution, in accordance with previous studies [42]. Our approach reconstructs all
spectral channels independently. More demanding alternatives could consider reconstruction
strategies working across both the spatial and spectral dimensions, i.e., handling the different
spectral channels jointly (e.g., see [62]). Here again, great care should be taken to avoid spectral
distortions that would significantly degrade our ability to unmix the spectral components in the
sample. The approach developed in [13] is fit-free and does not require any prior assumptions
about the components. However, it assumes that a only few parameters are required to describe
the measured spectra. Here, we have assumed that the emission spectra of the fluorescent proteins
are known and constant across the sample, hence discarding spectral changes due to the local
environment. However, the assumption may not be met in other samples. In this case, the spectra
can be estimated together with the quantitative abundance maps. This problem, referred to as
non-negative matrix factorisation, has a long history in statistics and linear algebra [63] but is
much harder to solve.

6. Conclusion

Our work demonstrates that it is possible to achieve high-fidelity quantitative imaging in complex
biological samples by combining structured illumination and data-driven hyperspectral unmixing
techniques. Our approach eliminates the need for mechanical scanning. It results in increased
light throughput compared to line scanning strategies and reduced photobleaching compared
to filter-based approaches. We have experimentally validated our approach by successfully
quantifying spectrally overlapping fluorophores and removing autofluorescence in zebrafish
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embryos, a widely used model in developmental biology and neuroscience. Fully computer-
controlled, it opens up new horizons in biomedical research by enabling versatile strategies such
as adaptive or smart scanning for fast and quantitative imaging. Future work will address samples
with more fluorphophores, as well as increasing the spatial resolution and acquisition speed
further.
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