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Abstract. In fluorescence microscopy, spectral unmixing aims to re-
cover individual fluorophore concentrations from spectral images that
capture mixed fluorophore emissions. Since classical methods operate
pixel-wise and rely on least-squares fitting, their performance degrades
with increasingly overlapping emission spectra and higher levels of noise,
suggesting that a data-driven approach that can learn and utilize a struc-
tural prior might lead to improved results. Learning-based approaches
for spectral imaging do exist, but they are either not optimized for mi-
croscopy data or are developed for very specific cases that are not ap-
plicable to fluorescence microscopy settings. To address this, we pro-
pose λSplit, a physics-informed deep generative model that learns a
conditional distribution over concentration maps using a hierarchical
Variational Autoencoder. A fully differentiable Spectral Mixer enforces
consistency with the image formation process, while the learned struc-
tural priors enable state-of-the-art unmixing and implicit noise removal.
We demonstrate λSplit on 3 real-world datasets that we synthetically
cast into a total of 58 challenging spectral unmixing benchmarks. We
compare our results against a total of 10 baseline methods, including
classical methods and a range of learning-based methods. Our results
consistently show competitive performance and improved robustness in
high noise regimes, when spectra overlap considerably, or when the spec-
tral dimensionality is lowered, making λSplit a new state-of-the-art for
spectral unmixing of fluorescence microscopy data. Importantly, λSplit
is compatible with spectral data produced by standard confocal micro-
scopes, enabling immediate adoption without specialized hardware mod-
ifications. The code and all datasets used in the experiments are available
at https://github.com/juglab/lambdaSplit.
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1 Introduction

Fluorescence microscopy is a fundamental tool for biomedical discovery in the
life sciences, enabling us to visualize selected biological structures labeled with
fluorescent markers called fluorescent probes (FPs). The most common way to
image biological samples is arguably multiplexed imaging, where multiple FPs
labeling different structures in a sample are imaged one at a time using appro-
priate bandpass filtering (see Fig. 1). Due to the emission properties of FPs, the
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Fig. 1: Spectral Imaging and Unmixing in a nutshell. A biological sample is la-
beled with F �uorescent probes (FPs) whose emission spectra typically overlap. While
for multiplexed imaging each FP is imaged in isolation using F appropriate band-pass
�lters (see Multiplexed Imaging Channels), spectral imaging, instead, acquires L spec-
tral bands in which photons of all FPs are un�ltered and therefore mixed (see Spectral
Imaging Bands). Note that multiplexed imaging can su�er from bleed-through arti-
facts due to overlapping emission spectra. To retrieve all F unmixed concentration
maps (right), we propose �Split, a self-supervised method that leverages learned struc-
tural priors to achieve state-of-the-art results even when spectra overlap considerably,
when imaging noise is high, and when the spectral dimensionality L is lowered.

limited spectral range of visible light, and the available microscopy hardware,
multiplexed imaging is, in practice, used to image 2 to 4 structures in their re-
spective image channels. In addition, sequential acquisitions increase the required
imaging time and, for live samples, result in channels that do not correspond to
the same time point. Last but not least, repeated rounds of imaging can lead to
increased light exposure and, therefore, a higher degree of photobleaching and
phototoxic e�ects, which are naturally undesired [12,22,34,41]. These limitations
motivate other approaches to image multiple �uorescently labeled structures in
a biological sample, i.e., spectral imaging approaches.

Spectral �uorescence microscopy does not image FPs one at a time but in-
stead collects all emitted light at once [10,45]. To later recover the individual FP
emissions (�uorophore concentrations), the emitted light is collected in a �xed
number of spectral bands. Here, the signal at each spatial location is not a single
intensity value but a spectral measurement that quanti�es how much light was
collected over a set of wavelength intervals (bands), as shown in Fig. 1.

Spectral imaging shifts the burden from hardware-based channel separation
to computational separation of �uorophore emissions. This separation is com-
monly addressed through spectral unmixing, where classical approaches estimate
�uorophore contributions independently at each pixel using least-squares �tting
to reference spectra [44]. While conceptually simple, such pixel-wise formula-
tions degrade when spectra overlap considerably, when noise levels are high, or
when the spectral dimensionality is lowered (i.e., when fewer bands are imaged).
Learning-based approaches o�er an alternative by incorporating spatial context
and data-driven structural priors. However, existing methods either do not ac-
count for the optics and noise characteristics of �uorescence microscopy or are
tailored to narrowly de�ned acquisition settings.
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To address these limitations, we introduce �Split, a physics-informed deep
generative framework for spectral unmixing in �uorescence microscopy that
leverages a fully di�erentiable spectral mixing module (i.e., the Spectral Mixer),
which enables self-supervised training. Our approach achieves robust unmixing
and implicit denoising across challenging imaging conditions, as we demonstrate
experimentally on a total of 58 benchmarks we de�ned for this work.

Importantly, �Split operates directly on spectral acquisitions produced by
standard point-scanning confocal microscopes, enabling immediate integration
into existing experimental work�ows without hardware modi�cations.

2 Problem Setting

A spectral image can be represented as S 2 RL�Z�Y �X , where (Z; Y; X) denotes
the spatial dimensions and L denotes the spectral dimension, i.e., the number of
spectral bands. Depending on the microscope con�guration, L can vary substan-
tially: some systems provide relatively dense spectral sampling with a number of
contiguous, equispaced, narrow bands of up to 32, while others rely on coarser
spectral measurements, leading to only 4 or 5 bands that can even be �exibly
tuned to cover arbitrary wavelength intervals.

The measured spectral signal at each spatial location arises from the union
of all photons emitted by FPs that are present at that location. Because FPs
typically exhibit relatively broad and overlapping emission spectra (see, e.g.,
Fig. S.4), the signal in each spectral band contains contributions from multiple
�uorescent sources.

The goal of spectral unmixing is therefore to recover, from an observed spec-
tral acquisition S, a set of images representing the spatial concentration maps of
the individual FPs, also referred to as the unmixed images U [44]. The spectral
image formation process can be described by a linear mixing model:

S = MU + "; (1)

where U 2 RF �Z�Y �X denotes the unknown �uorophore concentration maps
for F FPs, M 2 R L�F is the mixing matrix whose columns correspond to the
discretized emission spectra of the �uorophores, and " represents pixel noise.
In Eq. (1), tensors are multiplied following the Einstein summation convention.

The unmixing problem at hand is inherently an ill-posed inverse problem.
Overlap between emission spectra makes the unmixing harder, and together with
additional noise introduces ambiguities for this inverse problem. Additionally, a
limited number of spectral bands (lower spectral dimensionality) can render the
system underdetermined, particularly in regimes where L < F . These challenges
are further ampli�ed in realistic biological samples, where �uorophores may be
spatially co-localized, and experimental conditions can induce spatial and spec-
tral variability.
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3 Related Work

Classical spectral unmixing. A widely used approach is linear unmixing (LU),
which estimates �uorophore concentration maps by solving a least-squares prob-
lem given reference spectra [44]. Common variants, non-negative LU (NNLU)
and fully constrained LU (FCLU), incorporate additional constraints such as
non-negativity and sum-to-one priors [4,9,35]. While e�cient and widely adopted
in �uorescence microscopy, these pixel-wise formulations remain sensitive to
noise, spectral overlap, and reduced spectral dimensionality. Alternative ap-
proaches, such as Richardson�Lucy unmixing (RLU) [18] and hybrid phasor-
based methods (HyU) [6] improve robustness in noisy regimes while still oper-
ating pixel by pixel.

Blind spectral unmixing. Blind unmixing methods estimate both emission
spectra and �uorophore concentrations directly from spectral data. A common
approach is non-negative matrix factorization (NMF) [21], including variants
developed for microscopy such as NMF-RI [14,37]. These approaches still rely on
pixel-wise LU once spectra are estimated. Other approaches formulate unmixing
as a mutual information minimization problem between target structures, such
as PICASSO and Mosaic-PICASSO [5, 33]. Still, their practical applicability
remains limited to cases where the spectral dimensionality matches the number
of target structures.

Learning-based approaches. Learning-based spectral unmixing methods have
recently emerged in both microscopy and remote sensing. In �uorescence mi-
croscopy, clustering-based approaches such as LUMoS [23] and supervised con-
volutional models such as AutoUnmix [13] and UNMIX-ME [36] have been pro-
posed. More broadly, a large body of work in remote sensing explores deep
architectures for hyperspectral unmixing, including autoencoder-based models,
convolutional networks exploiting spatial context, and model-inspired networks
that incorporate the mixing process into the decoder or unroll iterative opti-
mization schemes [7, 8, 11, 25, 26, 30, 31, 38]. Despite conceptual similarities, the
microscopy setting di�ers substantially due to its high spatial resolution, limited
spectral dimensionality, and distinct noise characteristics.

Content-aware models in microscopy. Recent work has shown that content-
aware priors can substantially improve inverse problems in �uorescence mi-
croscopy [16, 17, 27, 28, 42]. MicroSplit [1], for example, uses hierarchical vari-
ational architectures to separate multiple structures from a single �uorescence
image. While this approach does not model spectral mixing, it highlights the
potential of learned structural priors for decomposing microscopy images.

A more extensive discussion of related work and methodological di�erences can
be found in the supplementary material (Sec. S.2).
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Fig. 2: Proposed architecture of �Split. The model builds on an LVAE back-
bone [39], where a bottom-up encoder produces features hi at multiple hierarchy lev-
els. At the highest hierarchy level we employ a default multivariate Gaussian prior,
followed by learnable top-down priors p i (conditioned from above) that, combined with
the respective hi , form the �nal posterior distributions (� q;i ; � q;i ). Latent samples are
generated by drawing from the topmost Gaussian and successively propagating and
resampling down the hierarchy through a deterministic decoder to, �nally, generate
FP concentration maps. The last decoder layer comprises an unmixing convolutional
block (blue) that maps the �nal activation into the desired unmixed concentration map
tensor. To render our method fully self-supervised, a di�erentiable Spectral Mixer mul-
tiplies the predicted concentration maps by the transposed mixing matrix M T 2 R F �L ,
obtainable by discretizing the emission spectra of the FPs contained in the imaged sam-
ple (bottom). This models the physical image formation process and, given that the
predicted concentration maps are correct, reconstructs the spectral image we received
as input, rendering this setup an end-to-end trainable variational autoencoder. The
model is trained by minimizing the sum of the hierarchical KL divergence (computed
from latent samples) and a spectral MSE reconstruction loss.

4 Methods

Our approach builds on three key components. First, we introduce a convo-
lutional hierarchical variational framework based on a Ladder Variational Au-
toencoder (LVAE) backbone [39], replacing pixel-wise estimation with a spatially
aware model that learns multi-scale structural priors from data. The variational
formulation implicitly regularizes the inverse problem, models a conditional dis-
tribution over �uorophore concentration maps, and improves robustness under
noise, spectral overlap, and varying acquisition con�gurations. Second, we in-
corporate a �xed, fully di�erentiable spectral mixing module that implements
the physics-based linear image formation model by mapping predicted concen-
tration maps into spectral space using known emission pro�les (see Fig. 2). This
enables self-supervised training directly from mixed spectral observations while
maintaining interpretability and general applicability across acquisition setups.
Third, we perform extensive validation using a high-�delity spectral simula-
tion pipeline and three real multiplexed microscopy datasets, constructing 58
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controlled unmixing benchmarks that systematically vary photon noise, spectral
overlap, and spectral dimensionality, including underdetermined regimes. Across
these settings, we demonstrate improved robustness and stability compared to
classical and learning-based baselines.

As introduced in Sec. 2, given a spectral image S 2 RL�Z�Y �X , our goal
is to recover FP concentration maps U 2 RF �Z�Y �X . Here, our objective is
to learn a conditional generative model p� (UjS) that captures a distribution
over plausible unmixed solutions while remaining consistent with the physically
grounded linear mixing process introduced in Eq. (1). To enforce this consistency,
we introduce a di�erentiable Spectral Mixer that reconstructs a spectral image
Ŝ directly from the generated unmixed output U via multiplication with the
spectral mixing matrix M 2 R L�F . The column M :;j = [m 1j ; m2j ; : : : ; mLj ]>

of the mixing matrix encodes the discretized spectrum of the �uorophore j,
with entries m `j obtained by averaging the continuous emission pro�le over the
`-th spectral band. In practice, these spectra can either be obtained from public
databases such as FPBase [20] or measured directly from dataset-speci�c single-
�uorophore control samples. We further `1-normalize each spectrum such thatP L

`=1 m`j = 1, ensuring that the Spectral Mixer preserves the total intensity
between spectral and unmixed images, i.e.,

LX

`=1

Ŝ`;p =
LX

`=1

FX

j=1

m`j Uj;p =
FX

j=1

Uj;p ; (2)

for all spatial locations p.

Modi�ed ELBO and LVAE Loss for Spectral Unmixing. To model the
generative conditional distribution p � (UjS), we train a hierarchical VAE, specif-
ically an LVAE [39]. Our objective is therefore to maximize the conditional log-
likelihood

arg max
�

NX

i=1

log p� (Ui j Si ); (3)

where � denotes the decoder parameters de�ning the generative distribution.
By introducing hierarchical latent variables z = fz 1; : : : ; zK g, where K is the
number of hierarchy levels, and the variational posterior parameterized by the
encoder q� (z j S) with parameters �, we obtain the standard variational evidence
lower bound (ELBO), which, according to our notation, reads as

Eq� (zjS)
�

log p� (Ujz)
�

� KL
�
q� (zjS) k p � (z)

�
: (4)

A detailed derivation of the ELBO is presented in Sec. S.3.1. As the unmixed
FP concentration channels U are not directly observable, and to recover a self-
supervised autoencoder setup in which the reconstructed output can be com-
pared to the spectral measurement given as the original input, we map U back
to the spectral domain as a reconstructed imagêS, using the previously intro-
duced Spectral Mixer. This fully di�erentiable spectral mixing layer also ensures
consistency with the physical image formation process.
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Hence, the spectral observation is now obtained through a �xed, deterministic
mixing process, S = g(U) = MU. Given latent variables z sampled from the
variational posterior q� (z j S), the decoder predicts �uorophore concentration
maps U(z) � p � (U j z), which are subsequently mapped to the spectral domain
to generate a reconstructed spectral imagêS(z) = MU(z).

Since the spectral formation process is deterministic and we do not assume
a probabilistic noise model, the conditional likelihood p� (S j z) cannot be di-
rectly speci�ed in closed form. In practice, we approximate the corresponding
reconstruction term using the spectral mean squared error (MSE) between the
observed spectral image and its reconstruction,

L spMSE
�
S; Ŝ

�
=

1
LP

LX

`=1

PX

p=1

�
S`;p � Ŝ`;p

� 2
; (5)

where P = Z � Y � X is the total number of voxels in the image. The resulting
training objective is therefore de�ned as

L = E q� (zjS)

h
L spMSE

�
S; Ŝ(z)

� i
+ KL

�
q� (z j S) k p � (z)

�
: (6)

Implementation Details. As mentioned before, we employ an LVAE architec-
ture [39]. Since it allows sampling from the posterior distribution over unmixed
images, we infer predictions by averaging 50 posterior samples, giving us an ap-
proximate MMSE estimate [27]. We employ a latent hierarchy with 4 stochastic
levels, for which the spatial resolution is progressively reduced by factors of two,
while the feature channel dimensionality is kept constant at 128. The KL loss is
computed per latent level as a Monte Carlo estimate over the batch by averag-
ing the KL across all entries of the latent tensors, and is then averaged across
levels. The �nal KL term is weighted by � = 1. The choice of the number of
stochastic levels and the KL weight � is supported by ablation studies reported
in the supplementary material Sec. S.5.

Our implementation can operate on 2D and 3D spectral data by employing
2D and 3D convolutional layers, respectively. While training is performed on
randomly extracted patches of size 64 � 64 for 2D inputs and 8 � 64 � 64 for
3D data, at inference time we employ inner tiling [3], with one-quarter overlap
between neighboring tiles.

Models are trained using the Adamax [15] optimizer with default hyperpa-
rameters. We use a batch size of 32 and an initial learning rate of 10�3 . Training
is performed for 150 epochs using mixed precision and early stopping with pa-
tience set to 30 epochs. The learning rate is reduced on plateau with a patience
of 15 epochs. To preserve the relative intensity between spectral bands, input
spectral images are normalized using global mean�standard deviation normal-
ization. All models were trained on an NVIDIA DGX H200 system using either
an 18GB or 35GB MIG partition for 2D and 3D models, respectively. Training
time depends on the dataset size and dimensionality, typically ranging from 2
hours to approximately one day.
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Baselines. We compare �Split against a set of classical and learning-based
spectral unmixing baselines. As direct linear methods based on least-squares,
we include linear unmixing (LU), non-negative LU (NNLU) [35], and fully-
constrained LU (FCLU) [9]. We further evaluate HyU [6], Richardson�Lucy
Unmixing (RLU) [18], and NMF-RI [14], which are speci�cally developed for
�uorescence microscopy and low-photon settings.

We additionally consider learning-based methods. For low-band settings (� 5
bands), we compare to LUMoS clustering-based unmixing [23]. Additionally,
we include the Transformer Unmixing Autoencoder (TAEU) [8], developed for
spectral unmixing in remote sensing. The motivation for choosing this algorithm
is its popularity and success in the �eld, as well as the availability of an open-
source implementation.

We also compare �Split against two supervised DL-based methods: a stan-
dard supervised UNet [32] and AutoUnmix [13].

Please �nd additional information about baselines and their implementation
in Sec. S.3.2.

Evaluation Metrics. We evaluate unmixing performance using a combination
of intensity-based, structural, perceptual, and signal-quality metrics. We report
range-invariant PSNR and MS-SSIM (abbreviated as MS3IM), as introduced
in [42], which compensate for global intensity scaling di�erences between pre-
diction and ground truth (e.g., due to di�erent output normalization). More-
over, we include the Pearson correlation coe�cient, LPIPS [43], and SNR
of the predicted unmixed images. Finally, we also report MicroMS-SSIM [2]
(abbreviated as �MS3IM), which is a structural similarity metric tailored to mi-
croscopy data. More details about the implementation of the employed metrics
are reported in Sec. S.3.3.

5 Data and Data Handling

Data Simulation Pipeline. Since ground-truth (GT) �uorophore concen-
tration maps are typically unavailable (and even unobtainable) in microscopy
settings, we rely on synthetic data to enable controlled benchmarking across
acquisition conditions with variable noise, spectral overlap, and spectral dimen-
sionality. To generate realistic spectral mixtures, we use a powerful microscopy
simulation pipeline based on the open-source microsim Python package [19].
Multi-channel inputs, either real multiplexed �uorescence images or multiclass
segmentation maps, are interpreted as spatial �uorophore concentration �elds
and serve as GT for evaluation. Each channel is associated with a �uorophore
emission spectrum, from which a noise-free spectral volume is generated. The
simulator then models optical e�ects (e.g., point spread functions) and the image
acquisition process, including photon statistics, readout noise, and con�gurable
spectral band placements that emulate realistic spectral microscopy setups. This
pipeline enables the controlled generation of physically consistent spectral mix-
tures across diverse experimental settings. Additional details and a schematic
overview are provided in the supplementary material (Fig. S.1).



�Split 9

Fig. 3: Qualitative results on high-noise BioSR data (exposure 10 ms). Com-
pared to 7 baselines, �Split produces the cleanest results, also bene�ting from its im-
plicit noise removal capabilities. Objects and details (e.g., puncta in the CCPs channel
or F-Actin structures) are well recovered, enabling best possible downstream analyses.

Real-world Datasets. We use three publicly available �uorescence microscopy
datasets as inputs for our simulation pipeline. The BioSR dataset [29] consists of
2D high-SNR �uorescence images (1004�1004 pixels) of four organelles (micro-
tubules, F-actin, endoplasmic reticulum (ER), and clathrin-coated pits (CCPs)).
These images provide structurally well-resolved organelle distributions suitable
for controlled spectral simulations. The CellAtlas dataset contains four-channel
multiplexed images from the Human Protein Atlas project [24, 40], comprising
tens of thousands of 2D images across diverse cell types. In this work, we select
a subset of 300, 2048�2048 images where the four channels correspond to nu-
clei, microtubules, endoplasmic reticulum, and mitochondria. Finally, the HHMI-
D25-8bit dataset introduced in [1], here referred to as HHMI25 , includes 3D
multiplexed �uorescence volumes (17�2048�2048) acquired from mouse liver tis-
sue samples. Each volume contains �ve labeled structures: lipid droplets, nuclei,
peroxisomes, cortical actin, and lysosomes, enabling us to conduct volumetric
spectral simulations.

6 Experiments and Results

We evaluate �Split across a series of controlled spectral unmixing benchmarks
designed to isolate the main sources of di�culty in microscopy data. Speci�cally,
we analyze robustness to noise, increasing spectral overlap between FP emis-
sions, and reduced spectral dimensionality (fewer spectral bands). In all cases,
we report quantitative and qualitative results against the selected baselines.
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Table 1: Quantitative results on the CellAtlas data for various noise lev-
els. Columns, from left to right, report: (i) exposure times (less causing more noise);
(ii) the resulting SNR of the spectral input images (aggregated over all spectral bands);
(iii) baselines considered for the set of experiments; (iv) quality metrics, i.e., PSNR,
MS-SSIM (MS3IM), MicroMS-SSIM (�MS3IM), LPIPS, Pearson correlation coe�-
cient, and average SNR of unmixed images (see main text for details). Higher values
are better, except for LPIPS. In each metric column, the best result is shown in bold,
while the second best isunderlined.

Exp SNR sp Method PSNR " MS3IM " �MS3IM " LPIPS # Pearson " SNR u "

2ms 5.33

LU [44] 23.96 0.799 0.647 0.485 0.779 8.44
NNLU [35] 24.06 0.803 0.647 0.439 0.785 8.59
FCLU [9] 20.70 0.520 0.619 0.511 0.540 5.04
HyU [6] 24.28 0.803 0.500 0.442 0.795 11.35
RLU [18] 23.98 0.799 0.647 0.442 0.781 8.47
NMF-RI [14] 24.09 0.803 0.474 0.440 0.790 8.69
TAEU [8] 24.52 0.761 0.652 0.520 0.800 60.79
�Split (ours) 27.14 0.904 0.625 0.373 0.885 21.35

5ms 11.04

LU 28.52 0.921 0.792 0.378 0.920 20.33
NNLU 28.55 0.921 0.721 0.319 0.921 20.34
FCLU 22.03 0.595 0.607 0.435 0.685 9.57
HyU 27.52 0.892 0.790 0.369 0.897 29.28
RLU 28.91 0.927 0.659 0.316 0.929 20.50
NMF-RI 28.86 0.927 0.795 0.315 0.926 20.91
TAEU 23.97 0.735 0.655 0.520 0.786 66.67
�Split (ours) 34.03 0.980 0.979 0.155 0.975 2047.10

10ms 22.57

LU 32.56 0.966 0.834 0.307 0.961 41.38
NNLU 32.64 0.967 0.834 0.228 0.962 41.35
FCLU 22.52 0.621 0.638 0.404 0.716 14.76
HyU 29.84 0.929 0.650 0.274 0.926 62.78
RLU 33.14 0.971 0.850 0.221 0.968 41.48
NMF-RI 32.99 0.971 0.839 0.224 0.967 42.93
TAEU 24.26 0.767 0.694 0.452 0.801 101.82
�Split (ours) 36.66 0.989 0.988 0.137 0.986 2041.18

20ms 43.05

LU 35.91 0.985 0.696 0.194 0.987 75.87
NNLU 36.02 0.986 0.696 0.128 0.988 75.78
FCLU 22.38 0.614 0.626 0.361 0.720 21.75
HyU 30.37 0.936 0.873 0.184 0.953 109.65
RLU 36.68 0.988 0.907 0.125 0.990 75.83
NMF-RI 36.49 0.989 0.703 0.124 0.989 77.96
TAEU 23.66 0.739 0.675 0.479 0.797 781.03
�Split (ours) 36.46 0.988 0.988 0.155 0.988 2697.59

6.1 Spectral Unmixing and Noisy Data

To assess robustness to pixel noise, we evaluate all applicable baselines on sim-
ulated 32-band spectral data derived from the BioSR, CellAtlas, and HHMI25
datasets. To simulate a realistic setting, we assigned four partially overlapping
�uorophores (mTurquoise, EGFP, EYFP, and mOrange) to the four structures
(�uorescent channels) in the BioSR and CellAtlas data. For the HHMI25 data,
which has 5 channels, we added mScarlet. The emission spectra of all used FPs
are shown in Figs. S.4 and S.5.

For each dataset, we simulate four exposure levels with increasing Poisson
noise while keeping Gaussian readout noise �xed at realistic magnitudes. The
highest signal-to-noise ratio (SNR) con�guration is selected such that baseline



�Split 11

methods perform well, representing a well-conditioned regime in which classi-
cal methods perform comparably to �Split. As shown in Tab. 1 and Tabs. S.1
and S.2, �Split continues to perform well as SNR decreases, consistently outper-
forming all baselines. Note that �Split's reported SNR u values are much higher
than those of other baseline methods. This is a result of the implicit denoising
capabilities of our proposed method. An analysis supporting this observation is
reported in the supplement (see Sec. S.6.2).

Qualitative comparisons also reveal that pixel-wise methods naturally prop-
agate the noise in the input into the unmixed channels. Results obtained with
�Split, in comparison, can discriminate the imaged structures from purely stochas-
tic pixel �uctuations, preserving boundary sharpness and leading to denoised
predictions (see Fig. 3).

Finally, we observe that the data-driven TAEU [8] and classical FCLU [9]
baselines, both created for spectral unmixing in remote sensing applications,
seem unsuitable for application to �uorescence microscopy data, leading to sub-
par results in all our experiments. For this reason, and to save space, we do not
report results for these two baselines in subsequent sections.

6.2 Spectral Unmixing and Overlapping Spectra

Next, we ask how unmixing performance changes as the overlap between the
used FPs increases. Everything else remains unchanged, allowing us to isolate
the e�ect of spectral overlap. To this end, we conducted a total of 40 experiments
where we simulated spectral data, just as before, but moved the emission spectra
closer together without changing their shape.

More concretely, we have used two pairs of the BioSR structures (Micro-
tubules + CCPs and ER + CCPs), and assigned to both the same emission spec-
trum (either EGFP or mTurquoise). For the second structure (CCPs), we have
then rigidly shifted its spectrum by �� 2 f2nm; 5nm; 10nm; 20nm; 50nmg (see
Fig. 4a,c for an illustration).

Further, we conducted these experiments using 32- and 5-band acquisition
regimes, in line with existing, commonly used commercial microscopy setups. To
keep the total photon budget �xed, we left the laser power and exposure times
(20ms) unchanged in both cases, which leads to higher per-band SNR when
fewer are being imaged. This, again, leads to an initial regime (for �� = 50nm)
in which classical baselines lead to results comparable to those of �Split.

For smaller values of ��, the quality gap of predictions consistently widens,
showing that �Split can e�ectively utilize its learned structural prior in these
more di�cult settings (see Fig. 4 and Figs. S.9 to S.11 and Tabs. S.3 to S.6),
where it consistently outperforms all other baselines.

6.3 Spectral Unmixing and Spectral Dimensionality

Next, we studied the e�ect of reducing the number of spectral bands. While
classical methods desire the number of bands to be at least equal to the number



12 F. Carrara, M. Sei� et al.

Fig. 4: Spectral unmixing with controlled spectral overlap (32 bands). For
this experiment, we use the Microtubules and CCPs structures from the BioSR dataset,
with 32 spectral bands imaged. a,e Synthetically shifted EGFP and mTurquoise emis-
sion spectra, respectively. While we �x the spectrum associated with Microtubules, the
emission spectrum of CCPs is rigidly shifted with increasing ��. b,f Quantitative met-
rics over ��, showing that �Split (blue) consistently outperforms all other baselines
and that the performance gap widens when spectral overlap is larger (hence, when
�� is smaller). c,d,g,h Representative crops from unmixing results for �� = 2 nm by
�Split and the best-performing baseline (w.r.t. PSNR), plus the corresponding ground
truth (GT) in the center. In c,d, we show Microtubules, while in g,h, we show CCPs.
Notice that, due to the high degree of overlap, each unmixed channel could exhibit
negative structures from the other channel, a common artifact in spectral unmixing.
For a cleaner visual comparison, we center the colormap on the background value and
we show negative pixels in magenta tones with the same scaling.

of unknowns (i.e., the number of used FPs), having a higher number of bands
o�ers numerical advantages.

We conducted two sets of experiments on the CellAtlas data: (i) we take the
highest SNR setup from Sec. 6.1 for the 32 band setup (note that the respective
column in Tab. 2 reports the same values as Tab. 1). We then reduced the number
of bands to 5, 4, and 3 while keeping the per-band SNR constant. This removes
SNR as a confounder, isolating the e�ect of spectral dimensionality, and (ii) we
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