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Sensor-agnostic retrieval of solar-induced fluorescence (SIF) 
in the O2-A band
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▪ Foundation modelling paradigm: 

▪ Self-supervised pretext task
on large data set

▪ downstream task finetuning on 
specialized data

▪ Explored here: FM-based SIF 
retrieval from hyperspectral radiance

▪ Long-term goals

▪ Single retrieval SIF composites 
(FLEX, DESIS, S5P, S3, TanSat)

▪ Few-shot adaption to new 
sensors

▪ Necessary: Feature-based SIF 
retrieval methodology

GSD < 5m, FWHM: 0.27 nm GSD = 30 m, FWHM: 3.5 nm

HyPlant FLUO DESIS 

FWHM: 3.3 nm
SSI: 2.5 nm

O2-A band

13 samples

FWHM: 0.27 nm
SSI: 0.11 nm

O2-A band

~ 100 samples
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Outline of the Spectral Fitting Method Neural Network 
(SFMNN): Replacing the optimization in in SFM

e.g. AOT, reflectance or fluorescence
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→ No gradient

→ Computationally expensive
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Fast emulation of in DESIS and HyPlant O2-A absorption 
bands for NN training

Pato et al. 2025, JSTARS, doi: 10.1109/JSTARS.2024.3457231

▪ RTM simulations of typical 
HyPlant and DESIS observational 
conditions in O2-A

▪ Simulation approximation with a 
surrogate model

▪ Balance three goals 

▪ Approximation accuracy

▪ Prediction speed

▪ Gradient

▪ Polynomial, simple NN (MLPs), 
kernel and Gaussian ridge 
regression

▪ 4th order polynomial meets 
requirements
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SFMNN yields state-of-the-art SIF retrieval in HyPlant

Buffat et al. 2026, RSE, doi: 10.1016/j.rse.2025.115203
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▪ Encoder and decoder defined as 
MLPs

▪ Training on individual campaign 
data sets

▪ Validation with FLoX SIF estimates

▪ State-of-the-art SIF retrieval 
accuracy

▪ Straight forward SIF prediction in 
topographically variable terrain
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Quasi-simultaneous matchups for SFMNN performance 
validation in DESIS

▪ 2023 match-ups between DESIS 
and HyPlant

▪ Small time difference of
4 - 25 minutes

▪ SFMNN with additional 
regularization

DESIS

HyPlant

Buffat et al. 2024, Selected HyPlant, DESIS and OCO-3 acquisitions for the cross-comparison of sun-induced fluorescence products 
doi: 10.26165/JUELICH-DATA/YNYLFQ
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▪ Additional constraints: 

▪ Atmospheric quantities

▪ Residual prediction wrt. 
supervised predictor 

▪ Comparison in match-ups reveals 
significant agreement

▪ Performance skillful under 
exclusion of eventual reflectance 
correlation

Buffat et al. 2025, ECCV CVPPA 2024, doi: 10.1007/978-3-031-91835-3_6

04.06.2026

DESIS: the first SIF estimates from space at 30 m

R2 controlled for reflectance at 780 nm

25 – 75 %

10 – 90 %

DESIS – HyPlant comparison DESIS – OCO3 comparison

R2 R2
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Setup of FM-based multi-sensor SFMNN training

▪ Limitations of SFMNN:

▪ Sensor-specific emulation 
and training

▪ Finetuning necessary

▪ Targeted solution (SpecFound): 
FM + SFMNN downstream training

▪ FM pretraining over varied set of 
hyperspectral data sources

prepared

planned
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Setup of FM-based multi-sensor SFMNN training (SpecFound)

Sensor-agnostic 
DOFA features

(1)

(2)

▪ Dynamic-One-For-All : sensor-agnostic spectral 
representation (DOFA, Xiong et al. 2024)

▪ Separation of spatial and spectral features 
(MaskedSST, Scheibenreif et al. 2023)

▪ Masked image modelling and Rad. to Ref.

▪ Downstream training: SFMNN on DOFA 
features

▪ Joint training on DESIS and HyPlant
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Sensor-agnostic 
features
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▪ Explained variance (R2) similar to SFM 
and iFLD baselines

▪ Absolute Error (MAE) is elevated 
with respect to SFMNN

HyPlant: SpecFound SIF retrieval performance is subpar 
to SOTA but sensitive to in-situ variation

HyPlant / FloX measurement match ups

Page 1504.06.2026
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SpecFound DESIS SIF estimate is sensitive to airborne 
HyPlant SFM product 

R2 = 0.52
MAE740 = 0.95 mW nm-1 sr-1 m-2

DESIS / HyPlant measurement match ups

▪ SpecFound SIF is sensitive to 
HyPlant SFM

▪ Absolute performance lower 
than SFMNN

▪ Achieved w/o additional 
constraints
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Conclusions and Outlook

▪ SpecFound: SFMNN as a downstream task to a sensor-agnostic foundation model.

▪ Validation with in-situ measurements and cross-validation: estimates are sensitive to high-
quality SIF estimates both in HyPlant and DESIS.

▪ SpecFound SIF retrieval performance is subpar compared to SFMNN.

▪ Atmospheric constraints

▪ Calibration variation 

▪ Few-shot properties in FLEX and Sentinel-5P  

▪ Additional sensors in data set: performance with retrained SpecFound model
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Replacing the simulation with an emulator: 
Spectral Fitting Neural Network (SFMNN)

Emulator 
(~ 4th order polynomial)

▪ SFMNN integration: use simple emulator 
as simulation layer

▪ Extended emulator with bandwise sensor 
miscalibration

04.06.2026

Buffat et al. 2026, RSE, doi: 10.1016/j.rse.2025.115203
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▪ Loss regularization

▪ No SIF in bare soil

▪ Loss weighting according to 
modelled signal strength

Publication I

SFMNN loss formulation: regularized residual 
minimization

24.02.2026

Buffat et al. 2024, RSE, doi: 10.1016/j.rse.2024.114596

Overall reconstruction O2-A reconstruction Bare soil constraint
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▪ MODTRAN6 simulations of typical 
HyPlant and DESIS observational 
conditions

▪ Fine-grained simulated data bases

High-fidelity simulations of the O2-A absorption band to 
allow RTM emulation

Pato et al. 2025, JSTARS, doi: 10.1016/j.rse.2025.114944
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Emulation of bandwise sensor shifts

miscalib. not considered

miscalib. considered

No emulation

Full emulation

Approximate emulation

▪ Extend emulation with bandwise 
sensor shifts (wavelength & FWHM)

▪ Full representation is inefficient

▪ Adopting bandwise approximations

04.06.2026

Buffat et al. 2026, RSE, doi: 10.1016/j.rse.2025.115203



Page 17

Emulation of bandwise sensor shifts

Correction weight

approximate accurate

em. with shifts

em. w/o shifts

04.06.2026

▪ Extend emulation with bandwise 
sensor shifts (wavelength & FWHM)

▪ Full representation is inefficient

▪ Adopting bandwise approximations

▪ Small variation in weighting factor 
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