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Formulating SIF retrieval as a downstream task
to a hyperspectral foundation model

Jim Buffat!, Miguel Pato?, Stefan Maier?, Emiliano Carmona?, Uwe Rascher3, Hanno Scharr’

T Forschungszentrum Jilich, Institute of Advanced Simulations, IAS-8: Data Analytics and Machine Learning
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Sensor-agnostic retrieval of solar-induced fluorescence (SIF)
in the O,-A band HyPlant FLUO

= Foundation modelling paradigm:

= Self-supervised pretext task
on large data set

» downstream task finetuning on .
specialized data 9 JULICH

Forschungszentrum

. Explored here: FM-based SIF GSD < 5m, FWHM: 0.27 nm GSD = 30 m, FWHM: 3.5 nm
retrieval from hyperspectral radiance

~100 I 13 samples
= Long-term goals SAmPes P

. . . 175 A _
= Single retrieval SIF composites - FWHM: 0.27 nm v T
(FLEX, DESIS, S5P, S3, TanSat) E ey SSEO1Tnm E
= Few-shot adaption to new 5 = g =
sensors £ o] g
= 75 ; 80 -
» Necessary: Feature-based SIF E E
retrieval methodology E e

o L 40 1

£ 0,-A band S O,-A band

> 650 760 7£0 740 76'0 78I0 GéO 760 72'0 740 76'0 78I0
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Outline of the Spectral Fitting Method Neural Network
(SFMNN): Replacing the optimization in in SFM

Measurement Network Prediction
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e.g. AOT, reflectance or fluorescence

@) JULICH
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Outline of the Spectral Fitting Method Neural Network

(SFMNN): Replacing the optimization in in SFM

Measurement Network Prediction
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e.g. AOT, reflectance or fluorescence
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Outline of the Spectral Fitting Method Neural Network
(SFMNN): Replacing the optimization in in SFM

Measurement Network Prediction
p
> MODTRANG
/
! Atmospheric
pi |- functions

Surface model

P13 i Sensor model

T —

e.g. AOT, reflectance or fluorescence
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Outline of the Spectral Fitting Method Neural Network
(SFMNN): Replacing the optimization in in SFM

Measurement

A

b

Member of the Helmholtz Association

Network Prediction

MODTRANG

Pi

P13

|

Sensor model

e.g. AOT, reflectance or fluorescence

04.06.2026
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— No gradient

— Computationally expensive
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Fast emulation of in DESIS and HyPlant O,-A absorption
bands for NN training

DESIS
= = = Performance parameter

= RTM simulations of typical OLS P2 P4 P NI N2 | KRR | GPR
g Test set MAE [mW!cmiisrfp.m] 0.77 0.17 0.011 0.0032 0.040 0.037 0.043 0.039

HyPIant and DESIS Observatlonal Total training time 16s 19s 1.8 min 1.2 min 1.2h 1.2 h 1.1 min 27s
Cond |t|0nS |n 02'A Prediction time per sample 0.06 ps 1.1 us 11 ps 28 ps 56 ps 45 ps 0.1 ms 0.2 ms

. . . . . . ) HyPlant

= Simulation approximation with a Performance parameter OIS 5 o o5 < <~ T ke | R
s u rrogate m Odel Test set MAE [mchmzr’srlum] 0.59 0.092 0.0027 0.0013 0.027 0.020 0.018 0.025

Total training time 1.7 min 45 s 1.3 min 1.5 min 20h 22h 6.3 s 13 s
n Balance th ree goaIS Prediction time per sample 1.3 ps 2.2 us 17 ps 47 ps 44 ps 43 ps 72 ps 0.7 ms

= Approximation accuracy

» Prediction speed i e —SS ____\/W
= Gradient

10° 107 4

10-14 N 10-11 “
. '_._'_‘—rl‘\\——v"_‘_‘ . MWWW«\M
10—1 4

= Polynomial, simple NN (MLPs),
kernel and Gaussian ridge

at-sensor radiance [mW/cm?2/srium]
at-sensor radiance [mW/cm?/sr/jum]

regression
104 10-4 4
4th d I = I t —e— total (SIF + reflectance) —— total (SIF + reflectance)
- oraer polynomial meets —— SIF — SF
. emulator error emulator error
req ul rementS 107500 745 730 755 760 765 790 795 780 107500 745 780 755 7e0 785 790 735 780
Anm] A [nm]

Pato et al. 2025, JSTARS, doi: 10.1109/JSTARS.2024.3457231
Member of the Helmholtz Association 04.06.2026



SFMNN yields state-of-the-art SIF retrieval in HyPlant

= Encoder and decoder defined as
MLPs

* Training on individual campaign
data sets

= Validation with FLoX SIF estimates

= State-of-the-art SIF retrieval
accuracy

SIF;60 [MWnm™ sr ! m™2] Elevation [m]

= Straight forward SIF prediction in
topographically variable terrain

(]
Buffat et al. 2026, RSE, doi: 10.1016/j.rse.2025.115203 ‘ ' J U L I C H
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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

Buffat et al. 2024, Selected HyPlant, DESIS and OCO-3 acquisitions for the cross-comparison of sun-induced fluorescence products ‘ W
doi: 10.26165/JUELICH-DATA/YNYLFQ J U L I c H
Member of the Helmholtz Association 04.06.2026 Page 6 Forschungszentrum



DESIS: the first SIF estimates from space at 30 m

DESIS — HyPlant comparison DESIS — OCO3 comparison
81 R?=0.60 ,-’f L | R2=020 / -
e (Afio) = 0.78 mWnm™'sr-Im2 .~ 0.17 — (Afgo) = 0:8 mW nm~' sr~! m~2 017
—,E 6 /,/,!E - 0.1 _j L l.. '/ 0.15
= Additional constraints: s ' o1z @ '= 012 2
=  Atmospheric quantities 24 g F v o0 7
= Residual prediction wrt. S| A momsn |72 o :'l_l -
supervised predictor 2 °] AN z f
= Comparison in match-ups reveals R pe—— , , — Lo s . . , — U
. . gn 0 2 1 6 8 0 1 2 3 | '
SIgnlflcant agreement HyPlant SIF [mW nm ™! sr! m~? OCO-3SIF [mW nm™" sr™! m~7]
- Performance skillful under RZ? controlled for reflectance at 780 nm
exclusion of eventual reflectance L5
correlation i _
— 10 T 5 L 5
” T: <R >A — ‘P| Z R (APTSO)
5 0.5 7 A
- T Aprgo =D (f740 ‘ fra0, |p — prso| < dP)
ax 00 oo =
Buffat et al. 2025, ECCV CVPPA 2024, doi: 10.1007/978-3-031-91835-3 6 -9 0.2 03 0.4 05 —05

Member of the Helmholtz Association 04.06.2026 P780 Page 7



Setup of FM-based multi-sensor SFMNN training

= Limitations of SFMNN: Dataset #Rad Ref. SIF Size Bands GSD
e : DESIS 20 x103 «  256x256 235  30m
= Sensor-specific emulation EnMAP 20 x10° + - 9256x256 202  30m
and training FLUO 27 x103 —  128x128 1024 <5m

= Finetuning necessary DUAL 21 x10° v - 128x128 626 <5m prepared
EMIT 65 x10° v — 9256x256 240  30m
. _ AvirisNG 8 x103 v — 256x256 220-430 <25m
= Targeted solution (SpecFound): APEX 10 x10° - 128x128 312 <10m
FM + SFMNN downstream training Sentinel-3 (*) 27 x10° —  — 256x256 11 500 m
o _ Sentinel-5P (*) 22 x103 — + 256x256 200 7 km
» FM pretraining over varied set of E2E FLEX () 120 - + 198x128 409  300m

hyperspectral data sources

IJ JULICH

Member of the Helmholtz Association 04.06.2026 Page 8 Forschungszentrum



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

Pretraining
= Dynamic-One-For-All : sensor-agnostic spectral * Downstream training: SFMNN on DOFA
representation (DOFA, Xiong et al. 2024) features
= Separation of spatial and spectral features » Joint training on DESIS and HyPlant

(MaskedSST, Scheibenreif et al. 2023)
» Masked image modelling and Rad. to Ref.

— Foundation Model pretraining

( 1 ) ﬁan Transformer Loss

=3
o

ut sources DOFA embedding L1
recons truction
L1->1L2
AVIRIS prediction

APEX Tokenization

DUAL Blockwise Patch Embedding

FLUO

ENMAP

T [==[ e[} .
. AP oo Embeddings
© S =>IZICIEI merone
sy AR5
nils . i
. E D
. =

DESIS

Member of the Helmholtz Association 04.06.2026 Page 9



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

Pretraining
» Dynamic-One-For-All : sensor-agnostic spectral = Downstream training: SFMNN on DOFA
representation (DOFA, Xiong et al. 2024) features
= Separation of spatial and spectral features » Joint training on DESIS and HyPlant

(MaskedSST, Scheibenreif et al. 2023)
» Masked image modelling and Rad. to Ref.

— Foundation Model pretraining

( 1 ) ﬁan Transformer Loss
Input sources DOFA embedding L1
recons truction
L1->L2
AVIRIS prediction
APEX Tokenization
DUAL Blockwise Patch Embedding
FLUO y =[FHEEE cnoessnss
.::.::..::'::_; .t ’ = :::E?-:J — EmSFMNN downstream training
EMIT " B oo i
- = EEE CHIT ) i
—
ENMAP i
DESIS . 1:;{
1 |
T I
3 man
(2 ) |
Member of the Helmholtz Association 04.06.2026 Page 9 2}




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

Pretraining
» Dynamic-One-For-All : sensor-agnostic spectral = Downstream training: SFMNN on DOFA
representation (DOFA, Xiong et al. 2024) features
= Separation of spatial and spectral features » Joint training on DESIS and HyPlant

(MaskedSST, Scheibenreif et al. 2023)
» Masked image modelling and Rad. to Ref.

— EmSFMNN downstream training

Pi

P13

Inference:
SIF estimate

v
Member of the Helmholtz Association

Swap according to sensor
during training: HyPlant/DESIS



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

HyPlant / FloX measurement match ups

_ _ o CKA 2020 (350 m) CKA 2020 (600 m) GLO 2021 (1100 m)
= Explained variance (R?) similar to SFM RZ  MAEqq R? MAEqg R2 MAEqg,

and iIFLD baselines

SpecFound  0.31 0.49 0.57 0.38 0.72 0.20

= Absolute Error (MAE) is elevated SFMNN 0.62 0.17 0.49 0.25 0.94 0.30
with respect to SFMNN SFM 0.15 0.28 -0.48 0.33 0.79 0.21
iFLD 0.40 0.23 0.06 0.24 0.56 0.84




SpecFound DESIS SIF estimate is sensitive to airborne

HyPlant SFM product

= SpecFound SIF is sensitive to
HyPlant SFM

= Absolute performance lower
than SFMNN

= Achieved w/o additional
constraints

MAE~4 R* (R%)
[mW nm ! sr! I_'[l_zl
SpecFound 0.95 0.52  0.11
SFMNN 0.78 0.60 0.15
Member of the Helmholtz Association 04.06.2026

DESIS / HyPlant measurement match ups

DESIS SIFfy40 [MW nm™1 sr™1 m~2]

g 0.10

81 R2=052
MAE,, = 0.95 mW nm" sr’ m-2

p(HyPlant | DESIS)

HyPlant SIF [mMW nm~! sr™! m~2]

Page 11



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

The authors gratefully acknowledge computing time on the supercomputer JURECA [1] at Forschungszentrum Jilich under grant no. fluomap-ct.

[1] Julich Supercomputing Centre. (2021). JURECA: Data Centric and Booster Modules implementing the Modular Supercomputing Architecture at ' e
Jilich Supercomputing Centre Journal of large-scale research facilities, 7, A182. : ' J U L I c H
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Replacing the simulation with an emulator:
Spectral Fitting Neural Network (SFMNN)

Network Prediction

Emulator
(~ 4t order polynomial)
= SFMNN integration: use simple emulator

as simulation layer p
= Extended emulator with bandwise sensor
miscalibration
P13

(L]
Buffat et al. 2026, RSE, doi: 10.1016/j.rse.2025.115203 l ' J U L I c H
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SFMNN loss formulation: regularized residual
minimization

Vegetation
140 - Soil
—— Shaded Vegetation SNR based weighting
1204 —— Shaded Vegetation

= Loss regularization

= No SIF in bare soil

= Loss weighting according to
modelled signal strength

Radiance L2~5 [mW sr~! nm~1 m~2]

680 700 720 740 760 780
Wavelength A [nm]

o (1) = (= 2)") |+ iy (S (b0~ £00)°) + e f0VICE) <

}\G Wout

Overall reconstruction

(X ]
Buffat et al. 2024, RSE, doi: 10.1016/j.rse.2024.114596 9 J U L l c H
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High-fidelity simulations of the O,-A absorption band to

allow RTM emulation

= MODTRANG simulations of typical
HyPlant and DESIS observational
conditions

» Fine-grained simulated data bases

Pato et al. 2025, JSTARS, doi: 10.1016/j.rse.2025.114944
Member of the Helmholtz Association 04.06.2026

Ly=L,+

0
EdpT?

(1 — pS)

— LFT'T

atmosphere }— :

Forward simulator

____________________

|atmospheric module
|

1
geometry }7 .

* MODTRAN [

atmospheric
functions

1
i surface-sensor module

"

*  simulated data

| |
‘ surface [ : * surface model :
1
: ! !
1 1
| sensor |l + * sensor model :
.
Databases
Specification
P DESIS HyPlant
Input dimensions 11 13
Output dimensions 13 349
Number of samples 1.2x107 1.5x107
Data size [GB] 5.6 64.7

Page 15
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Emulation of bandwise sensor shifts

A -
L&) LEF] 4

Prediction time per sample 0.28 ps  55.40 pus  1.93 ps

N

Approximate emulation

Full emulation

= Extend emulation with bandwise i = ¢, | miscalib. considered
sensor shifts (wavelength & FWHM)

,_.
o
N

= Full representation is inefficient

Relative error

H
9
1,

= Adopting bandwise approximations

1074

745 750 755 760 765 770 775
A [nm]

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

Member of the Helmholtz Association 04.06.2026 Page 16 Forschungszentrum
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Emulation of bandwise sensor shifts

eq (N | P, AN, Ac;) <« em. with shifts
ea (i | P, AN = Acg; = 0) <+ em. w/o shifts

w (/‘\t ‘ 13, :ﬁ/\ij ﬁ(ﬂ;) —

m(Xi | AN, Ac) = E[w (N | P, AN, Ad;)]

Correction weight

= Extend emulation with bandwise approximate  \ accurate
sensor shifts (wavelength & FWHM)

‘ 763.96 nm 764.08 nm 764.19 nm
e | 1 1a]] | ' ! T —
= Full representation is inefficient S Ll ; 1kl ; /‘ N D il |
. . o < 1o i 1211 /| % i
= Adopting bandwise approximations < L\ 1 | oot /! |
e B L | || RO 1 : | :
= Small variation in weighting factor o VY | .. MO I /i | o.s~i/ | ;
- ~—"t] os{="_ | 1l 1 |
= -0.08 -0.035 0 0.035 0.08 -0.08 -0.035 0 0.035 0.08 -0.08 -0.035 0 0.035 0.08

A [nm] A [nm] A [nm]

IJ JULICH
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