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Supplement

Table S1: Detailed information on the collected Datasets (DSs) for training the deep learning model and their corresponding studies. For
some of the data sets, the link between spectra and traits was established based on the dominant species, the sampling plot identifier or the
date of measurements according to the data set’s available metadata. For the data set with asterisks (DS 17) the weighted species density is

used to associate trait values. This table was adopted from Cherif et al. (2023).

Data sets Instrument Method Number of Land Cover = Number of Citation
bands samples
IDSl IASD Fieldspec3 + SVC HR- I Proximal I2151 IGrassland I73 IVan Cleemput et al. I
1024TM canopy (2020)
measurements
'DS23 | ASD Fieldspec3 "Proximal 2101 Grassland 658 'Kattenborn. (2017)
canopy and Kattenborn et al.
measurements (2019)
IDS4 IASD Fieldspec3 IProximal I2151 IGrassland I549 IVan Cleemput et al. I
canopy (2019)
measurements
'DS5  SVC HR-1024i | Proximal 2151 ' Tundra 511 'Serbin et al. (2017)
canopy
measurements
'DS6  SVC HR-1024i Proximal 2151 'Tundra 129 'Serbin et al. (2019a) |
canopy
measurements
'DS7& | AVIRIS next-gen ' Airborne 426 'Mix 1126 'Wang. (2020) and
30-42 Wang et al. (2020)
'DS§  SVC HR-1024i "Proximal 2151 'Tundra 43 'Serbin et al. (2016)
canopy
measurements
'DS9 ' SVC HR-1024i + SE PSR+ ‘Proximal 2151 "Tundra 178 'Serbin et al. (2019b) |
canopy
measurements




DS10 SVC HR-1024i Proximal 2151 Shrubland 22 Serbin et al. (2018)

canopy
measurements

'DSI1  SE PSR+ ' Proximal 2151 Crops 174 'Burnett et al. (2020) |
canopy
measurements

'DS12&15 AVIRIS-Classic ' Airborne 223 'Forest (broad- 304 'Singh. (2015) and

and needle- Singh et al. (2015)
leaf)

'DS13  ASD FieldSpec Pro FR 'Proximal 2011 ' Crops 330 'Pimstein et al. (2004 |
canopy and 2005) and
measurements Herrmann et al.

(2011)
'DSI4  NEON AOP | Airborne 351 Forests 59 Chlus et al. (2020)
(temperate
broadleaf)

'DS16  FieldSpec3 "Proximal 11950 Grassland 96 Cerasoli et al. (2018) |
canopy
measurements

'DS17* | AISA Dual system ' Airborne 75 ‘Grassland 70 "Pottier et al. (2014)

(Specim, Ltd. Finland)

'DSI8  HySpex ' Airborne 332 'Crops 32 'Hank et al. (2016)

'DS19  HySpex ' Airborne 332 ' Crops 91 'Hank et al. (2016)

'DS20  HyMap ' Airborne 125 'Crops 147 'Hank at al. (2015a)

'DS21  HyMap ' Airborne 125 Crops 127 'Hank at al. (2015a)

'DS22 | Apex | Airborne 1288 'Crops 106 'Hank at al. (2015b)

'DS23  ASD FieldSpec 3 JR 'Proximal 2151 ' Crops 18 'Wocher et al. (2018) |
canopy
measurements

'DS25 | APEX ' Airbome 1248 'Forest '50 'Ewald et al. (2018)

'DS26  APEX ' Airborne 233 ‘Grassland 90 'Ewald et al. (2020)
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DS27 NEON AOP Airborne 187 Forest 80 Chlus and Townsend,
(2020)
'DS28  HrHSI ' Airborne 2150 ‘Grassland 60 'Dao et al. (2021)
'DS29 | ASD FieldSpec 3 'Proximal 2150 'Mix 173 'McCarty and Grimm.
canopy (2017)
measurements
'DS43  ASD ' Proximal 12150 'Forest, Crops | 24 'Roberts et al. (2017) |
canopy
measurements
'DS44 | AisaFENIX ' Airborne 627 Crops 45 'Brown et al. (2024)
'DS45  AisaFENIX ' Airborne 622 Forest 47 'Brown et al. (2024)
'DS46  AVIRIS-NG ' Airborne 425 Forest 28 'Brown et al. (2024)
'DS47  Casi+Sasi | Airborne 1220 | Forest 166 Gravel et al, (2024)
'DS48  AVIRIS-NG | Airborne 360 | Forest 96 'Zheng et al. (2023)
IDS49 IMSV 500 + Middleton, Spectral IProximal I768 ICrops I94 IWang et al. (2016)
Vision canopy
measurements
'DS50  AVIRIS-NG (SHIFT) ' Airborne 427 'Forest 1825 'Brodrick et al. (2023)
and Chadwick et al.
(2023)
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Table S2: Number of training data samples by vegetation type.

LandCover numSamples

Crops 947
Forest 2639
Grassland 1403
Mix 202
Shrubland 312
Tundra 673
soil 12

135
Table S3: The distribution of trait observations used for the deep learning model. List of traits and units: Leaf Mass per Area (g/m?) = LMA,
Leaf Area Index (m?*m?) = LAI, Nitrogen content (mg/cm?) = N, Chlorophyll content (ng/cm?) = Chl, Equivalent Water Thickness (mg/cm?)
= EWT, Carotenoid content (pug/cm?)= Car.
LMA Nitrogen LAI Chl EWT Car
count 5773 4483 1775 3348 4175 2025
mean 117352061 0.217665 3.427870  40.040327  16.695106  8.406383
std 89.580332 0.120803 1.738253  14.363197  14.506370  2.914102
min 0.136667 0.000707 0.063333 4.448305 0.048333  1.182576
0.25 60.017268 0.146366 2.080000  29.284488  10.956678  6.580399
0.5 89.911887 0.205885 3.400000  39.013221 14.156210  8.319308
0.75 156.767349 0.268898 4.730611  50.302665  18.365852 10.172243
max  682.176000 1.132215 8.770000 229.497477 513.806360 40.443217
140

S1. Preprocessing pipeline
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All 50 compiled datasets were pre-processed using the same standardized pipeline, without any dataset-specific deviations. The procedure
followed here is based on the analysis of Cherif et al. (2023) and summarized as follows:

First, reflectance spectra were quality-checked. Reflectance values outside the physical range were masked: values below zero were set to
missing, and values greater than one were treated as spurious spikes. These missing values were then replaced by the mean of the nearest
valid neighbors.

Second, all datasets were resampled to a common 1 nm resolution to harmonize the diverse measurements from different sensors (from
proximal and airborne), which varied in spectral sampling and band centers. This resampling was not intended to enhance spectral resolution
or recover fine-scale features absent in coarser sensors, but to provide a uniform input representation required for the deep learning model.
Most datasets were already acquired at 1 nm resolution, so upsampling was preferred over downsampling to minimize manipulation of the
data and avoid loss of information from higher-resolution sensors.

Third, spectral intervals strongly affected by atmospheric water absorption were excluded uniformly across all datasets. In the
implementation, the following wavelength ranges were removed: 1351-1430 nm, 1801-2050 nm, and 2451-2500 nm.

Finally, the remaining reflectance data were smoothed using a Savitzky—Golay filter applied independently to three contiguous segments of
the spectrum: 400—1350 nm, 1431-1800 nm, and 2051-2451 nm. Each segment was filtered with a window size of 65 nm and a polynomial

order of one.
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Figure S1: T-SNE visualization of the last embedding layer of training vegetation data and out-of-domain (OOD) data. The green triangle

points are vegetation points from the training data and the dotted points are samples from an EnMAP scene from different scene components.



165

170

“*R2 = 0.24

§ nRMSE = 0.17
" 0 T T T
T 0 200 400 600
]
)
g Car_area_ug_cm2
] 17.5 °° 9%, 0 " o
2
o 15.0
12.5 A
10.0
7.5:7
5.0 4
254 7 &9 - 030
7 * nRMSE = 0.17
0.0 T T T

0 5 10

Figure S2a: Leave-one-dataset-out cross-validation (LODO-CV) results for six plant traits: Leaf Mass per Area (LMA), Nitrogen content
(N), Leaf Area Index (LAI), Chlorophyll content (Chl), Equivalent Water Thickness (EWT), and Carotenoid content (Car). Each panel shows

observed values (y-axis) versus model predictions (x-axis), with the 1:1 line (dashed) as reference. The perfoemance of the model is
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Figure S2b: The predicted trait values from the multi-trait for six traits (Leaf Mass per Area: LMA, Nitrogen content: N, Chlorophyll
content: Chl, Equivalent Water Thickness: EWT, Leaf Area Index: LAI, and Carotenoid content: Car) when applied on the EnMAP scene.
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Figure S2c: The predicted trait values from the multi-trait for six traits (Leaf Mass per Area: LMA, Nitrogen content: N, Chlorophyll

content: Chl, Equivalent Water Thickness: EWT, Leaf Area Index: LAI, and Carotenoid content: Car) when applied on the NEON scene.
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Figure S3: Distribution of the two predictors of uncertainty: normalized median of the cosine distance of 50 neighboring samples in feature

space (qu50_distEmbLCos_nor) and the last embedding space (qu50_distSpCos_nor).
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Figure S4: Validation of Dis UN calibration and sensitivity analysis across quantile levels (t = 0.75-0.99) for six plant traits: Leaf Mass

per Area (g/m?) = LMA, Leaf Area Index (m?/m?) = LAI, Nitrogen content (mg/cm?) = N, Chlorophyll content (png/cm?) = Chl, Equivalent

Water Thickness (mg/cm?) = EWT, Carotenoid content (ug/cm?)= Car. Top panels: Empirical coverage (proportion of residuals falling within

predicted bounds) with 68% Wilson confidence intervals, compared against target quantile (1:1 line). At 7=0.95, coverage reaches ~94-96%

across all traits, validating model calibration. Bottom panels: Exceedance mean (average magnitude of errors exceeding predicted bounds),

reflecting worst-case error severity. Smooth behavior up to =0.95 transitions to abrupt instability at 1>0.97, particularly for EWT and Car,

indicating entry into unstable tail regime. Together, these results support ©=0.95 as a robust, data-driven choice that achieves high coverage

while avoiding excessive conservatism and instability at extreme quantiles.
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Table S4: The ratio coefficient (QuRatio) of all traits expressed in percentage as calculated with Eq. (6): predicted ranges over the observed
residuals of four uncertainty models with OOD vegetation data: the distance-based method (Dis_UN), deterministic (Ens_det UN),
probabilistic deep ensemble (Ens_prob UN) and monte carlo drop-out method (MCdrop_UN). The variance-based methods were calibrated

200 by a scaling of 1.96 x standard deviation. List of traits and units: Leaf Mass per Area (g/m?) = LMA, Leaf Area Index (m?*m?) = LAI,
Nitrogen content (mg/cm?) = N, Chlorophyll content (pig/cm?) = Chl, Equivalent Water Thickness (mg/cm?) = EWT, Carotenoid content
(pg/cm?)= Car.

Traits Dis UN Ens_det UN Ens prob UN MCdrop_ UN

LMA  107.446 56.480 87.791 17.439
N 86.692 52.009 119.086 13.063
LAI 22.554 54.078 46.743 16.986
Chl 65.518 43.170 84.555 15.185
EWT 77.913 60.066 103.558 17.840
Car 65.443 48.541 85.156 20.835
AVG 70.928 52.724 87.482 16.891

205 Table S5: The Expected Normalized Calibration Error (ENCE) values for the four compared uncertainty methods: the distance based method
(Dis_UN), deterministic ensemble (Ens_det UN), probabilistic ensemble (Ens_ prob_UN), and Monte Carlo dropout (MCdrop UN). The
variance-based methods were calibrated by a scaling of 1.96 x standard deviation. List of traits and units: Leaf Mass per Area (g/m?) = LMA,
Leaf Area Index (m*m?) = LAI, Nitrogen content (mg/cm?) = N, Chlorophyll content (ng/cm?) = Chl, Equivalent Water Thickness (mg/cm?)
= EWT, Carotenoid content (pug/cm?)= Car.

210

Traits Dis UN Ens det UN Ens prob UN MCdrop UN

LMA 0.519 0.362 0.494 7.861
N 0.441 0.440 0.499 6.223
LAI 0.531 0.117 0.439 3.300
Chl 0.503 0.205 0.550 3.749
EWT 0.533 0.652 0.585 5.377
Car 0.500 0.227 0.555 3.073
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Figure S5: Scatter plots comparing the predicted uncertainties (x-axis) from four methods—distance-based (Dis UN), probabilistic
ensemble (Ens_prob_UN), deterministic ensemble (Ens_det_UN), and Monte Carlo dropout (MCdrop_UN)—against observed residuals (y-
axis) of the multi-trait models across six traits: Leaf Mass per Area (LMA), Nitrogen content, Chlorophyll content (Chl), Equivalent Water
Thickness (EWT), Leaf Area Index (LAI), and Carotenoid content (Car). Each point represents a sample, colored by vegetation type. For

220  each trait-method combination, the regression line (blue) is compared to the 1:1 line (black) to visualize alignment between predicted and
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225

230

235

240

observed errors. Model calibration is quantified by the Expected Normalized Calibration Error (ENCE), while the ratio of predicted to

observed uncertainty ranges (QuRatio) indicates the coverage of residual variability. This shows that the unscaled version of the variance-

based methods underestimates the uncertainty estimation.

Table S6: The regression coefficients of each scaled predictor for all the six traits: Leaf Mass per Area (LMA), Nitrogen content (N), Leaf
Area Index (LAI), Chlorophyll content (Chl), Equivalent Water Thickness (EWT), and Carotenoid content (Car).

LMA N LAI Chl EWT Car

Intercept 139.1837 0.211816 3.204911 24.83733 17.99426 4.691486
Distance embedding space  7.071657 0.001075 -0.13865 1.821151  0.86472 0.104252

Distance feature space 53.74244 0.063145 -0.12674 3.461149 4.355728 0.812609
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Figure S6a: Density distribution of the uncertainty prediction values of four uncertainty models with OOD vegetation data: the distance-
based method (Dis_UN), deterministic deep ensemble (Ens_det UN), probabilistic deep ensemble (Ens prob UN) and Monte Carlo
dropout method (MCdrop_UN). List of traits and units: Leaf Mass per Area (g/m?) = LMA, Leaf Area Index (m*m?) = LAI, Nitrogen content
(mg/cm?) = N, Chlorophyll content (pg/cm?) = Chl, Equivalent Water Thickness (mg/cm?) = EWT, Carotenoid content (pg/cm?)= Car.
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Figure S6b: Density distribution of the uncertainty prediction values of four uncertainty models with OOD vegetation data: the distance-
based method (Dis_UN), deterministic deep ensemble (Ens_det UN), probabilistic deep ensemble (Ens_prob UN) and Monte Carlo
dropout method (MCdrop_UN). The variance-based methods were calibrated by a scaling of 1.96 x standard deviation. List of traits and
units: Leaf Mass per Area (g/m?) = LMA, Leaf Area Index (m?/m?) = LAI, Nitrogen content (mg/cm?) = N, Chlorophyll content (ug/cm?) =
Chl, Equivalent Water Thickness (mg/cm?) = EWT, Carotenoid content (pug/cm?)= Car.
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Figure S7a: EnAMAP scene: Comparison of uncertainty estimations for six traits Leaf Mass per Area (LMA), Nitrogen content, Chlorophyll
content (Chl), Equivalent Water Thickness (EWT), Leaf Area Index (LAI), and Carotenoid content (Car) using four methods: Distance-
based (Dis_UN), probabilistic ensemble (Ens_prob UN), deterministic ensemble (Ens_det UN) and Monte Carlo dropout (MCdrop UN).

The variance-based methods were calibrated by a scaling of 1.96 x standard deviation. Spatial maps show the uncertainty distribution for

each method.
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Figure S7b: EnMAP scene: Comparison of uncertainty estimations for six traits Leaf mass per area Leaf Mass per Area (LMA), Nitrogen
content, Chlorophyll content (Chl), Equivalent Water Thickness (EWT), Leaf Area Index (LAI), and Carotenoid content (Car) using four
methods: Distance-based (Dis_UN), probabilistic ensemble (Ens_prob_UN), deterministic ensemble (Ens_det UN) and Monte Carlo
dropout (MCdrop_UN). The variance-based methods were calibrated by a scaling of 1.96 x standard deviation. Box plots show uncertainty
distributions across different scene components (Vegetation, Urban, Water, Shadow and Cloud) for each method. The Kolmogorov—Smirnov

(KS) distance values quantify the separability of vegetated pixels with non-vegetated classes.

19



280

LMA [g/m?] N area [mg/cm?]

0.4 -
250
— 0.3 —_—
200
150 — 0.2 - -

o {-; 01 - {'{. —
== = = = — -= = &= =

0 0.0 - —
I 1 I 1 1 I 1 I 1

Tree_cover cropland grassland shrubland wetland Tree_cover cropland grassland shrubland wetland

LAl [m?/m?] Chl area [pg/cm?]

2:++é$-—§§ﬁh+ﬂﬁi

le & & & |51 -}%§_

& - = - — —

T T T T T T T T T T
Tree_cover cropland grassland shrubland wetland Tree_cover cropland grassland shrubland wetland

Uncertainty estimation

EWT [mg/cm?] Car area [pg/cm?]
12

. 12 -
&= 00 == TaEm Tam = == == ==

T T T T T T T T T T
Tree_cover cropland grassland shrubland wetland Tree_cover cropland grassland shrubland wetland

Land cover classes

Emm Dis_UN mmm Ens_prob_UN mmm Ens_det UN = MCdrop_UN

Figure S7c: EnMAP scene: Comparison of uncertainty estimations for six traits Leaf mass per area (LMA), Chlorophyll (Chl), Carotenoids
(Car), Nitrogen (N) content, Leaf area index (LAI) and Equivalent water thickness (EWT) using four methods: Distance-based (Dis_UN),
probabilistic ensemble (Ens_prob_UN), deterministic ensemble (Ens_det UN) and Monte Carlo dropout (MCdrop UN). The variance-
based methods were calibrated by a scaling of 1.96 X standard deviation. Box plots show uncertainty distributions across different Vegetation

types for each method.
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Figure S8a: Neon scene: Comparison of uncertainty estimations for six traits Leaf mass per area (LMA), Chlorophyll (Chl), Carotenoids
(Car), Nitrogen (N) content, Leaf area index (LAI) and Equivalent water thickness (EWT) using four methods: Distance-based (Dis_UN),
285  probabilistic ensemble (Ens_prob_UN), deterministic ensemble (Ens_det UN) and Monte Carlo dropout (MCdrop UN). The variance-based

methods were calibrated by a scaling of 1.96 x standard deviation. Spatial maps show the uncertainty distribution for each method.
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Figure S8b: Neon scene: Comparison of uncertainty estimations for six traits Leaf mass per area (LMA), Chlorophyll (Chl), Carotenoids

(Car), Nitrogen (N) content, Leaf area index (LAI) and Equivalent water thickness (EWT) using four methods: Distance-based (Dis_UN),

290 probabilistic ensemble (Ens_prob UN), deterministic ensemble (Ens_det UN), and Monte Carlo dropout (MCdrop_UN). The variance-
based methods were calibrated by a scaling of 1.96 x standard deviation. Box plots show uncertainty distributions across different scene
components (Vegetation, Shadow, Water) for each method. The Kolmogorov—Smirnov (KS) distance values quantify the separability of
vegetated pixels with non-vegetated classes.
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Table S7: Running time of the benchmarked methods for uncertainty estimation during the training phase.

- Transferability Distance ..
Training . . Training
training calculation
Dis UN ~6h*50 0.34h ~1s
Ens prob UN ~10h*50 - -
Ens prob UN ~6h*50 - -
MCdrop UN ~6h - -

300 Table S8: Running time in seconds of the benchmarked methods for uncertainty estimation during the inference phase.

Inference Ens prob UN Ens det UN MCdrop UN Dis UN
Enmap NEON Enmap NEON Enmap NEON Enmap NEON
Data preparation 6.64 9.62 6.64 9.62 6.64 9.62 190.9516 203.877
Model application 486.8539 556.7541 483.3784 555.3588 1567.305 1774.845 0.0889 0.0746
Total 493.4939 566.3741 490.0184 564.9788 1573.945 1784.465 191.0405 203.9516
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Figure S9: Correlation between observed and predicted uncertainty values of six traits: Leaf Mass per Area (LMA), Nitrogen content (N),
Leaf Area Index (LAI), Chlorophyll content (Chl), Equivalent Water Thickness (EWT), and Carotenoid content (Car) from the Dis UN
305 model.
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Figure S10: The predicted uncertainty values from the Dis_UN method for six traits (Leaf Mass per Area (LMA), Nitrogen content,
Chlorophyll content (Chl), Equivalent Water Thickness (EWT), Leaf Area Index (LAI), and Carotenoid content (Car)) when applied on the

310 EnMAP scene. This is a supplement to Fig. 4 where the color bar ranges use the range of training data as basis.
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Figure S11: The predicted uncertainty values from the Dis_ UN method for six traits (Leaf Mass per Area (LMA), Nitrogen content,
315 Chlorophyll content (Chl), Equivalent Water Thickness (EWT), Leaf Area Index (LAI), and Carotenoid content (Car)) when applied on the

NEON scene. This is a supplement to Fig. 5 where the color bar ranges use the range of training data as basis.
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Figure S13a: Visualization of 1000 sampled pixels from each scene component from the EnMAP scene: (a) Characteristics of the scene (b)

Distribution of canopy reflectance (c) T-SNE visualization of the spectra in the feature space (d) T-SNE visualization of the spectra in the

embedding space of the multi-trait model.
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Figure S14a: Visualization of 1000 sampled pixels from each scene component from the NEON scene: (a) Characteristics of the scene (b)

Distribution of canopy reflectance (c¢) T-SNE visualization of the spectra in the feature space (d) T-SNE visualization of the spectra in the

embedding space of the Multi-trait model.
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Figure S14b: Comparison of distribution in the trait predicted values from the multi-trait model and the predicted uncertainty values from

the Dis_ UN when applied on sampled pixels shown in Fig. 14a.
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