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Abstract

Digital twins of the Earth require Earth observation data streams that are both spatially continuous and informative about the state of
the modelled system. For forests, the standard optical data source is Sentinel-2, whose 10 m multispectral imagery trades spectral detail
for spatial resolution; the forthcoming operational imaging spectroscopy missions CHIME and SBG will offer the opposite trade-off
with 30-m pixels and hundreds of spectral bands. We quantified the cost of that trade-off using a near-simultaneous EnMAP and
Sentinel-2 image pair acquired over the boreal forests in Hyytiéld, central Finland, on 20 August 2023, together with 213 field plots
measured by the Finnish Forest Centre. A U-Net convolutional neural network was trained fully convolutionally to predict stand basal
area, basal-area weighted mean diameter and mean height. Training had two stages: self-supervised pretraining (spectral reconstruction
for EDAMAP, masked band prediction for Sentinel-2) followed by supervised fine-tuning on the field plots. On 32 independent test plots,
EnMAP resampled to 10 m matched Sentinel-2: R? was 0.65 vs. 0.67 for basal area, 0.80 vs. 0.80 for mean diameter and 0.79 vs. 0.79
for mean height, while mean absolute errors were 9—13 % lower for ENMAP. Predictions obtained from EnMAP at its native 30 m
sampling were equally accurate. The nine-fold loss in ground sampling area that accompanies the higher spectral resolution therefore
did not degrade the retrieval of forest structural variables, which supports the use of spaceborne imaging spectroscopy as a baseline

information source in a forest digital twin.

1. INTRODUCTION
1.1 Digital twins of forests

Destination Earth (DestinE), a flagship European Union
initiative, is building a digital twin of the Earth, “an information
system that exposes users to a digital replication of the state and
temporal evolution of the Earth system constrained by available
observations and the laws of physics” (Bauer et al., 2021). The
twin is kept synchronised with its real-world counterpart through
a continuous flow of sensor data which — on the global scale —
can uniformly and continuously only be provided by satellite
Earth observation (EO). Within DestinE, in the context of the
Digital Twin Earth programme of the European Space Agency
ESA, VTT leads the consortium building the digital twin of the
Earth's forests'.

As the name implies, a forest digital twin is primarily a modelling
system (MJttus et al., 2021): process-based growth and carbon
balance models such as PREBAS (Minunno et al., 2016, 2019)
propagate the state of the forest forward in time and respond to
climate forcing, disturbances and management. Such a system is,
however, inconceivable without EO data that connects it to the
status (coverage, structure, species composition) and processes
(e.g., photosynthetic activity, pest attacks) in real forests. Earth
observation enters the twin in at least three roles: it provides the
initial state of the modelled stands, it supplies spatially
continuous calibration data for productivity models, and it allows
the model trajectory to be corrected through data assimilation. In
a digital twin, all three roles require repeated, wall-to-wall
observations rather than isolated acquisitions.

1.2 Optical Earth observation of forest structure

The operational optical data source for forest monitoring in
Europe is the Sentinel-2 satellite constellation of the Copernicus
programme with its multispectral instrumentation (Drusch et al.,
2012), which combines 10-20 m ground sampling with a five-

! https://foresttwin.org/

day revisit. Empirical models relating Sentinel-2 reflectance to
forest inventory variables have been developed for the boreal
zone with both classical estimators (Astola et al., 2019) and deep
neural networks (Astola et al., 2021), and global canopy height
products are now derived from the same data with convolutional
networks (Lang et al., 2023). The accuracy of these retrievals is
limited less by spatial detail than by the small number and broad
width of the Sentinel-2 bands, which constrain how much of the
canopy biochemical and structural signal can be separated.

1.3 Spaceborne imaging spectroscopy

Spaceborne imaging spectrometers sample the reflected solar
spectrum in hundreds of contiguous narrow bands and therefore
lift precisely the aforementioned separation constraint. EnMAP,
launched in 2022, is the first satellite mission of this class to
deliver systematically tasked, radiometrically stable data over
Europe (Guanter et al., 2015; Chabrillat et al., 2024). It will be
followed by the operational Copernicus Hyperspectral Imaging
Mission for the Environment (CHIME; Rast et al., 2021) and by
NASA's Surface Biology and Geology mission (SBG; Cawse-
Nicholson et al., 2021), which together will, for the first time,
make time series of spaceborne imaging spectroscopy available
for forest applications (Hill et al., 2019).

Published forest applications of EnMAP have so far concentrated
on canopy biochemistry and on spectral diversity: leaf and
canopy trait mapping with hybrid retrieval models (Farmonov et
al.,, 2025), spectral-heterogeneity indicators of biodiversity
(Torresani et al., 2025) and, for the same image pair used here,
vegetation-index-based estimation of leaf area index and canopy
closure (Juola et al., 2024). Retrieval of the structural variables
that forest inventory and forest growth models actually use —
basal area, stem diameter and tree height — has not been assessed
for spaceborne imaging spectroscopy in the boreal zone.

The reason is a trade-off. EnMAP samples the ground at 30 m
against the 10 m resolution of the Sentinel-2 visible and near-

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLVIII-M-12-2026-41-2026 | © Author(s) 2026. CC BY 4.0 License. 41



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVIII-M-12-2026

14th EARSeL Workshop on Imaging Spectroscopy, 2—4 June 2026, Helsinki, Finland

infrared bands, so a ninefold larger ground area is integrated into
every spectrum. In a managed boreal landscape, where the mean
stand size is of the order of one hectare, this is a non-negligible

penalty: a 30 m pixel is comparable in size to a whole stand, and

mixed pixels along stand boundaries are correspondingly more

frequent.
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This study asks whether the spatial penalty of spaceborne
2. MATERIALS

imaging spectroscopy degrades the retrieval of forest structural
set, and one convolutional neural network framework applied to

both sensors, so that the comparison isolates the effect of the
sensor rather than of the retrieval method. We further examine
how the size of the spatial context given to the network, and the
spatial sampling at which the EnMAP data are presented to it,

affect the result.
The study area covers the surroundings of the Hyytiéld forestry

variables relative to Sentinel-2. We use a near-simultaneous
EnMAP and Sentinel-2 image pair, a single field reference data
field station and the SMEAR II measurement station in

1.4 Objectives
2.1 Study site

Figure 1. Location of the Hyytidlda SMEAR station in the boreal

Riga
.g

Juupajoki, central Finland (61°50°N, 24°17°E; Hari and Kulmala,
2005; Figure 1). The area belongs to the southern boreal

vegetation zone and is dominated by managed, even-aged stands
of Scots pine (Pinus sylvestris L.) and Norway spruce (Picea
abies (L.) H. Karst.), with birch (Betula spp.) as the main
broadleaved species, interspersed with drained and undrained
peatlands, lakes and agricultural land. Forests are mostly

forest zone (in light green).

2.3 Field reference data

managed with densities usually between 500 and 1500 ha™!. The
area is covered with low rolling hills with an elevation below

200 m above sea level.

Field reference data came from the forest inventory plot data of
the Finnish Forest Centre (FFC, Metsdkeskus; Finnish Forest
Centre, 2026). Two FFC campaigns intersected the image pair:

the Tampere data set measured in 2023 and the Jamsi data set

2.2 Satellite data

measured in 2024. The field data include both circular plots with

a radius of approximately 4.0-2.5 m and tree map plots that are

Sentinel-2B and EnMAP (Figure 2) imaged the study area near-

stored as variable shape and size polygons. The plots cluster in
the southern and eastern parts of the EnMAP scene. After
restricting the plots to the spatial overlap of the two images and

simultaneously on 20 August 2023, at 12:53 and 13:06 local time,

respectively (Table 1). Both images are essentially cloud-free

over the extent of the smaller EnMAP scene, and the same image
pair has previously been used for mapping leaf area index and

discarding plots with fewer than ten valid pixels in either image,

213 plots remained.

canopy closure (Juola et al., 2024). Both data sets were obtained

as bottom-of-atmosphere reflectance: the Sentinel

2 Level-2A

For each plot, the FFC data give stand basal area G (m? ha™),

basal-area-weighted mean diameter at breast height D (cm) and
basal-area-weighted mean height A (m), both for the whole

B12) were

E

B11

product and the EnMAP Level-2A land product. The ten

Sentinel-2 bands at 10 and 20 m (B2-B8A,

resampled to a common 10 m grid; the 219 EnMAP bands
remaining after removal of the bands affected by strong water

vapour absorption were used as delivered.

growing stock and separately for the three species groups (pine,

spruce and broadleaved trees). All twelve variables were

predicted simultaneously by a single network.

the

)

Because the two sensors differ in ground sampling distance

FFC sample plots have been available as open data since 2018.

EnMAP data cube was additionally resampled by a factor of three

to the 10 m Sentinel

However, the data used in this study were obtained directly from
the Finnish Forest Centre upon request as they were not publicly

available at the time of acquisition.

2 grid using bilinear interpolation. This does

but it lets both sensors be processed by an

]

not add information

identical patch-based network and it gives a denser sampling of

the spectral signal within a field plot. Models trained on the
EnMAP data at their native 30 m sampling were run as a control

(Section 4.3).

EnMAP
20 Aug 2023

Sentinel-2B
20 Aug 2023

Acquisition date

13:06
L2A (BOA)

12:53

L2A (BOA)

Local time

Product level

219
420-2450 nm

10
490-2190 nm

Bands used

Spectral range
Native GSD

30 m
10 m/30m

10/20 m

10 m

Grid used here

Table 1. Satellite data used in this study.
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Figure 2. The 30x30 km EnMAP scene used in the study with forest plots’ outlines in blue and a zoom-in showing the varying shape
vectors of some of these.

3. METHODS

The complete processing chain is shown in Figure 3, with the
names of the corresponding functions and classes of the analysis
code given inside the boxes. The code is written in Python and
uses PyTorch for the network, rasterio for raster access and
GeoPandas for the plot polygons.

3.1 Preprocessing

Plot selection and splitting: Plots were read from the two FFC
GeoPackages and retained only if they fell inside the spatial
overlap of the two images and contained at least ten valid, non-
masked pixels in both images. The resulting 213 plots were
divided into training, validation and test sets in the proportions
149:32:32 (70:15:15 %). Because the sample is small, a random
split can easily produce a test set whose distribution differs
markedly from that of the training set; candidate splits were
therefore generated with successive random seeds and the first
split whose per-variable distributions passed a similarity check
was accepted.

Target rasters: The plot polygons were rasterised onto the
image grid. A pixel was assigned the plot values if at least 33 %
of its area fell inside the polygon, the fraction being evaluated on
a four-times refined grid. A separate target raster was built for
each of the three splits. This is essential: with a single raster built
from all plots, a training patch centred near a test plot would
contain that plot's labelled pixels and the loss would be evaluated
on test data during training. Keeping the rasters separate makes
the three sets strictly independent.

Normalisation and patch extraction: Each band was
standardised by its mean and standard deviation over the image.
The final training samples were square patches of 48 x 48 pixels,
i.e. 480 m x 480 m on the ground, centred on labelled pixels; the
choice of patch size is examined in Section 4.3. Pixels outside the
Finnish Forest Centre forest-land mask were excluded.

3.2 Network architecture

The network is a U-Net (Ronneberger et al., 2015) with two
downsampling levels, a bottleneck and a symmetric decoder with
skip connections (Figure 4). The encoder, bottleneck and decoder
are identical for the two sensors; only the input stem and the self-
supervised task differ.

For EnMAP, the 219 input bands are first compressed to 32
feature channels by a 1 x 1 convolution. This is a learned, purely
spectral projection: it exploits the strong redundancy between
neighbouring narrow bands and reduces the number of
parameters that the spatial convolutions have to carry. For
Sentinel-2, whose ten bands are neither numerous nor redundant,
the stem is instead a 3 x 3 convolution to 64 channels followed
by a squeeze-and-excitation block (Hu et al., 2018), which learns
a global weighting of the bands; squeeze-and-excitation blocks
are used throughout the Sentinel-2 encoder and decoder.

The shared decoder output feeds two 1 x 1 convolutional heads:
a reconstruction head used only during pretraining, and a
regression head that outputs the twelve forest variables.
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)
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Stage 1 self-supervised pretraining Stage 2 supervised fine-tuning
EnMAP: reconstruct all 219 bands masked MSE on the patch centre pixel
L Sentinel-2: predict masked bands == 12 target variables, Adam optimiser
- 10 epochs, MSE, band dropout p = 0.2-0.3 max. 30 epochs, early stopping (patience 15
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< X P
E U-Net encoder—decoder (Fig. 2)

EnMAP: 1x1 spectral compression, 219 to 32 channels
Sentinel-2: 3x3 convolution + squeeze-and-excitation
weights shared by both training stages
class UNet / class UNet_S2

/

Full-scene prediction
tiled inference restricted to
the Metsékeskus forest mask
predict_unet_tiled()

12 variable maps
G, D and H, total and per
species, as GeoTIFF
prediction_{HS,S2}_*.tif

Plot-level aggregation
area-weighted mean over the
plot polygon (4x subpixel)
compute_polygon_weighted_averages()

4 Inference and evaluation

Accuracy assessment on the 32 test plots
RMSE, MAE, bias, R? and nRMSE per variable and sensor
evaluate_polygons() — summary_table.csv

Figure 3. Processing chain. Boxes give the processing step, its key parameters and the name of the corresponding function or class in
the analysis code. The chain is identical for the two sensors apart from the sensor-specific network stem and the self-supervised
pretraining task.

3.3 Two-stage training

Training proceeded in two stages. In the first, self-supervised
stage, the network was trained for ten epochs on unlabelled
patches drawn from the whole image, with the reconstruction
head attached. For EnAMAP, the task was to reconstruct the full
219-band spectrum from a spectrally degraded input, and for
Sentinel-2 to predict randomly masked bands from the remaining
ones (He et al., 2022; Wang et al., 2022). Bands were dropped
with probability 0.2—0.3. The purpose is the same in both cases:
to force the encoder to learn the internal structure of the spectrum
before any field data are used, which matters because only 149
labelled plots are available.

In the second stage, the reconstruction head was replaced by the
regression head, and the whole network was fine-tuned on the
labelled patches for at most 30 epochs with the Adam optimiser,
using early stopping on the validation RMSE with a patience of
15 epochs. The loss was the mean squared error of the twelve
outputs at the centre pixel of the patch only, masked for targets

that were missing — a plot with no spruce, for instance,
contributes to the total and to the pine and broadleaved outputs
but not to the spruce outputs. Restricting the loss to the centre
pixel keeps the spatial alignment between prediction and
reference exact while still allowing the network to use the full
480 m context.

3.4 Inference and plot-level aggregation

The trained networks were applied to the full scene in a tiled,
fully convolutional manner, producing one georeferenced raster
per variable at 10 m (or 30 m for the native-resolution control).
Plot-level predictions were then obtained as area-weighted
averages of the predicted pixels over each plot polygon, the
weight of a pixel being the fraction of its area inside the polygon,
evaluated on the same four-times refined grid used for the target
rasters. This matches the support of the prediction to the support
of the field measurement.
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Figure 4. The two U-Net variants. Encoder, bottleneck and decoder are identical; the sensor-specific stem compresses the 219 EnMAP
bands spectrally with a 1 x 1 convolution, whereas the Sentinel-2 branch uses a spatial convolution with channel attention. During
supervised training the loss is evaluated on the centre pixel of the patch only.

Variable Sensor RMSE MAE bias R* nRMSE
3.5 Accuracy assessment G (m ha ') EnMAP 550 358 222 0650 057
Accuracy was assessed on the 32 test plots, which were used Sentinel-2 331 411 =262 0.674 055
neither for fitting nor for early stopping. With »; being the D (em) EnMAP 319235 4071 0803 040
predicted and y; the measured value for plot i and »n the number Sentinel-2 324 259 -047 0.797 041
of plots, H (m) EnMAP 2,75 198  —024 0792 043
Sentinel-2 2.79 2.27 —-1.31 0.787 0.44

RMSE =[ (1/n) Y, Gi —»)* 14 (D
MAE = (1/n) X | % — yi, 2
bias = (1/n) X (i — »), 3)
nRMSE = RMSE / sy, @

where sy is the standard deviation of the reference values over the
test plots. The coefficient of determination R? was computed in
the standard one-minus-residual-to-total-variance form, so that
negative values are possible when the model performs worse than
the mean of the test set.

3.6 Use of Artificial Intelligence (AI)

The code was originally written by the authors and was
subsequently restructured, cleaned and debugged with the
assistance of Claude (Anthropic) used as an Al coding agent.
That work included a systematic review of the coherence of the
approach including how the training, validation and test sets are
separated throughout the processing chain. Claude identified that
a training patch centred near a test plot could contain that plot's
labelled pixels and contribute to the loss; this was corrected to the
per-split construction described in Section 3.1, and all results
reported here were produced with the corrected implementation
on a fully independent test data set. The authors reviewed the
changes. Claude has also been used to generate the flowcharts
and figures used in this proceedings article. Responsibility for the
correctness of the analysis rests with the authors.

Table 2. Accuracy of the total growing stock variables on the
32 test plots. G is basal area, D basal-area-weighted mean
diameter and H basal-area-weighted mean height with the test-
set means of 16.3 m? ha™’, 13.9 cm and 12.5 m, respectively

4. RESULTS
4.1 Total growing stock

Test-set accuracies for the three total-stand variables are given in
Table 2. The two sensors performed almost identically. EnMAP
gave marginally higher R? for mean diameter (0.803 vs. 0.797)
and mean height (0.792 vs. 0.787) and lower R? for basal area
(0.650 vs. 0.674). The differences in R? are all below 0.03 and are
well within the sampling variability of a 32-plot test set.

The mean absolute error was slightly more consistent: it was
lower for EnMAP for all three variables — by 13 % for basal area
(3.58 vs. 4.11 m? ha™), by 9 % for mean diameter (2.35 vs. 2.59
cm) and by 13 % for mean height (1.98 vs. 2.27 m). Since RMSE
was essentially equal, this means that the EnAMAP errors are more
strongly concentrated in a few plots while the Sentinel-2 errors
are spread more evenly. Both sensors underestimated basal area
on average (bias —2.2 and —2.6 m? ha™"), which is the familiar
saturation of optical estimators in dense stands.

Relative to the variability of the test set (n(RMSE, Eq. 4), mean
diameter and mean height were retrieved to about 0.40 and 0.43
of the reference standard deviation. Basal area was only
retrieved with nRMSE = 0.56, making it the hardest of the three
variables for both sensors.

4.2 Species-specific variables

The same network also predicted the three variables separately
for Scots pine, Norway spruce and broadleaved trees (Table 3).
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Species Variable RMSE R? Context Patch G D H
EnMAP S-2 EnMAP S-2 EnMAP S-2 EnMAP S-2  EnMAP S-2
Scots pine G 5.46 5.95 0.51 0.41 EnMAP resampled to 10 m
D 553 527 0.65 0.68 160 m l6px —0.03 -0.15 062 0.5 054 0.14
H 4.64 4.08 0.64 0.72 320 m 32 px 0.46 0.55 0.81 0.63 0.78 0.61
480 m 48px 059 048 080 075 079 079
Norway spruce G 452 534 0.26 —0.04 640 m 64px 059 050 078 074 078 072
D 432 424 0.53 0.55 1280 m 128px 033 054 062 070 060 072
H 3.14 3.22 0.69 0.67 EnMAP at native 30 m
Broadleaved G 420 357 0.47 0.62 240m 8px 055 046 062 074 066 073
b 695 575 001 033 480 m 16px 068 058 072 073 075 073
960 m 32px 050 046 054 072 063 072
H 6.90  5.57 0.04 0.38

Table 3. Species-specific accuracy on the test plots for ENAMAP
and Sentinel-2 (S-2). Units as in Table 2.

Accuracy dropped sharply and was no longer consistent between
the sensors. Pine and spruce variables were retrieved with
moderate success (R? between 0.25 and 0.72), with EnMAP
better for spruce basal area (0.253 vs. —0.041) and Sentinel-2
better for pine height (0.719 vs. 0.636). For broadleaved trees, the
EnMAP model essentially failed for diameter and height (R? of
0.014 and 0.041 against 0.326 and 0.376 for Sentinel-2).

The species-specific results should be read as a limitation of the
reference data rather than as a property of the sensors.
Broadleaved trees form a minor component of most plots — their
mean basal area over the test set was 3.2 m? ha™! against 16.3 m?
ha™! for the total — so the species-specific targets are dominated
by small values with a long tail, and the number of plots carrying
usable species-level information is far smaller than 149. We
report the species-specific figures for completeness and do not
draw sensor comparisons from them.

4.3 Spatial context and EnMAP sampling

The size of the image patch given to the network sets the spatial
context available for each prediction. Table 4 gives the test-set R?
of models trained with patches from 16 to 128 pixels on the
bilinearly resampled EnMAP data and the corresponding
Sentinel-2 data. Accuracy rose steeply from 160 m to about 480
m of context and then declined again: the smallest patches do not
give the network enough neighbourhood to work with, whereas
the largest ones dilute the signal of the plot itself and reduce the
effective number of independent training samples. A patch of 48
x 48 pixels was used for the main results.

The lower block of Table 4 gives the control experiment in which
EnMAP was used at its native 30 m sampling, with the patch size
in pixels reduced so that the ground extent of the context matched
that of the Sentinel-2 patch. At a matched extent of 480 m, the
native-resolution EnMAP model reached R? of 0.68 for basal
area, 0.72 for mean diameter and 0.75 for mean height. Basal area
was thus retrieved better than from the resampled data, whreas
mean diameter and mean height were retrieved slightly worse.
Spatial resampling of the EnMAP cube is therefore convenient
but not essential, and none of the conclusions depend on it.

Note that the runs in Table 4 predicted only the three total-stand
variables and used a shorter fine-tuning schedule than the main
model, so their values are not directly comparable with Table 2.

5. DISCUSSION

The key result is that over the set of 213 boreal forest plots which
were covered by a single EnMAP scene, a nine-fold coarser
ground sampling did not cost measurable accuracy in the retrieval

Table 4. Test-set R? as a function of the ground extent of the
training patch. The patch column gives the EnMAP patch size
in pixels; the Sentinel-2 (S-2) patch always covered the same

ground extent at 10 m. Rows in bold are the final configurations
used for the main results.

of basal area, mean diameter or mean height. The loss of spatial
detail by the hyperspectral sensor is compensated for by the
additional spectral bands. At the same time, the differences we
observed are small compared with the uncertainty of the
comparison itself. With 32 test plots, a difference of 0.03 in R? is
not statistically meaningful, and the range of forest conditions
represented in a single image over one study area is limited.

The study here has several clear shortcomings. The evaluation
rests on a single date and a single site. A proper test requires
spatially continuous acquisitions across several sites and
phenological stages. Second, only 213 plots were available,
which limits both the accuracy attainable by a convolutional
model and the precision of the comparison. The self-supervised
pretraining stage was introduced to mitigate this, and quantifying
its contribution would be a useful ablation. Third, the species-
specific results (Section 4.2) show that the reference data did not
carry enough species-level information to support the twelve-
variable formulation which would be needed in a digital twin.
Nevertheless, they serve as indication of the capability of future
hyperspectral mapping missions over forests where Sentinel-2
has proven its value (e.g., Astola et al., 2019, Fang et al., 2023).

These shortcomings will be mitigated by the increasing
availability of hyperspectral data. Since the acquisition of the
imagery, ENAMAP has switched to always recording at least three
consecutive tiles. In cloudy areas such as the boreal zone, making
best use of cloudless conditions is a necessity for programmable
imagers such as EnMAP or PRISMA (Cogliati et al., 2021) to
acquire data which can be matched to the routine field data —
e.g., environmental or agricultural — measured regardless of
weather.

For a forest digital twin, the practical question is not which sensor
is marginally better, but whether imaging spectroscopy can serve
as a baseline information source. The results here suggest that it
can: the structural variables that initialise and constrain a forest
growth model are retrieved from EnMAP as accurately as from
Sentinel-2, and they are obtained from data that additionally carry
information on canopy biochemistry (Farmonov et al., 2025) and
biodiversity (Torresani et al., 2025). A twin fed by CHIME or
SBG would obtain the structural state and the functional state of
the forest from a single data stream, making data assimilation
more robust.

This contribution has been peer-reviewed.
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6. CONCLUSIONS

Spaceborne hyperspectral imagery contains the same information
as the Sentinel-2 MultiSpectral Imager, which has 9 times better
spatial resolution. Using a near-simultaneous EnMAP and
Sentinel-2 image pair, identical reference data and a common U-
Net framework, basal area, mean diameter and mean height were
retrieved with equal accuracy from the two sensors (R? of 0.65,
0.80 and 0.79, respectively, for EnMAP against 0.67, 0.80 and
0.79 for Sentinel-2), with mean absolute errors being 9-13 %
lower for EnMAP. The result held whether EnMAP was
resampled to the Sentinel-2 grid or used at its native 30 m
sampling.

This result supports a conclusion that spaceborne imaging
spectroscopy can therefore serve as a baseline information source
for key forest structural variables in a forest digital twin, with the
additional, so far unexploited potential of mapping canopy
biochemistry, biodiversity and vegetation functioning from the
same data.
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