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ABSTRACT

The Copernicus Hyperspectral Imaging Mission for the En-
vironment (CHIME), one of the Copernicus Sentinel Ex-
pansion Missions, will provide routine hyperspectral obser-
vations over land and coastal areas through the Copernicus
Programme. Its contiguous spectral measurements across
the visible to shortwave-infrared domain (400-2500 nm)
will enable systematic monitoring of a wide range of sur-
face properties at global scale. These observations could
also support pretraining of hyperspectral foundation mod-
els, with the potential to derive transferable representations
for applications relevant to CHIME. However, assessing this
potential requires benchmarks that test whether these mod-
els capture useful spectral information and generalize across
locations. We therefore audit 63 benchmarks used by 15
foundation models and conduct matched spectral ablations
with models trained without pretraining on three tasks. Only
five benchmarks use measured references, none spanning
the full spectral range of CHIME. The ablations show that
spectral benefits vary between benchmarks: compared with
a Sentinel-2-like nine-band reduction, the full hyperspectral
input improves macro-mloU by 1.0 points for land-cover
mapping (NLCD) and 7.7 for forest-type mapping (BD-
Forét). On the mineral benchmark (OxHyperMinerals), ad-
ditional spectral information also improves agreement with
imagery-derived reference masks. Together with the scarcity
of measured-reference benchmarks, this motivates evaluat-
ing spectral benefits against target-specific field or laboratory
references. To support CHIME’s core applications, future
benchmarks should prioritize vegetation traits for agriculture,
soil properties, and mineral composition for raw-material
applications, moving beyond conventional Earth observation
tasks with readily available labels.

Index Terms— Hyperspectral imaging; foundation mod-
els; spectral ablation; reference provenance

1. INTRODUCTION

The upcoming Copernicus Hyperspectral Imaging Mission
for the Environment (CHIME), one of the Copernicus Sen-
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tinel Expansion Missions, will provide routine hyperspectral
observations over land and coastal areas through the Coperni-
cus Programme. [1, 2]. Its applications in agriculture and veg-
etation monitoring, soil characterization, and raw-material ex-
ploration depend on information about surface properties and
composition that detailed spectra can reveal [3]. Hyperspec-
tral foundation models (FMs) could support these tasks. They
are machine-learning models initially trained on large image
collections to learn patterns in spectra and their spatial con-
text. This pretraining provides a common starting point that
can be adapted to different applications using task-specific
reference data, rather than training a model from scratch for
each task [4]. For CHIME, this could reduce the amount of
labeled data needed to develop models for its diverse moni-
toring applications. Assessing this potential requires bench-
marks that test whether these models capture useful spectral
information and generalize across locations.

Current evaluations emphasize land-cover and crop-type
mapping with readily available thematic labels [4, 5]. How-
ever, where broadband information suffices, strong perfor-
mance on hyperspectral imagery (HSI) alone gives little indi-
cation of the added value of imaging spectroscopy over mul-
tispectral observations from missions such as Sentinel-2 [6].
Matched comparisons are therefore needed to establish how
much the spectral information contributes to performance.

Other benchmarks use targets generated by algorithms
applied to the evaluated HSI, such as mineral masks de-
rived from EMIT products [7]. Evaluation then measures
how faithfully a model reproduces the reference method,
rather than independently testing the inferred material prop-
erties [8, 9]. These two concerns motivate examining spec-
tral dependence—the performance change under spectral
ablation—alongside reference provenance, the sources used
to construct the targets. For global applications, evaluation
must also test whether learned relationships transfer beyond
the training locations through geographic holdouts [10].

Earlier studies examine spectral dependence through dif-
ferent controls. Frank, Varga, and Zell [11] compare spatial-
only and spectral-only models. Leonardi et al. [12] adapt
TerraMind [13] through nearest-band selection or spectral



response function (SRF) grouping. SpectralEarth-FM re-
ports a larger EnMAP-branch advantage on BDForét than
on NLCD [5], although that comparison changes both the
pretrained branch and the input representation.

We combine an audit of current evaluation with matched
spectral ablations to identify gaps in benchmarking CHIME-
relevant capabilities. Section 2 reviews 63 benchmarks used
by 15 FMs, examining their targets, reference provenance,
spectral coverage, and geographic holdouts. Sections 3 and 4
present controlled ablations on NLCD, BDForét, and OxHy-
perMinerals, using matched training without pretraining and
an additional pretrained-backbone comparison on the two En-
MAP tasks. Section 5 draws on both analyses to recommend
larger-scale, geographically diverse evaluation of vegetation
traits, soil properties, and mineral composition against target-
specific field or laboratory references.

2. AUDIT OF CURRENT EVALUATION

We focus on datasets used for downstream evaluation of 15
HSI-capable FMs, rather than their pretraining corpora. We
searched OpenAlex titles and abstracts on 26 August 2026,
pairing hyperspectral terms with foundation-model terminol-
ogy and, in a sensitivity search, terms for large-scale pretrain-
ing, masked autoencoders, and cross-dataset models. We in-
clude hyperspectral datasets whose wavelength ranges over-
lap any part of 400-2500 nm. We exclude non-HSI, auxiliary
robustness, and compression-only evaluations.

We record each reported model-dataset—task evaluation
and group protocol variants, such as different label fractions,
under a common benchmark identified by its standardized
dataset version and task family. Counting each model-
benchmark pair once gives 95 pairs across 63 benchmarks.
We trace reference provenance through the model papers and
dataset sources, marking assignments as inferred when the
evidence supports an origin indirectly.

We classify references by how the target value or identity
is established. Measured references provide quantitative field
or laboratory measurements of a target property, such as soil
organic carbon content. Field label references instead estab-
lish class or target identities through documented field identi-
fication, agricultural declarations, or controlled target deploy-
ment. Class identity and spatial boundaries can have different
sources; EuroCrops belongs to Field label because its crop
identities come from farmer declarations [14]. For references
derived from Earth observation (EO), Other EO denotes tar-
gets established from observations other than the hyperspec-
tral acquisition used as model input, such as separate satel-
lite imagery or aerial photographs. Same image denotes tar-
gets generated by interpreting or processing that same hyper-
spectral acquisition, including through derived products, ei-
ther alone or alongside other sources. We use Undocumented
where the checked sources leave the origin unclear.

The table records spectral coverage relative to 400-

2500nm. Full reaches within 60nm of both endpoints;
otherwise, Near overlaps at least 90% of the range. Of
the remaining inputs, VNIR ends at or below 1100 nm, while
Fartial extends further.

Most benchmarks use class labels or imagery-derived tar-
gets (Table 1). Only five use quantitative field or laboratory
measurements (Measured). Four of these benchmarks use
VNIR inputs, while PACE Lake Erie is classified as Partial.
None therefore combines measured references with Full or
Near coverage of CHIME’s 400-2500 nm range. Their nar-
rower spectral ranges may still be appropriate for the individ-
ual tasks.

We assess collection scope (Table 2) and, separately, the
downstream split protocol for each model-benchmark pair.
Local denotes one named study area; emphRegional denotes
multiple locations within one country or contiguous region;
and Multi-region denotes multiple countries, a continental
collection, or separate broad regions. Unknown denotes in-
sufficient source evidence. A geographic holdout requires
evaluation on sites, regions, or geographic groups withheld
from task-specific training. Note: Separating pixels within
one scene is insufficient.

Collection scope differs across reference categories (Ta-
ble 2): 16 of 17 Field label benchmarks are local, while all
18 Other EO collections are regional or multi-region. Only
8 of 95 model-benchmark pairs have a documented geo-
graphically grouped holdout in downstream evaluation. For
47 pairs, the reported protocols use no such holdout; for the
remaining 40, the available descriptions are insufficient to
determine whether one was used.

3. CONTROLLED SPECTRAL ABLATION

We test how much performance is retained under spectral re-
duction on two thematic segmentation tasks and one mineral-
mapping task.

3.1. Tasks and input representations

NLCD and BDForét provide land-cover and forest segmenta-
tion tasks with 15 and 12 classes, respectively [4]. Both use
202-channel EnMAP L2A surface reflectance with external
thematic references (Other EO). NLCD labels derive from
multispectral products and ancillary data, whereas BDForét
labels come from photo-interpreted aerial and color-infrared
imagery. We retain the official train/validation/test splits of
10,125/1,350/2,025 patches for NLCD and 1,912/255/383 for
BDForét. All conditions use the same 128 x 128 patches on
the 30 m EnMAP grid.

OxHyperMinerals [7] extends the comparison to mul-
tilabel mineral mapping using 285-channel EMIT radiance
without atmospheric correction. Its overlapping goethite,
hematite, and kaolinite masks come from EMIT mineral prod-
ucts derived from the evaluated observation (Same image).
The official split contains 796/198/200 train/validation/test



Table 1. This audit lists 95 model-benchmark pairs from 63 HSI benchmarks reported by FMs. Rows follow task order within
each model. Columns report dataset, task, bands, spectral coverage, and reference category. Italic reference categories with a
dagger mark inferred reference origins.

Model HSI Downstream Benchmarks Model HSI Downstream Benchmarks
Dataset Task Bands Coverage Reference Dataset Task Bands Coverage Reference
HanChuan Crop type 274 VNIR  Field label® HanChuan Crop type 274 VNIR Field label®
HongHu Crop type 270 VNIR Field label HongHu Crop type 270 VNIR Field label®
Houston Land cover 144 VNIR Undocumented WHU-Hi HongHu Land cover 270 VNIR  Field label®
Indian Pines Crop type 224 Full  Field label _ WHU-Hi LongKou  Crop type 270 VNIR  Field label®
Pavia University Land cover 103 VNIR Undocumented 5 XiongAn Land cover 256 VNIR Field label
_ ZY1-02D Yellow River Land cover 119 Full  Field label g Airport Target det. 205 Full Same imaggj-
2 AVIRIS TD Target det. 189 Full  Same image' 2 Beachl Anomaly det. 188 VNIR Same image®
§ Bay Area Change 224 Full  Same image’ § Beach2 Anomaly det. 193 VNIR  Same image'
S Cri AD Anomaly det. 46 VNIR  Same image’ = Cri target detection ~ Target det. 46 VNIR  Same image'
@ Farmland Change 155 Full  Field label' HOTC 2023 Tracking 56 VNIR Same imageT
& Hermiston Change 154 Full  Field label' Hermiston Change 154  Full  Field label
== Mosaic Target det. 229  Full  Field label River Change 198 Full  Field label®
Pavia AD Anomaly det. 102  VNIR Same image* Urban Unmixing 162  Full  Same image
Renourban Target det. - Full  Undocumented Washington DC Mall ~ Reconstruction 191  Near  Same image
Santa Barbara Change 224 Full  Same imageT
Viareggio Anomaly det. 127 VNIR Field label HanChuan Crop type 274 VNIR  Field label®
Urban Unmixing 162 Full  Same image HongHu Crop type 270 VNIR Field label®
Houston SR Reconstruction 48 VNIR Same image — Indian Pines Crop type 224 Full  Field label
Washington DC Mall ~ Reconstruction 191 Near Same image S Pavia University Land cover 103 VNIR  Undocumented
2 Bay Area Change 224 Full  Same image®
DESIS-CDL Crop type 235 VNIR  Other EO th: Hermiston Change 154 Full  Field label'
EOL-CDL Crop typf{ 198 Full  Other EO = Santa Barbara Change 224 Full  Same image®
F EnMAP-BDForet Tree species 202 Full  Other EO Bavaria-SOC Soil - 157 VNIR Measured
=+ property easure
= EnMAP-BNETD Land cover 202 Full  Other EO GLORIA Water quality 551 VNIR Measured
‘ma EnMAP-CDL Crop type 202 Full  Other EO KarLy Soil property 125 VNIR Measured
= EnMAP-CORINE Land cover 202 Full  Other EO
§ EnMAP-EuroCrops Crop type 202  Full Field label g CDL Crop type 155 Near Other EO
& EnMAP-NLCD Land cover 202 Full  Other EO = CLCD Land cover 155 Near Other EO
EnMAP-TreeMap Tree species 202 Full  Other EO ] CORINE Land cover 155 Near Other EO
HyBiomass Biomass 202 Full  Other EO ”§ ISDASoil Soil texture 155 Near Other EO
Hyperview Soil property 150 VNIR Measured £ NLCD-S Land cover 155 Near Other EO
DESIS-CDL Crop type 235 VNIR Other EO ©  GFC Change 155 Near  Other EO
= EOL1-CDL Crop type 198 Full  Other EO g Botswana Land cover 145 Near Field label
s EnMAP-BDForet Tree species 202  Full Other EO : Chikusei Land cover 128 VNIR Field label
E EnMAP-BNETD Land cover 202 Full  Other EO 2 Indian Pines Crop type 224 Full  Field label
e EnMAP-CDL Crop type 202 Full  Other EO & BayArea Change 224 Full  Same image®
‘-L; EnMAP-EuroCrops  Crop type 202  Full  Field label =s) Santa Barbara Change 224  Full  Same image®
£ EnMAP-NLCD Land cover 202 Full  Other EO _
2, EnMAP-TreeMap Tree species 202 Full  Other EO S EnMAP-BDForet Tree species 202 Full  Other EO
@ GF-5 Wuhan Land cover 116  Full  Same image : EnMAP-BNETD Land cover 202 Full  Other EO
OxHyperMinerals Minerals 285 Full  Same image 5: EnMAP-CDL Crop type 202 Full  Other EO
: A EnMAP-CORINE Land cover 202  Full  Other EO
< AeroRIT Land cover 372 VNIR  Same image — EnMAP-EuroCrops Crop type 202 Full  Field label
Y HRSSC Land cover 224 Full  Same imageT —_
§ Qingpu-HSI Land cover 251 VNIR Field label E
£ WHU-H2SR Land cover 249 VNIR  Field label g  EnMAP-CDL Land cover 218 Full  Other EO
g Bay Area Change 224 Full  Same image® % EnMAP-NLCD Land cover 218  Full  Other EO
72 Santa Barbara Change 224 Full  Same imag ot m& EnMAP-gNATSGO Soil property 218  Full  Other EO
E <
- &
% WHU-Hi-HanChuan ~ Reconstruction 274 VNIR Same image m
<} Xiongan Reconstruction 250 VNIR  Same image %c
w =
= % Indian Pines Crop type 224 Full  Field label
) 2
:
% PACE OCI Cloud property 291 Partial Same image f
o —
£ S
) g
E é EnMAP-CORINE Land cover 202  Full  Other EO
& PACE Lake Erie Water quality 122 Partial Measured e
2 £




Table 2. Geographic scope by reference provenance for 63
benchmark collections. Unknown denotes insufficient source
evidence.

Multi-
Reference Local Regional region Unknown
Measured 2 2 1 0
Field label 16 0 1 0
Other EO 0 13 5 0
Same image 13 1 2 4
Undocumented 2 0 0 1
Total 33 16 9 5

parent tiles. Each 512 x 512 tile supplies 16 fixed, non-
overlapping 128 x 128 windows that inherit its split.

We compare five representations to examine the effects of
spectral coverage, broad-band integration, and compression.
Full HSI retains all supplied channels. S2-9 integrates the in-
put with the version 4.0 Sentinel-2A responses B2-B8, BSA,
and B12 [28]. For input channel value x;, the reduced band is

L i Tl (Aws
TR N w

where R; is the dimensionless relative response of band j,
A; is the listed channel center in nm, and wj is its quadrature
width in nm. We calculate widths within contiguous spectral
segments, without interpolation across gaps in the supplied
202-band EnMAP set. B11 overlaps its 1565-1653 nm gap,
so we omit B11 and retain the same nine-band definition for
EMIT. S2-9 retains each task’s original observations and spa-
tial grid, so its comparison with Full HSI measures spectral
reduction rather than operational differences between sensors.

Narrow-9 replaces broad integration with the native chan-
nel nearest each response center. This compares native-band
selection with broad-band integration at matched channel
count and approximately matched spectral locations. RGB-3
uses the exact B4, B3, and B2 rows of S2-9, restricting the
input to visible bands and reducing the channel count to three.

PCA-9 compresses the full spectrum into nine compo-
nents, allowing comparison with the nine-band reductions at
the same input dimensionality. We fit one IncrementalPCA
basis per dataset using valid training pixels, with centering
but no per-band variance scaling. Component selection fol-
lows input variance rather than task relevance, and bands with
larger variance can therefore have greater influence on the
basis. Unlike the band-based reductions, these components
combine information from all supplied channels.

6]

3.2. Experimental setup and evaluation

We train models to predict pixel-level labels from each input
representation. We compare how spectral reduction changes
performance in two learning settings: training without pre-
training and adaptation of a frozen pretrained backbone.

Training without pretraining. For each task and input rep-
resentation, we train a separate FCN-ResNet50 segmentation
model from random initialization, updating all weights using
that task’s labeled training set.

Frozen pretrained backbone. On NLCD and BDForét,
we additionally compare Full HSI and S2-9 using the Spec-
tralEarth spec_rn50 backbone pretrained with DINO [4].
The backbone extracts features for prediction, and its pre-
trained weights remain fixed during task-specific training. We
train only a new input adapter and segmentation head, which
respectively map the spectral input into the backbone and its
output to pixel-level labels. Because the original adapter can-
not accept nine channels, we replace it in both input represen-
tations. This tests whether the spectral-dependence pattern
persists with a pretrained backbone.

Implementation details. We train for 100 epochs with
AdamW, an initial learning rate of 1073, cosine decay, and
weight decay of 10~%. Effective batch sizes are 64, 32, and 16
for NLCD, BDForét, and OxHyperMinerals, respectively. We
apply rotations and flips and calculate normalization statis-
tics from training pixels. Input adapters use 1 x 1 convo-
lutions to 64 channels without pretraining and to 128 chan-
nels followed by batch normalization and ReLU with the pre-
trained backbone. For the latter, backbone weights and batch-
normalization statistics remain fixed, and final-stage down-
sampling is removed. The EnMAP tasks use multiclass cross-
entropy with argmax predictions; OxHyperMinerals uses bi-
nary cross-entropy with a 0.5 sigmoid threshold.

Shared protocol and evaluation. Within each task and
learning setting, samples, masks, labels, splits, augmentation,
and training settings remain fixed across input representa-
tions. We repeat each experiment with three random seeds
(0-2) and select the checkpoint with the highest validation
macro mean intersection over union (mloU).

We report both test scores and paired performance differ-
ences as mean *+ sample standard deviation (SD) across the
three seeds. Paired differences are calculated by subtracting
scores within each seed before computing their mean and SD.
For example, Full—-S2-9 is the Full-HSI score minus the S2-
9 score, expressed in percentage points. Positive differences
favor the first-named input representation.

4. RESULTS AND INTERPRETATION

Reducing Full HSI to S2-9 causes a larger performance loss
on BDForét than on NLCD (Table 3). For models trained
without pretraining, the paired Full-S2-9 differences are
1.0 & 0.1 percentage points on NLCD and 7.7 £ 0.9 on
BDForét. With the frozen pretrained backbone, the corre-
sponding differences are 3.1 + 0.1 and 9.5 4+ 0.4 points.
Thus, BDForét shows greater spectral dependence under this
reduction in both learning settings.

The remaining comparisons use models trained without
pretraining. Narrow-9 gives nearly identical mean perfor-



Table 3. Test macro mloU (%) and paired differences (per-
centage points), reported as mean + sample SD over three
seeds. OHM denotes OxHyperMinerals.

NLCD BDForét

Input / difference OHM

No pretraining
Full HSI 41.3£0.2 65.7£0.3 61.9£2.0
S2-9 40.3+0.2 58.0+0.6 54.2+2.0

Narrow-9 40.2+0.8 58.0£0.5 53.4%+0.3
RGB-3 34.6+1.4 34.7+1.4 45.24+1.0
PCA-9 41.3£0.2 60.9£0.4 59.7£1.0
Full-S2-9 1.0£0.1 7.7£09 7.7£2.6
Narrow—S2-9 —0.1+£0.7 0.0£0.8 —0.9£2.3
Full-RGB-3 6.7+£1.2 31.0£1.1 16.7£1.0
Full-PCA-9 0.0£0.1 4.840.3 2.2£2.9
Frozen pretrained backbone

Full HSI 37.7£0.1 57.6+0.6 -
S2-9 34.6£0.1 48.1+0.3 -
Full-S2-9 3.1£0.1  9.5+£0.4 -

mance to S2-9 on both EnMAP tasks, so selecting native
channels at these nine spectral locations offers little observed
advantage over broad-band integration. This differs from the
nearest-band advantage reported for TerraMind [12] in a dif-
ferent learning setting. Restricting the input to three visible
bands with RGB-3 incurs much larger losses: 6.7+ 1.2 points
relative to Full HSI on NLCD and 31.0 &£ 1.1 on BDForét.

PCA-9 nearly matches Full HSI on NLCD, with a paired
Full-PCA-9 difference of 0.0 &= 0.1 points. On BDFor¢t, it
recovers part of the Full-HSI advantage over S2-9 but remains
4.840.3 points below Full HSI. The different performance of
these nine-dimensional representations shows that their con-
struction matters, not just their size. The remaining difference
on BDForét motivates testing whether task-adapted represen-
tations from hyperspectral FMs can preserve predictive infor-
mation more effectively than variance-based PCA at compa-
rable dimensionality.

On OxHyperMinerals, Full HSI exceeds S2-9 by 7.7 £
2.6 points and RGB-3 by 16.7 &+ 1.0 points. PCA-9 retains
more performance on average than the band-based reductions,
with a paired Full-PCA-9 difference of 2.2 £ 2.9 points. The
variability of this difference is substantial relative to its mean.

The meaning of these gains depends on the reference tar-
gets. NLCD and BDForét evaluate agreement with external
thematic maps, whereas OxHyperMinerals evaluates agree-
ment with mineral masks derived from the same EMIT obser-
vation. Differences in classes, geography, and sample com-
position prevent isolating the contribution of reference prove-
nance to the observed performance differences. Neverthe-
less, the mineral experiment shows that additional spectral
information can improve reproduction of an existing retrieval
product. This motivates complementary evaluation against
field or laboratory references that establish material identity
independently of the input imagery.

5. DISCUSSION AND RECOMMENDATIONS

The audit identifies an underrepresented combination of
target-specific ground references and broad spectral cover-
age. None of the reviewed measured-reference benchmarks
spans nearly all of 400-2500 nm. Geographic coverage alone
does not establish performance beyond training locations.
Our ablations retain the official dataset splits and test spectral
dependence rather than compare geographic split protocols.
They show that additional spectral information can improve
agreement with imagery-derived products. Together, these
findings motivate independent evaluation of target properties
and testing whether spectral benefits persist at sites or regions
excluded from task-specific training.

Future benchmarks should prioritize vegetation traits for
agriculture and vegetation monitoring, soil properties such
as soil organic carbon, and mineral identity and composition
for raw-material applications. These tasks should combine
physical measurements with ground-established species and
mineral classes, extending evaluation beyond conventional
thematic mapping. Reference records should document ori-
gin, date, location, measurement or identification method,
processing history, and represented ground area. Evaluation
should combine site or region holdouts with matched spectral
controls, keeping learners, splits, masks, and training fixed
across input conditions and reporting paired performance
differences across seeds.

CaRMA [29], SHIFT [30], ABoVE AVIRIS [31], or
GEMx [32] could provide candidate airborne/in-situ obser-
vations for such a collection. Development should begin
by identifying target-specific field or laboratory references,
distinguishing these from sensor-calibration records, and
matching them to imagery in space and time. Where ref-
erences require aggregation, the procedure should explain
how the measurements represent each pixel’s ground area.
Compatible observations should then be harmonized through
spectral response integration, spatial blur, and resampling to a
common CHIME-like 30 m grid within their available wave-
length support. The multisensor framework of Koutsantoni et
al. [33] and CHEES [34] provide related simulation methods.

A benchmark built around these priorities should test how
well hyperspectral foundation models predict surface proper-
ties at unseen locations and how much spectral information
contributes to that performance. CHIME'’s application needs,
rather than label availability alone, should guide the selection
of tasks and references.
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