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8. Our HyperFM250k Dataset
Hyperspectral imaging from space offers detailed spectral
information about the Earth’s surface and atmosphere, and
recent missions have significantly increased the volume and
quality of available data. Notable examples include En-
MAP [17], PRISMA [35], and the forthcoming CHIME
mission [31]. These systems are optimized for land-focused
applications and provide the spatial, spectral, and radio-
metric performance required for tasks such as vegetation
characterization, mineralogical mapping, and terrestrial en-
vironmental monitoring. Their design, however, limits their
suitability for marine, cryospheric, and atmospheric obser-
vations. Over ocean and polar regions, the signal is weaker
and more sensitive to calibration uncertainties, while at-
mospheric studies often require broader spectral coverage,
higher radiometric stability, and measurement strategies tai-
lored to cloud and aerosol retrievals. Consequently, al-
though current missions substantially advance land-oriented
hyperspectral remote sensing, they provide only partial sup-
port for applications central to climate research and numer-
ical weather prediction, underscoring the need for instru-
ments explicitly designed for these domains.

NASA’s PACE mission directly addresses the limitations
of land-oriented hyperspectral systems by introducing the
Ocean Color Instrument (OCI), which delivers global hy-
perspectral coverage tailored to oceanic and atmospheric
applications. OCI provides continuous spectral sampling
from roughly 340 to 890 nm at 5 nm resolution, along with
seven additional shortwave infrared channels centered at
940, 1038, 1250, 1378, 1615, 2130, and 2260 nm. This
combination offers the spectral density and calibration sta-
bility required for robust retrievals of ocean color, cloud
properties, and aerosol composition. In contrast, earlier
multispectral instruments such as MODIS [36] and VI-
IRS [37] have supported long-term atmospheric and ocean
observations but lack the spectral detail and radiometric per-
formance needed for reliable microphysical characteriza-
tion. As a result, PACE OCI functions as a complementary
capability to existing hyperspectral missions while provid-
ing the spectral depth necessary for improved environmen-
tal and climate research.

8.1. Dataset Overview
HyperFM250k is a hyperspectral dataset built from PACE-
OCI observations. It contains 250k HSI tiles with cloud
coverage more than 60%, addressing the limitations of ear-
lier releases that often kept the cloud presence below ten

percent.

8.1.1. Raw Data Overview
A summary of the raw PACE-OCI data used to generate Hy-
perFM250k is shown in Tab. 4. PACE-OCI provides Level-
1 radiance data in three forms: A) raw, B) calibrated and ge-
olocated, and C) calibrated, geolocated, and co-registered to
a common grid. Because the raw measurements require ad-
ditional calibration and are not reliable for direct analysis,
Level-1B and Level-1C are the practical options. However,
level 1C has a coarse spatial resolution of 5km while level
1B offers finer resolution of 1.2km. Therefore we select
level 1B observations to construct our dataset. An addi-
tional advantage of Level-1B is its colocation with Level-2
products which simplifies downstream use without requir-
ing further preprocessing and alignment. Note that all geo-
physical science products are released as level-2 products.
Some of the key geophysical products include Cloud Opti-
cal Thickness (COT), Cloud Effective Radius (CER), Cloud
Water Path (CWP), and Cloud Top Height (CTH), among
others [29].

A total of 2262 granules were downloaded using a
python script specifying the search criterion. The granules
were selected from May 2024 to April 2025. The train split
comprises 12 days of data from 12 different months, while
the validation and test splits each use 2 days. The level-1B
raw granules totaled approximately 3, 625 GB while level-2
granules were approximately 181 GB.

8.1.2. Preprocessed Dataset Overview
Both Level 1B and Level-2 raw granules are preprocessed
using the Algorithm 1. Preprocessed hyperspectral tiles
were saved in (.npy) format. A summary of the Hy-
perFM250k is as follow:
• 253,104 hyperspectral tiles. Each tile has input and cor-

responding target data.
• Train / Val / Test: 168,394 /42,355 /42,355
• Train / Val / Test: 1688.7 GB / 431.73 GB / 431.73 GB
• Each Tile: NumPy Array shaped: 291× 96× 96
• Per-channel mean and standard deviation provided

8.2. Tasks
The HyperFM250k dataset includes four pixel-wise re-
gression tasks and one binary segmentation task.
• Cloud Optical Thickness (COT) – Also called cloud opti-

cal depth. It measures how much incoming solar radiation
is attenuated as it passes through a cloud, with larger val-
ues indicating optically thicker clouds.



Figure 7. Geographical scatter plot of HyperFM250k. The map depicts the global coverage of hyperspectral images within our dataset,
demonstrating its extensive geographical scope.

Table 4. Summary of PACE OCI Data used to construct HyperFM250k dataset
Product Processing Level Variables Used Spectral Bands Temporal Coverage # Raw Granules

PACE OCI L1B SCI Level-1B

observation data:
rhot blue, qual blue
rhot red, qual red,

rhot SWIR, qual SWIR

blue (#119):
314∼ 605nm

red (#163):
600∼ 895nm
SWIR (#9):

940∼ 2258nm
Total: #291

Train:
2024-5-10, 2024-6-10, 2024-7-10

2024-8-10, 2024-9-11, 2024-10-10
2024-11-10, 2024-12-10, 2025-1-10

2025-2-10, 2025-3-10, 2025-4-10
Valid: 2025-2-28, 2025-4-28
Test: 2025-2-20, 2025-3-20

Train: 1677, Valid: 291, Test: 294

PACE OCI L2 CLOUD Level-2
geophysical data:

cot 21, cer 21
cwp, cth

Train: 1687, Valid: 291, Test: 294

PACE OCI L2 CLOUD MASK Level-2
geophysical data:

cloud flag
cloud flag dilated

Train: 1687, Valid: 291, Test: 294

• Cloud Effective Radius (CER) – Describes the mean
droplet size within the cloud and is closely linked to cloud
albedo and precipitation processes.

• Cloud Water Path (CWP) – Represents the vertically inte-
grated liquid water content, providing an estimate of total
cloud water and its radiative influence.

• Cloud Top Height (CTH) – Indicates the altitude of the
cloud’s upper boundary.

• Cloud Mask (binary segmentation) – Identifies whether
each pixel is cloud or non-cloud, supporting cloud screen-
ing and downstream retrieval quality.

These five tasks capture core aspects of cloud structure
and behavior, and they play a central role in climate mon-
itoring [15], weather forecasting [16], aviation safety [18],
and renewable energy studies [57].

Due to time and space limitations, we were only able to
report on the four regression tasks.

9. Additional Results

We present additional results from Sec. 6 here which were
excluded due to space limitation. We compared with an-
other recent hyperspectral foundation model called Hyper-
Free [20] by loading their ViT-base weights and adding the
convolutional decoder as shown in Fig. 5. Note that we re-
move the neck from HyperFree ViT-b encoder for fair com-
parison with all the HFMs. The model was finetuned in
the same way the other HFMs [see Sec. 5] were, that is
for 250 epochs with an early stopping criterion set to val-
idation MSE loss and a patience of 30. Furthermore, we
replaced the Hypoformer block in our HyperFM with reg-
ular ViT blocks and called it HyperFM-ViT. We did this to
see the trade-off between using hypoformer and ViT blocks.
HyperFM-ViT are finetuned both decoder only and full net-
work with the same hyperparameters. All the results are
reported in Tab. 5. We can see that our HyperFM outper-
forms HyperFree along with other variants of HyperFM.
The results entail that ViT blocks also achieve similar re-



Figure 8. Comparison of Hyperspectral FMs on four pixel-wise regression tasks: cloud optical thickness(COT), cloud effective radius
(CER), cloud water path (CWP) and cloud top height (CTH). MSE score for each retrievals are reported on top of the retrieval image.
Sometimes grids are noticeable at the patch borders which reduces with overlapped sampling at additional computational cost.

sults but with additional computational cost. It also entails
that the key advantage of our model stems from the Group
Embed module while Hypoformer blocks keep it parameter
efficient.

Fig. 8 provides a qualitative comparison of all the
SOTA HFMs: SpectralEarth [3], HyperSigma [49], Hyper-
Free [20], HyperFM-ViT, and HyperFM. For fairness, all
retrieval examples are drawn from the decoder-only fine-
tuned models. Sec. 6 discusses the SpectralEarth and Hy-

perSigma results with respect to our HyperFM. Beside that
we can see that HyperFree shows clear difficulty in recov-
ering the CER property same as SpectralEarth and con-
sistently falls behind other hyperspectral foundation mod-
els, including SpectralEarth, HyperSigma, and HyperFM in
COT, CWP and CTH retrievals. Its design choice to sup-
press cloudy pixels further limits its ability to handle cloud-
centric tasks, which explains the performance gap observed
here.



Table 5. Additional Benchmark Results of HyperFM on Four Pixel-wise Regression Tasks
Model Architecture COT MSE (↓) CER MSE (↓) CWP MSE (↓) CTH MSE (↓) Model Capacity Trainable Param Train Time (Hr)

UNet [19, 30] 0.3928 84.7329 1.5709 7.6786 31.04M 31.04M 1.57@(1x48GB A6000)
CloudUNet [47] 0.3752 128.4650 1.7030 12.1648 0.1.86M 0.1.86M 3.67(@1x12GB RTX2080Ti)

CAM [48] 0.3367 74.4473 1.5123 6.6306 0.47M 0.47M 3.71(@1x12GB RTX2080Ti)

SpectralEarth [3][w/o FT] 61.0280 14384.0316 26.1292 1296.5026 88.78M - -
HyperSigma [49][w/o FT] 53.1539 39999.7969 9.1567 979.5114 100.16M - -

HyperFree [20][w/o FT] 9.170 21296.765 36.923 1681.148 101.82M - -

SpectralEarth [3] 0.4699 97.9197 1.7111 7.6742 88.78M 0.54M 9.58@(3x48GB RTX8000)
HyperSigma [49] 0.3212 95.4874 1.3317 8.4936 100.16M 0.69M 133.31@(2x12GB 2080Ti)

HyperFree [20] 0.5570 117.8959 2.0632 10.0716 101.82M 0.69M 5.38@(2x48GB A6000)

HyperFM-ViT-Dec Only FT 0.3345 74.2573 1.2792 5.4212 49.54M 1.48M 6.07@(3x48GB RTX8000)
HyperFM-ViT-Full FT 0.2672 59.3235 1.0384 4.2518 49.54M 49.54M 3.53@(3x48GB RTX8000)

HyperFM-Dec Only FT [ours] 0.3124 73.7017 1.2229 5.0976 32.06M 1.48M 7.50@(2x48GB A6000)
HyperFM-Full FT [ours] 0.2615 62.3963 1.0137 4.0508 32.06M 32.06M 5.02@(2x48GB A6000)
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