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IBM Research
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IBM and NASA Collaborate to Research Impact of Climate Change with Al

New IBM Foundation Model Technology Leverages NASA Earth Science Data for Geospatial Intelligence IBM <\.‘. NASA. Al E%Fﬁ b Tcﬁfﬁﬁib@%g k—- 55'9" 65’}
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Marshall Space Flight Center today announce a collaboration to use IBM's artificial intelligence (AT) modelg)id, FANOFNTWENMBENT -5 TEETEZATINLO—MT. &

technology to discover new insights in NASA's massive trove of Earth and geospatial science data. Xy ) . S EXERRBZI AV CEATE, HIRNCET BMBEFORRTHBIT S &
The joint work C7 will apply AI foundation model technology to NASA's Earth-observing satellite Con MNTEXT, TNSOETIVE. BESFHMTERERELE (NLP) 0HHEREIC
data for the first time. ElEETEE U, BMIZ, SEAFERBAT, 779Y7—Yay - ETLOM

5 ARGIERRLTVNET,
Foundation models [7 are types of Al models that are trained on a broad set of unlabeled data, can

be used for different tasks, and can apply information about one situation to another. These echnolos > 4 BPEICLIHROMRSL L CERETRICT IHRET—7 & HOTRVEL
models have rapidly advanced the field of natural language processing (NLP) technology over the o ) DERELBETNEINTVWET, TNSOEALRT—FERI SOMERBT D128

last five years, and IBM is pioneering applications of foundation models beyond language. i, FUEFNRT7 7TO0—FHARETT, - OWROEER. FREN KB
=N o R i

Earth observations that allow scientists to study and monitor our planet are being gathered at The Consur srorum F—F -y hEMIL. FIHSRAREEEHT IR, LDBEJKTZILET
unprecedented rates and volume. New and innovative approaches are required to extract Fo BMOT7 7 9 Y7F—yay - EFVEINE, #IRICEET ZRLNER & SRED

knowledge from these vast data resources. The goal of this work is to provide an easier way for L t BEAORERRE LD REICED B HD, T—IDRBEMTEMEE 24
researchers to analyze and draw insights from these large datasets. IBM's foundation model Report:2024 MABD £

technology has the potential to speed up the discovery and analysis of these data in order to
quickly advance the scientific understanding of Earth and response to climate-related issues. *WUTRFGY -2 %8R

1BM and NASA plan to develop several new technologies to extract insights from Earth Subscribe to email YY—ZEAXHRD BERER, & ZES5DOURLMS ZELEE W,
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Geospatial
Data Source

Data diversity
requirements

l

» Sampling
Geo-tiles

(GeoTIFF)

Pre-Training

Model
architecture +

Data quality
Hyperparameters

requirements

l

Filtering and
Pre-processing Training
examples
(Zarr)

Self-supervised |
Learning

—>

Pre-trained
Foundation Model

Encoder

1apo2ag

Output

Encoder
weights

2

Fine-Tuning

Task Specific
Labeled Data

Supervised | Type of task +
Learning Hyperparameters

Filtering and

Inference

Pre-processing

T

Location/time

Encoder/decoder
weights

4

Encoder

Fine-tuned
Foundation Model




HLS as global
remote sensing
data to train GFMs

Harmonized Landsat Sentinel-2:

Geospatial foundation models
focused on remote sensing data.

Harmonized Landsat Sentinel-2
(HLS) provides consistent global
observations of the land.

—Data available in tiles, aligned with
the Military Grid Reference
System (MGRS).

—30m resolution

—Each tile has 3660 x 3660 pixels,
corresponding to ~110 x 110 km.

()
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Diversified sampling to
address unbalanced data for
pre-training

Selecting
pre-training data

Requirement — diversified pre-
training dataset.

—For agiven region, images
can look similar across time.

—Random sampling = can bias
towards most common
landscapes.

Intelligent sampling scheme
based on geospatial statistics.

Sampling data from
the United States

Sampling scheme

1. Aggregate various geospatial
statistics (temperature and
precipitation).

2. Divide the region into groups
based on these statistics.

3. Sample HLS tiles as equally
as possible from each group.
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sampled_tile_bin

20 possible bins based on precipitation and temperature

0
O H N MmMT IO~ oA NMETINO RN QOO

2045 PREIIC 5758

125

o
b
sampled_tile_bin

ST TDHE:
985 tiles — 130 tiles
(~40TB — 5TB) ». '

—
aa
sampled_tile_bin

entropy: 4.114, (min: 0.000, max: 4.322) O



Filtering out
“missing” data

Satellite images can contain
significant parts filled with
clouds or missing values.

For each tile, HLS provides a
cloud mask.

The mask allows us to
compute the percentage of
clouds and missing data.

Only sub-regions with low
percentage of clouds or

missing data are considered.

3660 pixels

Missing data

1

\

“good”
224 x 224 patch

Clouds

>

3660 pixels

= US: 250k patches
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3D VIiT Model Arch.
self-supervised via
masking

MAE — Masked AutoEncoder
—Pre-training task: reconstruct

masked patches — target =
original data.

—MSE loss on masked patches.

Encoder — Vision transformer
(ViT) for multispectral 3D data.

—3D patch embeddings
—3D positional encoding

Decoder = Transformer blocks
+ linear projection layer to
match the target patch size.

spectral
band,

Encoder Decoder

spectral

ViT architecture +
3D Patch embedding +
3D positional encoding

%



Training details

Input

number of frames
Image size
bands

3

224 x 224

B02, BO3, BO4 (RGB)
BO5, B0O6, BO7 (infrared)

M d \- patchsize (T, H, W) (1,16, 16)
O e masking ratio 0.75
number of parameters 100M
: . machine vela cluster
Tral n I ng number of GPUs 64
number of CPUs 7512
time to train ~4.5 days

O AE
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AR EKMEEATRIE

IoU F1 mloU mF1-score mAcc
(water) (water) | (both classes) (both classes) (both classes)

Baseline [55] 24.21 - - - -

ViT-base [19] 67.58 80.65 81.06 88.92 88.82

Swin [60] 79.43 88.54 87.48 93.13 90.63

Swint [60] 80.58 89.24 87.98 93.44 92.02

AFTER 50 EPOCHS

Prithvi (not pretrained) 80.67 89.30 88.76 93.85 94.79
=» Prithvi (pretrained) 81.26 89.66 89.10 94.05 95.07

AFTER 500 EPOCHS

Prithvi (not pretrained) 82.97 90.69 90.14 94.66 94.82
=» Prithvi (pretrained) 82.99 90.71 90.16 94.68 94.60

Table 2: Prithvi performance compared to baseline of Sen1Floodsl1 [55], as well as recent
vision transformer architecture baselines used off-the-shelf with standard hyperparameters
from [56]. Performance is calculated pixel-wise over the test set, accounting for class imbal-
ance. T Swin pretrained on ADE20K.

0.84 1

0.821

loU (water class)

0.76 1

0.801

—— Original Fine-tuning Data

—— Reduction: 50%

—— Reduction: 75%
Reduction: 87.5%

5000 10000 15000 20000 25000 30000 35000 40000

Number of iterations
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lat, lon lat, lon

year, doy year, doy

sin/cos
embed
T L

sin/cos
embed

S " :
X X

§ mask arrange
= + with
]
= drop Encoder mask Decoder rearrange
5 —’e—' E— transformer 9—* transformer E—
0 blocks blocks
=
o
o

~—

input reconstructed image

HENH - EEEEEEEEEEEE

- Year, Dayl&#R. & (latitude) & 2 (longitude) (X BT Y 7B

 INBLDARZRT—ZEHDropoutE B3



m-eurosat
5 "\,‘ 9% 5
A \ L
“
D :

Prithvi EO 2.0 R
« GEO-Bench datasets [https://github.com/ServiceNow/geo-bench]

m-forestnet

m-pvé4ger

m-so2sat
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Prithvi EO 2.0 % (X#ENh)

Ground Truth
Ground Truth

Prithvi-300M
Prithvi-600M

True Positive I False Positive I False Negative

True Positive I False Positive B False Negative

TJILT—&+tyv b (3,799E/1E)

LYETF—&t v kb (100E1R, 2.5%)
[IoU] U-Net: 70.4, Prithvi: 71.3

[IoU] U-Net: 65.1, Prithvi: 67.1




Prithvi Tiny €7V (2025%F10A11H%F*)

c FUBREETIILHTIARERSEK

« Encoder Memory
e Tiny: 22Mb orithyi 100M  aaPithvi 300M Prithvi 600M

« 100M: 328Mb Prithvi tiny
+ 5M

e Frames/sec on iX10:
e 329 frams

100
GFLOPs
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ational Aeronautics and Space Administration

Group Achievement Honor Award

Geospatial AI Foundation Model Development

Team

Daiki Kimura

NASA L V)
Group Achievement Honor Award

Prithvi-Geospatial Al Foundation A
Model Team receives ';?Ni:s’

The 2025 AGU Open Science
Recognition Prize

For pioneering open-access Al foundation models that
advance Earth science and exemplify global
collaboration, transparency, and education.

W o

AGU (77X ) hiuEkBsES) LY
Open Science Recognition Prize

P~
L0 LoV

Prithvi
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Prithvi WxCHOZEF— 4

e 160Z# = 10 x 14 + 20
e S 11980 - 2019 (3940%)
° 7—_ X '\ . 2020 _ 2023 Table 2: List of Surface Variables

Variable Collection Description

Ul10 M2IINXASM 10 m zonal wind
V10 M2IINXASM 10 m meridional wind
T2M M2IINXASM 2 m surface temperature
QV2M M2IINXASM 2 m specific humidity
PS M2IINXASM Surface Pressure
SLP M2IINXASM Sea Level Pressure
TS M2IINXASM Skin Temperature
TQI M2IINXASM Column-total ice
TQL M2IINXASM Column-total liquid water
TQV M2IINXASM Column-total watre vapor
GWETROOT | M2TINXLND | Rootzone soil wetness relative to soil holding capacity
LAI M2TINXLND Leaf area index
EFLUX M2TINXFLX Surface latent heat flux
HFLUX M2TIN X Surface sensible heat flux
Z0M M2TINXFLX Surface roughness
LWGEM M2TINXRAD Longwave radiation emitted by the surface
LWGAB M2TINXRAD Longwave radiation absorbed by the surface
LWTUP M2TINXRAD Upward longwave at the top of atmosphere
SWGNT M2TINXRAD Net downward shortwave radiation at the surface
SWTNT M2TINXRAD Net shortwave at top of atmosphere

Table 3: List of Native Vertical Level Variables
Variable | Collection Description

U M2I3NVASM Wind speed/direction
\Y% Wind speed/direction
OMEGA Vertical motions
T Air temperature
Qv Specific humidity
PL Actual mid-level pressure
H Mid-layer height (equivalent to the geopotential height)
CLOUD Cloud fraction at this layer for radiation
QI Cloud mass fraction that is ice
QL Cloud mass fraction that is water

Nominal Pressure (hPa)
985[970[925[850 700|600 | 525412288 [245]208 | 150 | 109 | 48

IE

o~ e ==
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Prithvi WxCDE 7L

Encoder
13 Local
e 12 Global

Decoder
e 3 Local
e ? Global

local masking |

[] window

6 H%f: E& D
¥ HZ % £

along local

Local attention
sequence

=
Global attention Local attention
along global > along local
sequence sequence

~

reconstruct
batch

i

| global masking

—_

5 I)L: 2.3B

o—> transpose [] token

| along local

Local attention
sequence

Decoder

Lo
Global attention . |Local attention
along global —> along local
sequence sequence [
oL :

M x local-global blocks

Output projection
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Prithvi WxCOEEEHR X X 7

« SURD 125 BRI

(a) downscaling Near-Surface Air Temperature at 2099-01-01 12:00:00 by 12x
model output ground-truth

input
ground-truth
nearest
bilinear
Prithvi WxC

wavenumber k
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 — HURDAT

, —— MERRA FCN | 201.939 km
: —— ERA FCN | 262.323 km
—— WxFM | 63.972 km
95°W  90°W  85°W  80°W  75°W
(b) Mean Sea Level Pressure

—— MERRA-FCN
—— ERA-FCN
— WxC

0 12 24 36 48 60 72 84 96 108 95°W 90°W 85°W 80°W 75°W

Fourecast Hours
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« HERFDAny-to-AnyE A RIBELR E T /L

Modalities Modality-wise Tokenization Correlation Learning Downstream Applications

Sentinel-2 L2A s ; Multimodal Generation
B T Pixel-level input Sampled target tokens

Sentinel-2 RGB \ S | 2 - P2 ' HEEEEN 3 i
; \ gy e
A %

. .s-zuc A
o - T S . Wls2rcs Patch Cross Entropy Loss

Sentinel-1 RTC S « [ls1cr0 Embed. ot t 4 RN b 1

Generate data based on
= S-1RTC 4§ ! ! ! ! learned correlations
DEM

Digital Elevation

- TerraMind
e ' Fine-tunin
Token-level input U~ Decoder g

Vegetation 2 - . . . . . S2L2A r AP Task 5 ’-"
index (NDVI) 5 ¥ Image | - : : Encoder J jecoder
- Mask tokens

~

Token-

Land-use/ ization = — Native support for multi-modal inputs
and-cover A . g

maps (LULC)

- . Thinking in Modalitites (TiM)
A satellite TerraMlnd

’ image of a Sequence input
Image caption coastline q P Encoder

with ... Text HBEEREE - B cetion

Token-
ization

Coords i

LI § ,t._f t . 1
HNETEEEE

Sampled input tokens TiM tuning with generated modalities

Coordinates at 0°30'N
0.25 x 0.25 deg 122°45'E




TerraMind: Any-to-Any4 pk

c —DDAID B, BHOERXY T 4 DIFEREEKRT
« Bl Z 11X, FFEEGRH SSAREG. E5. THHBLE % 4K

Raw Input Sentinel-2 L2A  Sentinel-1 RTC

Coordinates Ground Truth Tokenizer Reconstructions

0°30'N
122°30'E

1°30'S
123°00'E

The image is a satellite
view of a landscape
that includes ariver, a
waterway, a tennis

36°00'N
court, a hospital, a -

park, and various other N, 5 G 139°30'E
land uses. The image D LY | N

provides a comprehen- et

dsive view of the ...

The image is a satellite
: . view of a landscape
. "~ X . 3 . that includes ariver, a
33°15'N % - 5 ¢ p:qg,a'rzor;tis.;nlc;nd
> 3 various typ
132°45'E Xov ® .

cover. The image is

K=l .
=
B
—
'_
©
c
>
[e)
—
(@)

X | detailed and provides a
. detailed view of the
g P o0
Generation - y < PRl - el naturaland ... .




TerraMind: Any-to-Any4£pk D&

BRAERRICT T BIEE

 EFERIZ. EESOBELBELEKRTETWVDS

c EEIE. [BOEIMBEIZIEY AL WA, BE (FBEE) FERTETWLWS
« SAREIfRIZ. BEITEFI-H. BEESIIESHBEICERTETWS

Mt

Modalities MAE| RMSE| SSIMt PSNR?
S-1GRD — S-212A  0.074 0116  0.750 26210

S-1 GRD — DEM 163.0 320.8 0.878 20.694
S-1 GRD — NDVI 0.180 0.225 0.438 18.990

S-1 RTC — S-2 L2A 0.113 0.194 0.695 24.251
S-1 RTC — DEM 298.8 799.2 0.873 20.009
S-1 RTC — NDVI 0.172 0.211 0.465 19.529

S-2L2A — S-1 GRD 2.942 3.877 0.531 28.678
S-2L2A — S-1 RTC 2.636 3.391 0.430 28.993
S-2 L2A — DEM 215.8 745.5 0.942 20.616

%



TerraMind: 7 XA MY =L R R Y TOFEM
« PANGAEAR ¥ F 7 — 2 T O

Model BurnSr*

CROMA 82.42
DOFA 80.63
GFM-Swin 76.90
Prithvi 1.0 100M 83.62
RemoteCLIP 76.59
SatlasNet 79.96
Scale-MAE 76.68
Spectral GPT 80.47
S.-S12-MoCo 81.58
S.-S12-DINO 81.72
S.-S12-MAE 81.91
S.-S12-Data2Vec 81. 91

UNet Basehne 84.51
ViT Baseline 81.58

TerraMmdvl -B 82.42
TerraMindv1-L 82. 93

TerraMindv1-B: 500B tokens for 6 days on 32 NVIDIA A100 GPUs
TerraMindvl-L: 500B tokens for 10 days on 32 NVIDIA A100GPUs

MADOS*

67.55
59.58
64.71
49.98
60.00
55.86
57.32
57.99
51.76
49.37
49.90
44.36

54.79
48. 19

69.52
75.57

PASTIS

32.32
30.02
21.24
33.93
18.23
17.51
24.55
35.44
34.49
36.18
32.03
34.32

31.60
38.53

40.51
43.13

SenlFl11

90.89
89.37
72.60
90.37
74.26
90.30
74.13
89.07
89.26
88.61
87.79
88.15

91.42
87.66

90.62
90.78

AlI4Farms™

25.65
27.07
27.19
26.86
25.12
25.13
21.47
26.75
25.38
25.62
24.69
24.23

46.34
38.37

28.12
2747

Avg mloU  Avg. Rank

55.29
53.59
52.42
51.00
51.66
51.65
49.43
51.87
53.02
52.51
51.69
52.22

57.58
54.13

58.35
59.57

6.61

8.22

10.00
11.00
11.22
10.67
11.44
10.11
10.06
10.89
12.39
10.72

4.89
10.28

3.94
3.4




TerraMind: Thinking in Modalities

H1F B chain-of-thought®E 2z A #ISA L7 AR

o« HOKPEIMEE 2 1TOBRIC, THUMRB~ Y 7 24BN L,
ZNHANT S & T, HKBEEHEEDFBEER LT

« LLMIZ

Fine-Tuning Input

TerraMindv1-B S-1 68.00
TerraMindv1-B S-2 82.26

TerraMindv1-B TiM  S-1 + gen. LULC  72.25
TerraMindv1-B TiM  S-2 + gen. LULC  84.75

HNdnxRER

IOUWater mIOU

81.06
89.70

83.65
91.14
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User Guide
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Get started

) Terralorch
Datasets N\ //

Models

Inference The Geospatial Foundation Models Toolkit
Glossary

Serving models with vLLM

FAQs Z© Fine-tuning made easy [ Overview

Tutorials . . .
Run pip install terratorch and get started in Get an overview of the functionality and

YAML Config minutes. architecture with in-depth explanations.
Fine-tuning lick start - User Guide
Basic Inference

Simplified Inference

O The big picture & Open Source

Multi-temporal data

Custom Modules
We outline the ideas and reasons why we build TerraTorch is distributed under the terms of the

Package Reference TerraTorch in the paper. Apache 2.0 license.

Tasks > arXiv > License

Models

Datamodules The purpose of this package is to build a flexible fine-tuning framework for Geospatial Foundation Models

Datasets (GFMs) based on TorchGeo and Lightning which can be employed at different abstraction levels. It supports

Others models from the Prithvi, TerraMind, and Granite series as well as models from TorchGeo and timm.

https://ibm.github.io/terratorch/stable/
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