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Data-Centric Research
How does data (not just the model) drive performance?
— Selecting meaningful inputs and outputs
— Accounting for changing distributions

— Preprocessing choices
— Handling small amounts of data

- Domain knowledge is required!
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Inputs and outputs

* Meaningful correlations
* Application-driven variables
 Clear targets (corresponding to benchmarks and evaluation metrics)

Example &: upsampling of climate variables

Low resolution
image

Al-based Super-
resolution image
(8x)

Rampal et al (2024)




Inputs and outputs

* Meaningful correlations

* Application-driven variables

 Clear targets (corresponding to benchmarks and evaluation metrics)

Example &: upsampling of climate variables
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Inputs and outputs

* Meaningful correlations
* Application-driven variables
 Clear targets (corresponding to benchmarks and evaluation metrics)

Example X: mismatch between simulations & observations

e B ) 2.9
Surface Kinetic Energy snapshot [m®s™=

Sinha et al (2023)
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Spatial and temporal distributions
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Spatial and temporal distributions

Sparse vs dense

Handling missing data
(in space, time, hidden
e.g., by clouds)

Co-location of time and
space

Image source: Open Climate Fix



Spatial and temporal distributions

Sampling bias (e.g., hemispheric, population sizes)

13 Sep, 2011
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Bodner, Balwada, Zanna (2025)



Spatial and temporal distributions

Sampling bias (e.g., hemispheric, population sizes)

The power of local action, ctd. ICLEI
2500+ 25+
125+ 20+

Countries worldwide % Global population

Source: https://iclei.org/our_network/




Spatial and temporal distributions

* How we handle the
spatio-temporal
variability of the data
will guide model
choices down the line.

® Madis Node
—— Madis Edge

ERA5 Edge
= ERA 5 Node

« Examples:
— Spatial: FNO or GNN

" Temporal RN, LSTM, ' ,/7\\3'\,(
7
P

Yang et al (2025)

@ Localwe

[
ather Station Node
— Local Weather Station to Weather Station Edge
Weather to Local Weather Station Edge



Data preprocessing
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What’s smaller
than 100km?

New Clouds (atmosphere) &
Models surface conditions (Land)
(~100km)




What’s smaller
than 100km?

New
Models

(~100km)

Icebergs (cryosphere)

IRELAND PV0UN

hites.fen wikipedia 3 of the United Kingdom : hitos://e: I  Eores! . hitosJ/an hitps:flen wikipedia




What’s smaller
than 100km?

G 3

New Eddies (ocean) & hlnkton (biology)

Models

(~100km)

JRELAND °VOUM

[en wikipadia ki/Geography of the United Kingdom ; hitps:/len wikipedia orghwik Eores! ; hitos.//en wikipedia ora/wikillcebarg ; hitos:/len wikipedia,c




Data preprocessing

Filtering/smoothing: removing noise or important signal?

Christensen & Zanna (2022)



Spatial and temporal distributions

Distribution remapping between training and inference

Contreras et al. (in prep.)



Spatial and temporal distributions

Distribution remapping between training and inference

Winter Summer
Mixed layer depth (Jan) Mixed layer depth (August)
0.08 0.08
B Input NEMO B Input NEMO
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Training data Training data
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2 2
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Contreras et al. (in prep.)



Data preprocessing

Multi-source or multi-process data integration



Data preprocessing

Multi-source or multi-process data integration

Weather observations come from many sources, but they cannot provide a
complete picture of the state of the Earth system at a given point in time.
(Diagram: WMO)

i gl R IR T TS e

160°W 120°W 80°W 40°W 0°E 40°E 80°E 120°E 160°E
MetopA [l MetopB [l Dual Metop AB,B8/C [l GOES-15 |l Himawari-8 [l GOES-16
[IMet8 [ Met-11 [l AQUA [ NOAA-15 [l NOAA-18 [l NOAA-19 [l SNPP

Typical coverage of active atmospheric motion vector (AMV) data for a 12-hour
assimilation cycle (00 UTC, 7 March 2019).

ECMWEF



Data preprocessing

Multi-source or multi-process

Paleoclimate Models
Climate indicators of the mid-Pliocene Warm Period
(a) Surface air temperature and precipitation rate anomalies relative to 1850-1900

-1.2-0.9-0.6-0.3 0.0 0.3 0.6 0.9 1.2

L S 4
-10-8-6-4-2 0 2 4 6 8 10
°C mm day”’'

(b) Changes in vegetation from the Piacenzian to present day (c)

Piacenzian
(3.6-2.6 Ma)

| B m
012345678
" Number of models in
agreement that ice
was present
n=8

012345678910
Number of models in

M Tropical forest [7] Boreal forest
[¥ Savanna & dry woodland M Tundra
["] Grassland & dry scrubland [ lce

|| Desert [7] Temperate forest [l Warm temperate forest

agreement that ice
was present
n=10

data integration

Proxies and Archives

Travertine speleothem (Crystal Cave, Main Island, Bermuda) 1
CCBY 20

James St. John

Tree rings Out of the Fire Bloa CCBY20 Avolcanic ash layer in the WAIS Divide ice core. Volcanic markers like these

were used in the new study to synchronize ice cores from across Antarctica.
Oredon State University CC BY-5A20

T

2016. Lake sediment core. Forlorn Lakes. Gifford Pinchot National Forest, Washington. USDA Fores}
Service Public Domain Mark 1.0

Diloria fossil brain coral on Devil's Point Hardground (Cockburn Town Member, Grotto Beach Formation, Upper Pleistocene,
~120-123 ka; Cockburn Town Fossil Reef, San Salvador Island, Bahamas) 3 James St. John CCBY 20
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Data preprocessing

Multi-source or multi-process data integration

Ensemble Kalman filter

X=X+K[Y-Y]

K = cov(X’,Y")/var(Y") + R
Result of DA X* Innovation Y’- Y

/Database of paleoclimah

G e T
X %ar o i p \\

V. L] g"-. i
[ o8 1S

\

Temperature, CO,, pH, CaCOj3,
carbonate saturation, 6!80,,
. alkalinity, 6'3C and others./ /

Matrix of climate state X’ Observation/proxy Y’

Proxy system models

Models of: 9'°0 MBT Forward estimation of model
TEX86 511B Ye — H(X")

Mg/Ca  CaCO; Zhang et al (2025)



Data preprocessing

Multi-source or multi-process data integration

Warning! Sometimes skill drops when adding more data sources. Why and
how to interpret this can only be done with domain knowledge

RESEARCH METHODS GUIDE = (3 OpenAccess () (® & .
Should you use data integration for your distribution model?

Benjamin R. Goldstein ¥, Jeffrey W. Doser, Brent S. Pease, Krishna Pacifici

First published: 28 January 2026 | https://doi.org/10.1111/1365-2656.70210 | ~* VIEW METRICS



Data preprocessing

Multi-source or multi-process data integration

Warning! Sometimes skill drops when adding more data sources. Why and
how to interpret this can only be done with domain knowledge

(@) Sampling effort (b) Results of Model 1 (c) Results of Model 2
cottontail cottontail
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=
2 ¢ cCTonly
] coyote coyote
¢ Joint
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Param. estimate (95%Cl) Param. estimate (95%Cl)

Goldstien et al (2026)



Data preprocessing

Matching scales/times (local-> global, hours = seasons)
- How to define extreme events and are they relevant?

b Christensen & Zanna (2022)
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Matching scales/times (local-> global, hours = seasons)
- How to define extreme events and are they relevant?

riables
-4 -2 0 2 4

riables
-4 -2 0 2 4

Data preprocessing
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Flach et al (2017)



Data preprocessing

Extreme events, distribution tails
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Data preprocessing

Extreme events, distribution tails

Transforming features using physical laws can improve predictions

Raw inputs x )—{Ravé:j:ﬁ Capping F»Raw outputs y

o Observational Training
Distribution
=1 N
= 1000 Future Climate
Scenario
800 Out-Of-Distribution
s e e — — =
-
5
3 600
%
400
i
¢
- - i 200
Physical transformations H
implemented via ‘ - >
. 0 — —
custom pipelines/layers 0.002 0.003 0.004 0.005 0.006 0.007 0.008 0.009 0.010 0.011
Specific Humidity (g/kg)
9 ACCESS-CM2 SSP5-8.5 (2060-2099)
mm ERAS (1975-2014)

Climate-invariant
mapping
q)cold = ¢warm

Yuval et al (2024)



Data preprocessing

Sometimes a physical remapping can improve prediction skill
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Wayne et al (2020)



Making the most of small datasets



Making the most of small datasets

T T =T
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Pretrained models:

transfer learning SaT

DOG

BOOK

* Model is pretrained on
abundance of related
data, e.g., ImageNet

 Fine-tune model on
smaller dataset,
unfreezing select layers

Safonova et al. (2023)



Pretrained models:

i CAT
transfer learning i
* Model is pretrained on ook
abundance of related
data, e.g., ImageNet
Transfer
learning
* Fine-tune model on
smaller dataset,
unfreezing select layers
TREE

Safonova et al. (2023)
Predicted
class




Making the most of small datasets

Pretrained models: perturb initial conditions to incorporate more extremes

NVIDIA HENS
Huge Ensembles (HENS) for extreme-weather prediction | .



Making the most of small datasets

Pretrained models: foundation models

Multi-modal temporal remote sensing datasets for pretraining

Datasets

RS-Representation

Sentinel-2 Sentinel-1 Gaofen-2
: T

s ff-’.

SSL4EO-L
SSL4EO-S12
BigEarthNet-MM

fMoW

Datasets

SeCo

MillionAID

SatlasPretrain E—

0 5 10 5 20
No. of samples (millions)
Comparison of no. of samples and spatial distribution of RS-Rep

Jilin-1

Sources for RS-Rep and RS-Sem

g OpenSentinelMap

Spot-5 Planet

RS-Semantic

SEASONET

Satlas-Pretrain

RS-4M

DFC18

SEN12MS

GID

No. of categories
Comparison of no. of categories and composition of RS-Sem

Downstream EO tasks

" Agriculture ‘ Forestry 0 Oceanography ! Atmosphere

) Land & Disaster
m Blclogy, l. surveying == management

{~w

Flood Landslide Wildfire Crop
monitoring mapping monitoring classification

TN

Qil spill Forest
segmentation monitoring regression

(SkySense++)
Wu et al. (2025)



Data-Centric Research

How can we ensure data (not just the model) drives performance?

— Selecting meaningful inputs and outputs
* Ensuring spatiotemporal correlations with learning goals in mind: apples-to-apples

— Accounting for changing distributions
* Implementing physical laws or statistical shifts when needed
* Preserving learning goals: dense to sparse, high to low res, multiple sources, changing climate etc.

— Preprocessing choices
* Trickiest part!
« Staying mindful of smoothing/filtering choices and physical data structures
* Are we removing the signal or the noise? Are we introducing artificial artifacts

— Handling small amounts of data
* Leveraging pretrained models while not compromising learning goals

- Domain knowledge is required!
- helps inform model choice, methods of evaluation and relevant benchmarks



Key Takeaway

Bad data usage cannot be fixed with better models

Use domain knowledge to improve data usage in models



