Synthesizing data sources
Data assimilation

12.5992 Al for Climate Action
Spring 2026
Speaker: Abigail Bodner



(@)

Time Scale /s

10°

Atmosphere

climate
change

P
El Nifio

soasrie

>

planetary
‘ waves '

organized

convection

10° 10
Spatial Scale / m

10°

10®

(b)

Time Scale /s

1010

10%

10°

107 E

10°

10°

10°

10° 104
Spatial Scale / m

climate
chan gels0

10® 108

Christensen & Zanna (2022)



Global
Climate
Change

20

19

18

17

16

15

14
SSP5-8.5
SSP2-4.5

S5P1-2.6 13

global average near-surface air temperature (" C)

historical

1850 1900 1950 2000 2050 2100

time IPCC



Data assimilation (DA)

Also called reanalysis or state estimate

Unlike the parameterization problem, which
solves the equations of motion and infers
subgrid effects, in DA the goal is to create
a gridded product from all available data
sources.

ECMWF



Data assimilation (DA)

Also called reanalysis or state estimate

Global Observing System ECMWF model
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Data assimilation (DA)

Quantify the state of the system (ocean/atmosphere/land /cryosphere) given
all available information from:

« Models

« Observations



The data assimilation process

Model forecast (with errors)
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The data assimilation process

Analysis (with smaller errors)




Data assimilation (DA)

Quantify the state of the system (ocean/atmosphere/land /cryosphere) given
all available information from:

« Models

« Observations

Challenges:



Data assimilation (DA)

Quantify the state of the system (ocean/atmosphere/land /cryosphere) given
all available information from:

Models

Observations

Challenges:
What is the best data (error estimates)

How to synthesize data from different sources, i.e. time, space, resolution, etc.



Example: Forecasting (4D-Var)
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Weather observations come from many sources, but they cannot provide a
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Example: Forecasting (4D-Var)
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Example: Forecasting (4D-Var)
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Example: Forecasting (4D-Var)
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Example: Forecasting (4D-Var)
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Example: Forecasting (4D-Var)

(a) Outer loop coupling
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Example: Forecasting (4D-Var)

(b) outer loop coupling-WCDA
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Example: Forecasting (4D-Var)
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Example: State estimate (3D-Var)

Observation
Comparison of

model with
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Example: State estimate (3D-Var)
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OUTPUT
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Example: State estimate (3D-Var)

a=x-2y+3z
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Example: State estimate (3D-Var)
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Example: State estimate (3D-Var)
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Example: State estimate (3D-Var)
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Example: State estimate (3D-Var)
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Example: multiple d

Paleoclimate Models

Climate indicators of the mid-Pliocene Warm Period
(a) Surface air temperature and precipitation rate anomalies relative to 1850-1900
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Example: multiple data sources

Ensemble Kalman Filter
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Example: multiple data sources
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Example: multiple data sources

Ensemble Kalman filter

X=X+K[V-T]
K = cov(X’,Y)/var(Y") + R

Result of DA X* Innovation Y’ - Y
y ¢ / \
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Zhang et al (2025)



Data assimilation with Al



Data assimilation with Al

Data assimilation is naturally suited for Al integration

It is already an optimization problem!
* Includes backprop in adjoint methods

- Data-driven task i.e., mostly agnostic to underlying
physics

- Potential for big impact in climate: inference is always
challenge due to limited sampling

Outer loop

r; ———— High resolution non linear trajectory

\\

Departures d = y — H(z;)

S(x;) =  Low resolution non linedr trajectory

b6zi =0 Trajectory
(
] 4

g Low resolution linear model —= ]

2 Low resolution adjoint model —VJ

8 Iterative minimisation algorithm
+81(dzy)
z, ————>  High resolution non linear forecast




Example: deep learning with adjoint methods
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Song et al (2024)



Example: Combined with EnKF

|
|
|
|
|

Assilimation
onN |
|
> '
BRSO
ol e R Pre— || S | PR
FM-BNN Forecast l
SRS S (S S

FIGURE 3
The structure diagram of HDA-ML.

f l‘_\

Dong et al (2022)



Example: reduced order modeling for 3D/4D-Var

Aug 03, 2015

Aug 04, 2015

Aug 05, 2015

Latitude

Stations

¢ Training
425 JF2 * Validation

419

-70.8 -70.6 -70.4 -70.2 -70
Longitude

Figure 2: Sensor Data. The low fidelity data (satellite (left)) is only available on days
with low cloud coverage. The high fidelity data (buoys (right)) is local in space and sparse.

Champenois et al (2024)



Example: reduced order modeling for 3D/4D-Var

Stations
426
¢ Training
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Aug 05, 2015

Figure 2: Sensor Data. The low fidelity data (satellite (left)) is only available on days
with low cloud coverage. The high fidelity data (buoys (right)) is local in space and sparse.

Step 1. Build neural network

with simulation data
(Section 4.1-4.2).

Step 2. Fill gaps in sensor measurements (Section 4.3).

FVCOM reanalysis
(not real-time)

i
i
Q’T 105
10
05

MWRA station | MODIS satellite
=]

-

(scarce) (cloud coverage)

surface PCA
temperature coefficients

input output

l Gaussian p(r%cess regressmn

multi-fidelity estimate for
real-time 2D surface temperature

Y

real-time 2D

surface temperature

neural network real-time 3D
> parametrization > temperature prediction

neural network (TCN)
parametrization

temperature from
2D measurements

T Step 3. Predict 3D
(Section 5).

Champenois et al (2024)




Example: reduced order modeling for 3D/4D-Var
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Champenois et al (2024)



Example: reduced order modeling for 3D/4D-Var
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Example: generative modeling
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Example: generative modeling
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Example: generative modeling
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Example: physics informed neural network (PINN)
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Example: physics informed neural network (PINN)
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Example: physics informed neural network (PINN)
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Example: Forecasting

FourCastNet3

NVIDIA



Example: Forecasting
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Example: Forecasting

Ensemble
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Summary

- Data assimilation combines numerical models and observations to estimate
the most accurate state of the Earth system (atmosphere, ocean, land,
cryosphere).

- Forecast systems use methods like 3D-Var, 4D-Var, and Ensemble Kalman
Filters to update model states based on observational data.

« These methods minimize the mismatch between model predictions and
observations while accounting for uncertainties in both.

« Al is increasingly used in data assimilation to improve computational
efficiency, integrate diverse data sources, and handle sparse or incomplete
observations.
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