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‘ Weather and climate prediction

2. Dynamical core (Navie-Stokes equation "solver")

Schematic for Global
Atmospheric Model

| Horizontal Grid (Latitude-Longitude)




Weather and climate prediction

= Dynamical core (Navie-Stokes equation "solver")
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‘ Weather and climate prediction

1.1 Topography data / surface covering map (NDVI)




Weather and climate prediction

1.1/1.2 Topography data
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‘ Weather and climate prediction

1.2 NDVI mapping

GOES-16 NDVI 2021-10-19 18:00 UTC Reg.: [-93.0, -60.0, -25.0, 15.0]
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‘ Weather and climate prediction

1.2 NDVI mapping




Weather and climate prediction

1.3 Soil type and soil moisture:
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v Atmosphere

= Land-surface

— ) o
Model
Su ' -I —
Separate energy balance T T
Vertical soil water for canopy and ground _1'

and heat transport

Column sail
textures

Free drainage




‘ Weather and climate prediction

3.1 Model physics: Surface model

. Includes the Atmosphere,
Incoming

Land, Oceans, Ice, and Biosphere

Transition from
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‘ Weather and climate prediction

3.1 Model physics: Surface model
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‘ Weather and climate prediction

3.2 Model physics: Turbulence model
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‘ Weather and climate prediction

3.2 Model physics: Turbulence model
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Weather and climate prediction

3.3 Model physics: Radiative transfer

Incoming Solar Radiation
100 %

30% 70%

L ost to Space IR Lost to Space

Top of Atmosphexe
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‘ Weather and climate prediction

3.3 Model physics: Radiative transfer
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‘ Weather and climate prediction

3.3 Model physics: Cloud and precipitation
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‘ Weather and climate prediction

1. We have our mathematical model.
2. We have our representation for physical processes.

3. We have the representation of surface covering.

4. \We have our numerical method.




@

‘ Weather and climate prediction

1. We have our mathematical model.
2. We have our representation for physical processes.

3. We have the representation of surface covering.

4. \We have our numerical method.

Are we prepare to do our numerical weather
prediction?




gINPGi '

‘ Weather and climate prediction

1. We have our mathematical model.
2. We have our representation for physical processes.

3. We have the representation of surface covering.

4. \We have our numerical method.

Are we prepare to do our numerical weather
prediction?

No! Not at all. We do not have the initial condition!




Data assimilation: what's that?
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‘ Data assimilation cycle

s Machine learning (ML) algorithms for data assimilation.

V
Updated model
“I state
Model state Assimilation l

L

Figure Copyright S. L. Dance - University of Reading 2022
Used with permission
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‘ Data assimilation cycle

= _Truth
® Observation

B Analysis
~—» Model forecast / background| |

T Observation error
.= Z | Forecast uncertainty

Weather

Time




Weather and climate prediction

s Numerical weather prediction needs a supercomputer!

% = —V-((+f)UH—E-Vx(RTVq+c'f%c%—f)

g ic‘.vx(c+f)6H—V-(RTqu%%’i—f')—V?(wﬁ”f")
%T = —V-(Tﬁy)+TD+6W—%(D+Z%+HT)
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ag—i’ = —RT {with: ¢ = gh ; and:o = p/p,}
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‘ Weather and climate prediction

m |nitial condition: more than 50% of CPU-time is taken!

% = —V'(C+f)UH—E-VX(RTV(]-FO"%C%_f)

g ic‘.vx(c+f)6H—V-(RTqu%f—f——f')—vz(éJHf")
%T = —V'(Tz"fH)+TD+C'f’Y—%(D+Z_:+HT)

%t‘l - _{;H.vq_p_g_j {with: g = log(p,)}

ag—f = —RT {with: ¢ = gh ; and:o = p/p,}

%tz = -V (rvH)+rD—ég—;+M
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‘ Data assimilation (DA) — methods

= DA s atype of inverse problem (IP)

= Inverse problem: methods
Regularized solution
Variational approaches
Bayesian approach: Kalman filter
Bayesian approach: Particle filter

25
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‘ Data assimilation (DA) — methods

= DA s atype of inverse problem (IP)

= Inverse problem: methods
o Regularized solution
o Variational approaches
o Bayesian approach: Kalman filter
o Bayesian approach: Particle filter
1 Machine learning approach

26
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‘ Inverse problem: Regularization method

Volume 25, N. 2-3, pp. 1-24. 2006

COQFAUJFA,B%%AL Copyright © 2006 SBMAC
ISSN 0101-8205
MATHEMAT]CS www.scielo.br/cam

A unified regularization theory: the maximum
non-extensive entropy principle

HAROLDO F. DE CAMPOS VELHO', ELCIO H. SHIGUEMORI?
FERNANDO M. RAMOS! and JOAO C. CARVALHO?

Seminar on . . .
s ALP. Calderon - Seminar on Inverse Problems and Applications — LNCC,

and Applications

g Rio de Janeiro (RJ), March-2006
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‘ Inverse problem: variational approach

Damage detection: International Space Station

New methodology:
Hybrid method: Epidemic Genetic Algprithm + Variational

28




Available online at www.sciencedirect.com
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‘ Inverse problem: particle filter

# Journal of Computational Biology - Vol. 22, No.7 > Research Articles
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Renato M. Cotta, and Silvio H. da Cunha Neto
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Computational Geosciences (2021) 25:931-944
https://doi.org/10.1007/s10596-020-10031-0

ORIGINAL PAPER

Using a machine learning proxy for localization in ensemble data
assimilation

Johann M. Lacerda’ . Alexandre A. Emerick? - Adolfo P. Pires>
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‘ Inverse problem: neural network

Int. J. Information and Commumication Technology, Vol. x. No. x, xxxx I
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‘ Forecasts Scores ECMWF

doi:10.1038/nature14956

The quiet revolution of numerical
weather prediction

Peter Bauer', Alan Thorpe' & Gilbert Brunet”
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‘ Data assimilation - concept

Initial
Condition

ASSIMILATION
PROCESS

NUMERICAL

FORECAST

OBSERVATION
DATA

,‘/‘
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‘ Data assimilation - concept

OBSERVATION
DATA

Initial
Condition

NUMERICAL

FORECAST
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‘ Finding an OPTIMAL neural network

 Supervised neural network: Multi-Layer Perceptron (MLP)

MPCA solutlon

Number of hidden layers [1] |2] |3]
Number of neurons for each layer |1] ... |32]
Learning ratio |0] ... |1]
Momentum |0] ... ]0.9]
Activation function |Tanh| |Log| | Gauss|

36
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‘ Finding an OPTIMAL neural network

= Design of supervised neural network:
Optimization problem — cost function:
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‘ MPCA: Multi-Particle Collision Algorithm

Available for download:
www.epacis.net/jcis/PDF _JCIS/JCIST-art.01.pdf

Journal of Computational Interdisciplinary Sciences (2008) 1(1): 3-10

© 2008 Pan-American Association of Computational Interdisciplinary Sciences
ISSN 1983-8409

http://epacis.org

A new multi-particle collision algorithm for optimization
in a high performance environment

Eduardo Favero Pacheco da Luz, José Carlos Becceneri and Haroldo Fraga de Campos Velho

N b v

Manuscript received on July 31, 2008 / accepted on October 5, 2008

JOURNAL &F
CONPUTATIONAL
INTERDISCIPLINARY
SCIENCTS
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PCA vs MPCA (2)

Griewank function
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‘ DA: machine learning approaches

s Machine learning (ML) algorithms for data assimilation.

s ML algorithms:
a) Supervised (self-configuring) NN: MLP by MPCA (black box (??))
b) Supervised (Deep Learning) NN: TensorFlow (black box (?7?)
b) Supervised Decision Tree (DT): XGBoost algorithm (white box (?7?))
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‘ DA: cellular neural network (unsupervised NN)

= Dynamical system: Lorenz chaotic system

dX

W = O'(Y—X)
dY

- = X(p-2)-Y
il = XY — (27,

dt




I Data assimilation - comparison

= NN emulating: Kalman filter, particle filter, variational (error)

2 1

— R\- FK]

QLM‘MFL‘ W M# Gmwm »J"W' tadads
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Data assimilation - NN emulating variational

= NN emulating variational method: Lorenz’s system

IO0PSCIence iopscience.iop.org
Dynamic Days South America 2010 IOP Publishing
Journal of Physics: Conference Series 285 (2011) 012036 doi:10.1088/1742-6596/285/1/012036

Neural networks for emulation variational method for

data assimilation in nonlinear dynamics

Helaine C. Morais Furtado
Haroldo F. de Campos Velho
Elbert E. Macau



Data assimilation - NN emulating PF

= NN emulating Particle filter: Lorenz’s system

I0PSCIence iopscience.iop.org
6th International Conference on Inverse Problems in Engineering: Theory and Practice IOP Publishing
Journal of Physics: Conference Series 135 (2008) 012073 doi:10.1088/1742-6596/135/1/012073

Data assimilation: particle filter and artificial
neural networks

Helaine Cristina Morais Furtado.
Haroldo Fraga de Campos Velho,
Elbert Einstein Nehrer Macau
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‘ SPEED model Schematic for Global g

Atmospheric Model

| Horizontal Grid (Latitude-Longitude)

Forward model (x/):

eRERe gy
L1
I~

A\

SPEED model

S iy

\ )
o

atS
e

\\

- Atmospheric general -
circulation model

- 3D spectral model

- simplified parameterization

Vertical coordinates: ¢ = p /p.
Horizontal coordinates: (lat , long) on a Gaussian grid

The spectral model: T30 horizontal resolution and 7 vertical levels
Observations: 12035 (00 and 12 UTC) =415x4 x 7 + 415
Observations: 2075 (00 and 12 UTC) =415 x 5 (only surface)
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SPEED model

Chapter 14

ADVANCED

APPLICATIONS FOR b o = e
ARTIEICIAL NEURAL Data Assimilation by Artificial Neural Networks for an

| NETWORKS Atmospheric General Circulation Model

Rosangela Saher Cintra and
Haroldo F. de Campos Velho

Additional information is available at the end of the chapter

http://dx.doi.org/10.5772/intechopen.70791

2018
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‘ SPEED: atmospheric general circulation model
Spectral 3D model, with simplified parameterization

Observation grid: NN emulating LEnTKF

OBSERVATION STATIONS (REALISTIC NETWORK NOBS=415)

e : : e O

308 R ) .......;............... 5 .............

60E 120E 180 1204 EOW




‘ Temperature: assimilation experiment

240 245 250 155 280 245 270 205 230 28BS 230 285

!

LETKF neural network

€ True

240 245 250 255 200 265 270 275 280 285 290 265

Results from Rosangela Cintra PhD thesis
(20m)
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‘ Experiment: LETKF and neural network

OBSERVATION STATIONS (REALISTIC NETWORK NOBS=415)

Execution time
LETKF method ANN method

I 04:20:39 00:02:53

hours : minutes : seconds

60E 120E 180 120W 60W

General atmospheric Circulation Modelo 3D (spectral model):

SPEEDY (Simplified Parameterizations primitivE Equation DYnamics)
Gaussian grid: 96 x 48 (horizontal) x 7 Ivels (vertical) = T30L7

Total grid points: 32.256 Total de variaveis: 133.632
Observations: (00, 06, 12, 18 UTC) - radiosonders “OMM stations”

Observations: 12035 (00 e 12 UTC) =415x4 x 7 + 415
Observations: 2075 (00 e 12 UTC) =415 x5 (only surface)

Results from the Rosangela Cintra’s PhD thesis
(201m)
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‘ Global model for NWP
= FSU-COAPS global model: equations

¢ 5 - .0cyg =

5 = —V-(g+f)vH—k-Vx(RTVq+aaa— )
oD L. B = X BEH R 9 Vg - Up,
o = k-Vx(C+f)vH—V-(RTVq+aaa— )—V (¢+ 5 )
oT . , RT 0o

> = _V.(TvH)+TD+a’y—Z(D+%+HT)

QQ_ = —Gy-Vg—D— (k {with: q = Iog(po)}

ot 0o .

O’@ — BT {with: ¢ = gh ; and:o = plp,}

do

0 0

LA —V - (rvyg) +rD — é’-—r + M {with: r moisture, and: M source/sink}

Oo

50




‘ Data assimilation: LETKF x ANN (FSU model)

Execution of 124 MLP-DA LETKF
cycles (hour:min:sec) (hour:min:sec)

Analysis time 00:02:29 11:01:20 < 266 times
faster

Ensemble time 00:00:00 15:50:40

Parallel model time 00:27:20 00:00:00

Total Time 00:29:49 26:52:00 < S5 times
faster

The LETKEF analysis runs on 40 nodes at Cray XT/16
(1280 nodes, each node with 2 Opteron 12 cores, total of 30720 cores)
(http://www.cptec.inpe.br/supercomputador)).

MLP-DA computed analyses for the FSUGSM model:
- Analyses with similar LETKF quality
- Analysis with better computer performance.

5]




‘ WREF: data assimilation by NN

s Cooperation:
-+ CODPT-INPE (BR)
= Universities (BR): UFPel + IFI-Bagé + UFOPA + UFRJ
~ LNCC (BR)

WRF 3D Grid Cell Representation

A . i
£ «P& AR e al ""?:‘\g«ve g Terrain-following hydrostatic-pressure
Mw HJWSI vertical coordinates
P*“‘ e OM\,ot%
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‘ WRF-NCAR model
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study area




| WRF-NCAR model

Air temperature average profile 01-07/Feb/2019
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‘ WRF-NCAR model

= CPU-time
Time/cycle Total
3D-Var 00:01:11 00:33:08
NN-MPCA 00:00:01 (00:00:28)
fj

71 times faster
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‘ Data assimilation: NN vs. “standard” methods

= CPU-time

Method LEnTKF LEnTKF | NN 3D-Var | NN
CPU-time ‘ 04:20:39 |OO:02:53 26:52:00 | 00:29:49 ‘ 00:33:08 | 00:00:28

/ / /

95 times faster 55 times faster 71 times faster
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‘ Cooperation: INPE - Imperial College London (UK)

Data Assimilation by Optimized Neural Network for the Fluidity Code
Marcelo Paiva Ramos,*?'® Luiz Alberto Vieira Dias,*® Linfeng Li,* ¢ Fangxin
Fang,3'4 and Haroldo Fraga de Campos Velho?' ©)
U Technological Institute of Aeronautics (ITA)
2) National Institute for Space Research (INPE)
3) Imperial College London (ICL)

(Dated: 17 March 2025)
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‘ Fluidity code

s Developed by the Applied Computing and Modelling
Group at Imperial College London (UK)
Multiscale and Multiphysics Problems
Discretization: Finite Elements (FE) / Control Volume (CV)
Adaptive Mesh: Gradient-Based Method
Reduced order modeling

s Applications:
Geophysics: ocean and atmospheric dynamics
Environment: urban air pollution / chemistry transport
Enigineering: fluid-structure coupling
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‘ DA: Optimal supervised neural network by MPCA

Cooperation: INPE-ITA & ICL

INPE
National Institute for Space Resarch - Brazil

ITA
Technological Institute of Aeronautics - Brazil

ICL:
Imperial College London - UK
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‘ Data assimilation by NN for Fluidity

Physics of Fluids ARTICLE pubs.aip.org/aip/pof

Data assimilation by optimized neural network
for the fluidity code ®

Cite as: Phys. Fluids 37, 077186 (2025); doi: 10.1063/5.0273157 C:: 1 @
Submitted: 28 March 2025 - Accepted: 15 June 2025 - Anse ]
Published Online: 29 July 2025

Marcelo Paiva Ramos,?? () Luiz Alberto Vieira Dias,"” (%) Linfeng Li,*' (%) Fangxin Fang,* (%)

and Haroldo Fraga de Campos Velho“® ()

& Navnng

Repetitive splitting and reaggregation of particle
clouds falling in dilute surfactant solution
Abbhde Takaa, Ko G, and ot ssomes




‘ Cooperation: INPE - Imperial College London (UK)
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Cooperation: INPE - Imperial College London (UK)
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ooperation: INPE - Imperial College London (UK)

Observation
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‘ Cooperation: INPE - Imperial College London (UK)




Fluidity - Assimilagdo de Dados

Fluidity - DA-ANN - PointID (22417)

1.10
1.05 1+
El
ey
S 1.00 +
=
2
, —— REF:u
. —— ANN: u
.’ e OBS: u
. 20 40 60 80 100 120 140 160
Time-step
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Fluidity: Data Assimilation

Important application:
Air pollutant on urban scenario

66



Fluidity - Air pollution on urban scenario

(a) values of v: observation (b) values of u": result of NIROM

=S

(c) legend (d) values of u?9P4:; result of RODA

67



‘ WREF: data assimilation by DT

s Cooperation:
-+ CODPT-INPE (BR)
= Universities (BR): UFPel + IFI-Bagé + UFOPA + UFRJ
~ LNCC (BR)

WRF 3D Grid Cell Representation

A . i
£ «P& AR e al ""?:‘\g«ve g Terrain-following hydrostatic-pressure
Mw HJWSI vertical coordinates
P*“‘ e OM\,ot%




‘ If you do not like NN?

You can use decision tree - for example

Paranagua

Itajai

Montevideo

2023



‘ If you do not like NN?

You can use decision tree (DT) - for example

Surface Temperature

3

295.0

2925

290.0

a 2M

2875 C

atu

e

285.0

Empe

2825

280.0
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‘ If you do not like NN?

You can use decision tree (DT) - for example

2023

Surface Temperature

3 295.0
! 12925

(|

{

Analysis using WRF:

a) Two Methods:
- 3D-Var
- DT: XGBoost

b) Dot points: observations
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‘ If you do not like NN?

You can use decision tree - for example

Surface Temperature Surface Temperature Surface Temperature
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XGBoost Diff. = |3D-Var - XGBoost|
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‘ DA: cellular neural network (unsupervised NN)

Learning the Daniel Everett's lesson ...

Everett tryied to make contact with Pirahd (Pirahan)
people in the Amazonian region.
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‘ DA: cellular neural network (unsupervised NN)

Learning the Daniel Everett's lesson ...

The language from the Pirahd people doesn't make
sense to him.

Therefore, tried to learn the language like a child.
After that, the language started to make sense.
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‘ DA: cellular neural network (unsupervised NN)

Learning the Daniel Everett's lesson ...
The lesson is:

Instead of trying to match the data with the theory,
the theory should be adapted to match the data.
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‘ DA: cellular neural network (unsupervised NN)

= Dynamical system: Lorenz chaotic system

dX

W = O'(Y—X)
dY

- = X(p-2)-Y
il = XY — (27,

dt




DA: cellular neural network (unsupervised NN)

= The Future: unsupervised - Ex.: Cellular network

| | | 1 |
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‘ DA: cellular neural network (unsupervised NN)

= DA method: Cellular neural network

dpi; (7)
C;’T = —p;;(7) + Z A vi(T) + Z BP(7) 401 U
(k,I)EN,(1,5) (k,l)ENy(1,5)
A 0 0
Ay = 0 ag O
B 0 0 X 4 .
" By Bia Bs | e
BS‘?‘I(T) = le 322 B23 ) Wlt’h {B"m mn=1 " - (T—u)
| Bs1 Bz Bsj | Ha; b
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‘ DA: cellular neural network (unsupervised NN)

= DA method: Cellular neural network

dqu ()

TR —’J‘:j('r) s Z Ag‘f}cz v (T) + Z BDA(T)ij,kl Uy
(k,1)EN; (i,7) (k,1)E N (1,5)
—17 / if: (#‘J H{/‘Lz]}) 1
va(T) = § (W —Hug)) , it —1<( ’H{u, }) <1;
un() = pg;/pi;(T) — with: p;(0) = p5(t) -
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‘ DA: cellular neural network (unsupervised NN)

= DA method: Cellular neural network

dyi;(7)
C;’T = —p;;(7) + Z A vi(T) + Z BP(7) 401 U

(k,1)EN:(2,7) (k,1)EN(1,5)

py >0 = u=ph+e

For: |l¢:| S 10_6 { T r T
! pi; <0 = g = W — €

&) =T -
b) [[wrtt —w"|[y/||lw [, < €.
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‘ DA: cellular neural network (unsupervised NN)

= DA method: Cellular neural network

Cellular NN: Data Assimilation

Obs
w
Bias
Control Template
l Innovation
—_—
Z w
u —» -> —) Integral — Obs-W F(x) —
s .L $
W
) S
B Feedback Template
—— +
) — 4
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‘ DA: cellular neural network (unsupervised NN)

= DA method: 3D-Var

J(W) - % [W . wb]T (Pb)—l [W . Wb]'
5 e = H{w Y (R [w° — H{w)
P° = E{G:¢1} W) = w(ta)+Ga
R = FE{e.€} w(t,) = H{w(t,)} +e€,
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‘ DA: cellular neural network (unsupervised NN)

= DA method: 3D-Var
J(w) =

W — wb]T (P! (W — wb]-

+

= N =

[w* —H{w}]" (R)™ [w* — H{w}]

wi=w’+[P")'+H R'H| ' [H' R {w’ - Hw’}
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‘ DA: cellular neural network (unsupervised NN)

= Numerical results: synthetic observations

wo(t) = w(t) [1+ 02 x v(t)]

N

(level of noise) (random value)

[ (0.5)2 0 0
Pt = 0 (052 0
0 0 (0.5)* |
~0:1)2 0
R = 0 (0.1)2 0
0 0 (0.1)% |




‘ DA: cellular neural network (unsupervised NN)

= Numerical results: 3D-Var

“ —— True
é 0- Analysis 30Var
>

(%4
—

x Observation

0 2500 5000 7500 10000 12500 15000 17500 20000

Time Step
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‘ DA: cellular neural network (unsupervised NN)

= Numerical results: 3D-Var

Difference (in absolute value) between True and Lorenz assimilated with 3DVar.

2.00

1.75

1.50

1.25

1.00

X Axis

0.75 1

0.50

li.:Mk‘.lm | /I JLM

0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500 6000 6500
Time Step




‘ DA: cellular neural network (unsupervised NN)

= Numerical results: Cellular NN

20 4

Analysis CNN
X Observation

X Axis
o

0 2500 S000 7500 10000 12500 15000 17500 20000
Time Step
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‘ DA: cellular neural network (unsupervised NN)

= Numerical results: Cellular NN

Difference (in absolute value) between True and Lorenz assimilated with CNN

2.00 IR

1.75

500 1000 1500 2000 2500 3000 3500 4000 4500 5000 5500 6000 6500
Time Step
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‘ DA: cellular neural network (unsupervised NN)

Journal of Computational Science 90 (2025) 102587

Contents lists available at ScienceDirect P
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Journal of Computational Science

journal homepage: www.elsevier.com/locate/jocs

Data assimilation by cellular neural network applied to Lorenz-63 system
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‘ DA: cellular neural network (unsupervised NN)

Conclusions:

. Unsupervised neural network as a data assimilation
method.

1. Complexity 3D-Var ~ O(N?)
Complexity Cell-NN ~ O(N)

1. 3D-Var errors ~ Cell-NN errors




‘ CeNN-DA: Asymptotic behavior

dy; (7)
dJ‘T = —p;(7) + Z A (1) + Z BPA(T) 501 ke
(k,1)EN(i,5) (k,1)ENy(i,5)

Assuming DA is working (v,, ~ 0):

i {d#z‘j(T) } .
im > ZETO

T—00 dr

Z Auuvu()+ Z BDA (7)ijkt wr(T) = piz(7)
)

(k,l)EN,(i,7 (k,l)ENL(1,7)




‘ CeNN-DA: Asymptotic behavior

1 1 1 1 1 U111
Ly Bu=2 111 | w
F <48 L

dp(T)
dr

with the solution:;

U2
U22

U3z

:-u-}-us

U113
U23

U33

S S
Ujp Uiz
S 8
Uge Uz

S 8
U3y Ugzg

u® is the term ) B;; u .. and the CeNN equation:

p(t) =¢e " pu(0) + / e M5 ds
0




‘ CeNN-DA: Asymptotic behavior

Changing the variable: 7 — s = A = ds = —dA\

u(r) = e p0) - [ /0 Te“‘”d)\] u

[
ml

L
E
=

|
=
3
+
=
3




CeNN-DA: Asymptotic behavior

Forr 7 —

u(o0) ~ p(00)ut = p(o0) ~ (u?)?

Going back to the CeNN equation .....

dp(T)
dr

=—u+Au+ Bu
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‘ CeNN-DA: Asymptotic behavior

Another path for asymptotic behavior: explicit Euler
time integration:

p"tt = (1 - A7)u"™ + A1 [Av" + B™ u]
Moving: g4 — X
X =X +c[Ag(X)+ B(X)u] = h(X)

Now, it'd be necessary to proof that function h(X) is
a contraction: h(X) follows the Lipschitz condition.




‘ CeNN-DA: Asymptotic behavior

Lipschitz condition:

|R(X) = A(Y)|| < L[| X = Y|
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‘ DA: cellular neural network (unsupervised NN)

INPE-USP & CMCC: CESM2 Global model
CESM2: Community Earth System Model - version 2
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‘ DA: cellular neural network (unsupervised NN)

INPE-USP & CMCC: CESM2 Global model

CMCC operational data assimilation scheme:
Ensemble Adjustment Kalman Filter (EAKF)

INPE-USP & CMCC: coupled strategy

EAKF: background + observations-1 = pre-analysis
Cell-NN: pre-analysis + observations-2 = analysis
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‘ DA: cellular neural network (unsupervised NN)

INPE-USP & CMCC: CESM2 Global model

CMCC operational data assimilation scheme:
Ensemble Adjustment Kalman Filter (EAKF)

INPE-USP & CMCC: coupled strategy

EAKF: background + observations-1 = pre-analysis
Cell-NN: pre-analysis + observations-2 = analysis

(Spoiler: CeNN is 13 faster than EAKF)




‘ DA: cellular neural network (unsupervised NN)

CESM2: assimilating AMSU-A by EAKF

260 270
Temperature (K)

(b) SPREADS: Temperature (T)
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CESM2: assimilating AMSU-A by CeNN

230 240 250 260 270
Temperature (K)

(a) CeNN: Temperature (T")




‘ DA: cellular neural network (unsupervised NN)

CESM2 (prediction 72hs ahead): EAKF - CeNN

180° 120°W oo*w 0* 60*E 120°€ 180*

02 04 06 0.8 1.0
Tomperature (K)

(c) Absolute Difference |CeNN — SPREADS|
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CESM2 (prediction 72hs ahead): radiosonde

212 Radiosondes Interpolated to the nearest grid point in 850.0 hPa: Temperature

180° 120°W 60°W 0 60°E 120°E 180°

60°N

30°S
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60°N

30°N
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60°S

180° 120°wW 60°W 0° 60°E 120°E 180°
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‘ DA: cellular neural network (unsupervised NN)

CESM2 (prediction 72hs ahead): radiosonde

Vertical Profile: Temperature (K)

0 —e— Observation
— CeLNN
== == SPREADS
200 4
400 A
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800 1
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Data Assimilation by Cellular Neural Network

1.l2

Callular NN Data Assimilation
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