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‘ Presentation outline

m Motivation: machine learning applications
Climate precipitation prediction on South America

m Neural Networks for Data Assimilation
Global atmospheric model: SPEED model
Global atmospheric model: COAPS-FSU model
COAPS-FSU model: ensemble prediction
Meso-scale atmosferic model: WRF-NCAR model
Ocean circulation model: Shallow water — FPGA

m Final remarks
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‘ Machine learning for meteorology: motivation

m Seasonal climate precipitation prediction over South America
1 Observation: Fall 2019 — GPCP/NOAA

Precipitation GPCP
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‘ Machine learning for meteorology: motivation

m Seasonal climate precipitation prediction on South America

1 Observation: Fall 2019 — GPCP/NOAA
1 Prediction by BAM-model, NN-MPCA, NN-TensorFlow

MULTIMODEL CPTEC [kuo+ras+grell] Precipitation: Neural Network MPCA Precipitation: Neural Network TensorFlow

(b)
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‘ Machine learning for meteorology: motivation

m Seasonal climate precipitation on South America
1 Observation: Fall 2019 — GPCP/NOAA Precipitation GPCP

"1 Prediction by BAM-model, NN-MPCA, NN-TensorFlow )

MULTIMODEL CPTEC [kuo+ras+grell] Precipitation: Neural Network MPCA Precipitation: Neural Network Tensorf s
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‘ Machine learning for meteorology: motivation

m Seasonal climate precipitation prediction on South America
1 Observation: Fall 2019 — GPCP/NOAA

Error MultiModel CPTEC Error MPCA Error TensorFlow
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‘ Machine learning for meteorology: motivation

m Seasonal climate precipitation prediction on South America
Observation: Fall 2019 — GPCP/NOAA
Performance: RMSE

MODELS: BAM-model NN-MPCA NN-TensorFlow
RMSE: 6.30 5.06 0.86

Performance: CPU-time

MODELS BAM-model NN-MPCA NN-TensorFlow

Hardware Cray X50 120-cores Laptop Intel 1-core Colab Intel 1-core

CPU-time 9.60x103 sec 20.19 sec 0.15 sec
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‘ Data assimilation — concept
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‘ Data assimilation (DA) — methods

m Newtonian relaxation (nudging)

m Statistical ("optimal”) interpolation

m Kalman filter

Variational method: 3D and 4D

New methods for data assimilation:
Ensemble Kalman filter
Hybrid method: variational + EnKF
Particle filter
Artificial neural networks
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‘ Why? Exponential growth for the available data

Obs Type
® o=mzNAMSUA ® 20380 N16-AMSUA L J O N17-AMSUA
® =:esnisamsua @  osrerAQUA-AMSU @  eoueTor ausu

ECMWF Data Coverage (All obs DA) - ATOVS
03/DEC/2008; 00 UTC

Numerical models with very high
resolution

Number of observation are increasing:
different satellites with thousands of
bands, sensor cost decreasing.




gINPGi '

‘ DA: neural networks — our methodology

m We are using supervised neural networks

m \We use NN for emulating another technique

m \WWhy to emulate another technique?
For saving processing time — at least!

m Database: a set of predictions, observations, analysis

m Domain decomposition
Each subdomain with different NN
Assimilation for each model grid point
Automatic configuration for all neural networks
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‘ Finding an OPTIMAL neural network

= Design of supervised neural network:
Optimization problem — cost function:

1 2 E =
rein _Z(dk _Sk) ‘"‘\\ e (M—N+1) e

penalty 0 [@ E”e’” +® E, ]

P+ P,

ob]

v

penalty = (c1 * (e#”e”m”)z) X (62 *(# epoch)) +1

.

y
NS complexity factor-2
complexity factor-1
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‘ MPCA: Multi-Particle Collision Algorithm

Available for download:
www.epacis.net/jcis/PDF_JCIS/JCIS11-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

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

JOURNAL &F
CONPUTATIONAL
INTERDISCIPLINARY
SCIENCTS
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PCA vs MPCA (2)
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‘ Finding an OPTIMAL neural network

= Supervised neural network: Multi-Layer Perceptron (MLP)

MPCA solution _l'

# hidden #neurons #neurons #neurons Activation Momentum Learning

layers layer-1 layer-2 layer-3 function ratio ratio
Parameters Vallue
Number of hidden layers |1] 12| |3]
Number of neurons for each layer |1] ... |32]
Learning ratio |O] ... |1]
Momentum |0] ... |0.9]
Activation function | Tanh| |Log| |Gauss|
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‘ Data assimilation - first application

oF
= F[xn,tn]z F, +8_ x, +O(A*)=E x,

t=t,

m Kalman filter

X

n+l

1. Advancein time : /T
2?7
’\ X£+1 - Fan / / =

/
- Pf _F PaFT /

n+l ntn-n
4. Update error covariance 2.Kalman gain 1
T T
1?+1 = [I - Gn+1H17f; })nf.ﬂ Gn+1 = P;flf-|-1Hn+1 I:W: + Hn+1P1{Hn }

L 3. Update estimation /1
a f A

)
Xpr1 =Xt Gn+1[xn+1 - Hn+1 (Xn+1 ):| \
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‘ Bayesian filters

= Kalman filter

Hybrid Methods

in Engincering

= Estimating the error modeling co-variance matrix

= Estimating W® by parameterization

= Estimating WP by Fokker-Planck equation

W’ - 1 Nk(f —rYor
=~ mZXk—x X,
k- =]

— X

f)T

<

= Estimating WP by ensemble strategy

X : ensemble average
N, : number of members

m=1 or 2
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‘ Bayesian filters

= Ensemble Kalman filter

= Estimating the error modeling co-variance matrix

= Estimating WP by parameterization
= Estimating WP by Fokker-Planck equation
= Estimating WP by ensemble strategy |

- number of members

1 Ny B T | %: ensemble average
W’ = (Xf—Xf Xf—Xf) .
k k !N,
Nk —m 3

m=1 or 2

22
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‘ SPEED mOdel Schematic for Global g

Atmospheric Model

| Horizontal Grid (Latitude-Longitude)

Forward model (x/):

L\ |\ T T
CULLEEETN
e NS

o

SPEED model

assss
xS

- Atmospheric general e
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) =415 x4 x 7 + 415
Observations: 2075 (00 and 12 UTC) =415 x 5 (only surface)
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SPEED model

ADVANCED

APPLICATIONS FOR

ARTIFICIALNEURAL
NETWORKS

Chapter 14

Data Assimilation by Artificial Neural Networks for an
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
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‘ SPEED: atm. general circulation model

Spectral 3D model, with simplified parameterization

a¢ : ouU

_— — . ' I — K . / e

v V- ((+flU-k Vx(RTle+aaa+F)

. - |

S =k VX ((+ NU=V- (RT'Vip+ 05 +F ) = V3@ + R, Ip+3U-U)
aT RT ado .

— = -V-UT"+T'D+d6y—— (D + —0> {with: ¢ = gh ; and: o = p/p,}
ot Cp oo

dq ao

— = —D———-U-VlIp {with: g =log(p,)
do

(a) C: vorticity
(b) D: divergence
(c) T:temperature
(d) q: moisture




INPE

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

Observation grid: NN emulating LEnTKF

T N T

60E 120E 180 1204 EOW




‘ Temperature: assimilation experiment

240 124S 250 155 280 284S 270 275 230 28BS 23] 285 D40 045 250 255 280 285 270 275 230 28BS 290 205

!

LETKF neural network

240 245 250 2155 200 265 270 275 280 285 290 265

Results from Rosangela Cintra PhD thesis (2011)
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‘ Experiment: LETKF and neural network

OBSERVATION STATIONS (REALISTIC NETWORK NOBS=415)

_._..nr N : =

SERAC L . Execution time
| g LETKF method ANN method
.|| 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 varidveis: 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 (2011)
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‘ Global model for NWP
= FSU-COAPS global model: equations

¢ _ L 0Cy 7

E = —V-((+f)vH—k-Vx(RTVq+aaa— )
oD P - . BE:‘H o 2 Uy - Up,
5 = k-Vx(C+f)'vH—V-(RTVq+aaa— )—V (¢+ 5 )
oT . _ . RT 06

E = —V°(T’UH)+TD+0")’— c (D+30'+HT)

dq oo .

—E = =y _D — — with: g = lo

5 Uy -Vg—D o { q = log(py)

0_5_¢5 _ _RT {with: ¢ = gh ; and: o = p/p,}

do

@——V(")+ D-602+M ith: ' i
o ryg)+T Uao_ {with: r moisture  and: M source/sink}
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" Data assimilation: LETKF x ANN (Fsu model

 LETKF with 40 members

* Model resolution T63L27: 63 spherical harmonic
components for horizontal resolution (~ 1.875), and 27
unevenly spaced vertical levels.

* Number of grid points: 96 x 192 x 27
 MLP-NNs: 96 (4 horiz x 6 vert x 4 variables)
* Cray XE6 CPTEC: 24 nodes - 2 Opteron 12-cores



Data assimilation: LETKF x ANN (Fsu model)

Surface Pressure(Kg/Kg) generalization 04/Jan/2005 - 12 UTC

850 70D 750 800 @50 900 850 980 1010 =80:=007=351:=207=107205: 210 620, :35:-80" <200

LETKF analysis NN_MLP analysis Differences analysis
04/Jan/2005 - 12 UTC

Specific Humidity (Kg/Kg) generalization

............................................................................

LETKEF analysis NN_MLP analysis Differences analysis



‘ 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 € oo fimes
faster

The LETKF 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.

32
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‘ Predictability

How good is the prediction?

= Ensemble prediction

o Data for statistical properties
o Statistical tendencies

= Confidence interval
o Large confidence interval: low predictability
o Short confidence interval: high predictability

33



‘ Predictability by ensemble prediction

High predictability
(ensemble convergence)

Low predictability
(ensemble dispersion)

Guidelines on Ensemble Prediction
Systems and Forecasting

WMO's report describing/suggesting ensg{nble prediction




‘ Predictability by ensemble prediction

« Ensemble prediction and confidence interval

@ Simulations w— Prediction mean
A Experiments  sassss Prediction Cl

35
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‘ Predictability by ensemble prediction

« Ensemble prediction and confidence interval

Florianopolis, SC, Brazil, April 8-11, 2018

Proceedings of the joint ICVRAM ISUMA UNCERTAINTIES conference ‘/ \\ 20 1 8

ICVRAM-ISUMA
UNCERTAINTIES

Data assimilation by neural networks with ensemble prediction
Cintra, Rosangela S.'2; Cocke, Steven? and Campos Velho, Haroldo F.!

I National Institute for Space Research (INPE), Sao José dos Campos (SP), Brazil.
2 Florida State University, Tallahassee (FL), USA.

36
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‘ Predictability by ensemble prediction

* Model execution by ensemble with 40 members

* Model resolution T63L27: 63 spherical harmonic
components for horizontal resolution (~ 1.875), and 27
unevenly spaced vertical levels.

* Number of grid points: 96 x 192 x 27
« Data assimilation with 96 MLP-NNs
« Data assimilation cycle: each 6 hours

* Cray XE6 CPTEC: 24 nodes - 2 Opteron 12-cores

37
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‘ Ensemble prediction

= FSU global model: January 2005

Temperature 500 hPa at 08/Jan/2005
LETFK Control

38
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‘ Ensemble prediction

= FSU global model: January 2005

Temperature 500 hPa at 08/Jan/2005
NN-MLP Control

39



INPE
@

‘ Ensemble prediction

= FSU global model: January 2005
Spaguetti plots
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‘ Ensemble prediction

FSU global model: January 2005

Confidence intervals
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‘ Ensemble prediction
= FSU global model: January 2005

Spaguetti plots and confidence intervals
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‘ Uncertainty quantification by NN

Data assimilation: analysis by NN

Step-1: Data assimilation by NN

Background

Analysis

Observations

DA: Neural operator 1

43



‘ Uncertainty quantification by NN

Prediction: uncertainty quantification
Step-2: redesign the NN

A partition on the data-set used to define the neural fuser.

m

From the partition, with time series {Mk,G,g }k=1 new NN.

(,07)  (1,03)  eve (oo o (w,,0,) (m<n)
‘|\Z||/|| 1 |||\l [ Jtlgl"llj

Training set Generalization  Testing

44




‘ Drone positioning algorithm

Positioning by NN: uncertainty quantification

Step-2: New neural fuser self-configured by MPCA

Position by
Computer vision

Position by
INS measure

Analysis + Uncertainty
Neural operator 2

UAV corrected
positioning

2
ak

45




‘ WREF: data assimilation by NN

m Cooperation:
"1 CODPT-INPE (BR)
1 Universities (BR): UFPel + IFI-Bagé + UFOPA + UFRJ
1 LNCC (BR)

WRF 3D Grid Cell Representation

90 °F

Terrain-following hydrostatic-pressure
vertical coordinates
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‘ WRF-NCAR model

Rio de Janeiro

us : ShGL
el s&3c Ed .‘iykl
8J

a2 .
Titw 4w SIIN 4 SIEW 436w 43w 0IW 43w 426w 42Ew Lo

R SBSC, SBAF, SBGL, SBRJ,
L S i SBJR are airports within the
’ ' study area




MPCA

MPCA

WRF-NCAR model

L

-5

RELATIVE HUMIDITY (2014 e 2015)

AIR TEMPERATURE {2014 e 2015)

R L s ‘_l'. J'l: w
WRF 2D-Var
WIND V-COMPONENT (2014 e 2015)
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‘ WRF-NCAR model

Control 3dvar

CONTROL 2014-02-01 062 I0-VAR 2014-02-01 062

~

" MPCA MPCA-3dvar

MPCA 2014-02-01 D6Z ROCT SQUARS EAFFERENCE NFCA-JDVAR 20140293 062

e “u -a
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‘ WRF-NCAR model

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

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

Air temperature average profile 01-07/Feb/2019 Air temperature average profile 01-07/Feb/2019
20.0{ —— BACKGROUND - Obs 20.0| — 3DVar-Obs <]
—— zero zero
17.5 17.5
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WRF-NCAR model
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‘ WRF-NCAR model

Air temperature average profile 01-07/Feb/2019
20.0{ —— NN-TF - Obs
—— 3D-Var - Obs
17.5 BACKGROUND - Obs
1501 NN-Weka - Obs
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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 (100:00:28)
-

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

= CPU-time

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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‘ Data assimilation — NN emulating KF

m NN emulating Kalman filter: Linear wave 1D

2 Springer Link

Springer Nature is making Coronavirus research free. View research | View latest news | Sign up for updates

~-pp 1-21 | Cite as

Two Geoscience Applications by Optimal Neural Network
e Architecture

Authors Authors and affiliations

Juliana Aparecida Anochi &, Reynier Hernandez Torres, Haroldo Fraga de Campos Velho
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‘ Data assimilation — NN emulating KF

m NN emulating Kalman filter: Linear wave 1D

| |

MLP MPCA
MLP Expert
e MLP NSGA-II |-

absolute error

0 20 40 60 80 100 120 140
Kk (x=k x Ax m)




‘ Shallow water 2D for ocean circulation
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3

Shallow water 2D: representer (variational) vs neural network

Green = representer / Red = neural network
Zonal wind (u) Meridionalwind (v)
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Shallow water 2D: representer (variational) vs neural network

Data assimilation: Variational representer and neural network
Zonal wind (u) Meridionalwind (v) height (q)
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Shallow water 2D: representer (variational) vs neural network

Representer vs neural network: zoom for g(x,y)
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Data assimilation by NN: hardware components

The Cray XD1 -
Reconfigurable Computing

FPGA
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‘ Hybrid computing with FPGA

Blade

2 AMD Opteron 64bits 2.4GHz
1 FPGA Xilinx Virtex Il Pro

3.2GB/s
(each)

Microprocessors QDR2 =

—» QDR4

—» QDR3

RapidArray 3.2GB/s

Processor

p— QDR1 -
Cray XD1 | \

- FPGA



‘ Perceptron-NN for the Cray XD1

3.2GB/s

(each)
Microprocessors ‘ QDR2 <«+—>» QDR4
. | QDR1 <«+>» QDR3

3.2GB/s
Y
RapidArray 3.2GB/s
P o -~ FPGA
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‘ Perceptron-NN for the Cray XD1

(7). [(TTTTTIT] [TTTT1T]
o é} \ 4 \ 4

Cost: . .
* Multipliers: 7
e Summation: 1

* Cycles: 14=7+1+6
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‘ Perceptron-NN for the Cray XD1

Activation function ” ' —
° tanh(X) 600 | ‘

» Lookup Table (LUT) 400} |

*QDR: 1 M , 20::

Sigmoid function: tanh(x)
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‘ Perceptron-NN for the Cray XD1

(0] - [0]1
j‘.

,_I_—i-
Multiplicador _._ : i
Acumulador N, | LT p(u)
N : B
~} N, |
I
Neuron MLP-NN:
Multiplier /accumulator Uses of MAC Combining neurons
Input x weight Inputs connected by one bus
Storaged on ACC or bias Ready to receive new data
(depending on fc signal Results to Lookup Table (LUT):

the pipeline
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Process Time (us)

Software (CPU)

‘ Shallow water 2D for ocean circulation

121709

Hardware (FPGA)

209187

ou dq
E—fl‘{"ga_‘{"ruu F

ov dq
8t+fu+g(9 +r,v=F,

dq ou Jv
§+H(dr a)4-rqq—0
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‘ Shallow water 2D for ocean circulation

Process Time (pus)
Software (CPU) 121709
CPU to FPGA 181365
FPGA 2
FPGA to CPU 9455
FPGA (Total) 209187

ou aq
a—f@+g%+rUU—Fu

ov

dq
E+ﬁt+ga—y+mj =F,

oq ou v
E‘{-H(%-Fa—y)-i-T‘QQ—O
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‘ Data assimilation - first application

Data Assimilation Using an Adaptative
Kalman Filter and Laplace Transform
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‘ Data assimilation — NN emulating KF

m NN emulating Kalman filter: Lorenz’s system

Revista Brasileira de Meteorologia. v.20. n.3. 411-420. 2005

REDES NEURAIS RECORRENTES TREINADAS COM CORRELACAO CRUZADA
APLICADAS A ASSIMILACAO DE DADOS EM DINAMICA NAO-LINEAR

FABRICIO PEREIRA HARTER ¢ HAROLDO FRAGA DE CAMPOS VELHO

WAL s LA, Y T RO O
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‘ Data assimilation — NN emulating KF

m NN emulating Kalman filter: Lorenz’s system

-

o

dX/dt = —o(X -Y)
dY/dt = RX -Y - XZ

dZ/dt = XY — bZ

~

J

Wy = [X, Yo Z,]7 = [1.508870 -1.5312 25.46091]"
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‘ Data assimilation — NN emulating KF

m NN emulating Kalman filter: Lorenz’s system — sssaees
GHET )

AT LA, Y TR G
-

Py —» Y

Elman-NN Jordan-NN
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‘ Data assimilation — NN emulating KF

m NN emulating Kalman filter: space weather

Interaction: Sun-Earth

Solar Propagation Impact on
Activity magnetosphere ionosphere
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‘ Data assimilation — NN emulating KF

m NN emulating Kalman filter: space weather

Equations: three-waves coupled

4 dA, /dt = v, A, + A, A,

*

dA, /dt = v, A, — A, A

dA,/dt = (i6+v,)A, - A, A

o

~

%

i

v, =1
vV, =V, =V
o=2
T =K(z-W)
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Data assimilation — NN emulating KF

m NN emulating Kalman filter: space weather

Journal of Atmespheric and Solar-Terrestrial Physics 70 (2008) 1243~ 1250

Contents lists available at ScienceDirect T 3 ’
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Review article

Neural networks in auroral data assimilation
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Data assimilation — NN emulating KF

m NN emulating Kalman filter: shallow water 1D

Available online at www.sciencedirect.com
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‘ Data assimilation — NN emulating PF

m NN emulating Particle filter: Lorenz’s system

Adaptive Particle Filter for Stable Distribution

H.F. de Campos Velho and H.C. Morais Furtado I

l Integral Methods
in Science and
Engineering

Computational
and Analytic Aspects




‘ Data assimilation — NN emulating PF

m NN emulating Particle filter: Lorenz’s system

Integral Methods in Science and Engineering pp 25-35 | Cite as

g-Calculus Formalism for Non-extensive Particle Filter

Amarisio S. Araujo, Helaine C. M. Furtado, Haroldo F. de Campos Velho

Integral Methods
in Science and

Engineering
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‘ Data assimilation — NN emulating PF

m NN emulating Particle filter: Lorenz’s system

I0PSCIlence 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
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‘ Data assimilation — NN emulating PF

m NN emulating Particle filter: Lorenz’s system

IOPSCIence iopscience.iop.org
6th International Conference on Inverse Problems in Engineering: Theory and Practice [OP 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




‘ Data assimilation — comparison

m NN emulating: Kalman filter, particle filter, 4D-Var (ERROR)

1 r .
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‘ Data assimilation — NN applications

Neural network emulating (error evolution):

1.
2.

Kalman Filter?
Particle Filter?

3. Variational method (4D-Var® and Representer?)

4.

a)
b)
C)
d)

LETKF® (Local Ensemble Transform Kalman Filter)

Models:

Low dimensional model: Lorenz63'23, shallow water 1D
Solar dynamics’

Oceanic circulation®# (shallow water 2D)

AGCM: SPEEDY® and FSUGSM?® (global spectral

models)



