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  Machine learning for meteorology: motivation   

n  Seasonal	climate	precipita6on	predic6on	over	South	America	
¨  Observa6on:	Fall	2019	–	GPCP/NOAA	
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n  Seasonal	climate	precipita6on	predic6on	on	South	America	
¨  Observa6on:	Fall	2019	–	GPCP/NOAA	
¨  Performance:	RMSE	

¨  Performance:	CPU-*me	

  Machine learning for meteorology: motivation   

MODELS:	 BAM-model	 NN-MPCA	 NN-TensorFlow	

RMSE:	 6.30	 5.06	 0.86	

MODELS	
Hardware	

BAM-model	
Cray	X50	120-cores	

NN-MPCA	
Laptop	Intel	1-core	

NN-TensorFlow	
Colab	Intel	1-core	

CPU-*me	 9.60x103	sec	 20.19	sec	 0.15	sec	
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  Data assimilation – concept  
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  Data assimilation (DA) – methods  

n   Newtonian relaxation (nudging) 

n   Statistical (“optimal”) interpolation 

n   Kalman filter 

n   Variational method: 3D and 4D 

n   New methods for data assimilation: 
¨    Ensemble Kalman filter 
¨    Hybrid method: variational + EnKF 
¨    Particle filter 
¨    Artificial neural networks 
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Number of observation are increasing: 
different satellites with thousands of 
bands, sensor cost decreasing.  

Numerical models with very high 
resolution 

     Why? Exponential growth for the available data  



  DA: neural networks – our methodology  

n  We are using supervised neural networks 

n  We use NN for emulating another technique 

n  Why to emulate another technique?                   
For saving processing time – at least! 

 

n  Database: a set of predictions, observations, analysis 

n  Domain decomposition 
¨   Each subdomain with different NN 
¨   Assimilation for each model grid point  
¨   Automatic configuration for all neural networks 



 

§  Design of supervised neural network:  
     Optimization problem – cost function: 

 
 

		Finding	an	OPTIMAL	neural	network	
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Available for download:  
www.epacis.net/jcis/PDF_JCIS/JCIS11-art.01.pdf  

			MPCA:	Mul*-Par*cle	Collision	Algorithm	
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Griewank function 
 
 
 

 
 

 
                                   PCA                     MPCA 
                              (-3.14, 4.43)      (-1.8x10-8,-3.3x10-8) 
                                f(x1,x2) =7.4 x 10-3       f(x1,x2) = 3.3 x 10-16 

			PCA	vs	MPCA	(2)	
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		Finding	an	OPTIMAL	neural	network	
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§  Supervised neural network: Multi-Layer Perceptron (MLP) 

MPCA solution 

#	hidden	
layers	

#	neurons	
layer-1	

#	neurons	
layer-2	

#	neurons		
layer-3	

Ac6va6on	
func6on	

Momentum	
ra6o	

Learning	
ra6o	
	

Parameters	 Vallue	

Number	of	hidden	layers	 |1|	|2|	|3|		

Number	of	neurons	for	each	layer	 |1|	...	|32|	

Learning	ra6o	 |0|	...	|1|		

Momentum	 |0|	...	|0.9|		

Ac6va6on	func6on	 |Tanh|	|Log|	|Gauss|		



n   Kalman filter 

  Data assimilation – first application  
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§  Kalman filter 
§  Estimating the error modeling co-variance matrix 

§  Estimating Wb by parameterization 
§  Estimating Wb by Fokker-Planck equation 
§  Estimating Wb by ensemble strategy 

  Bayesian filters 
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§  Ensemble Kalman filter 
§  Estimating the error modeling co-variance matrix 

§  Estimating Wb by parameterization 
§  Estimating Wb by Fokker-Planck equation 
§  Estimating Wb by ensemble strategy 

  Bayesian filters 
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SPEED model 

Forward model (xf):  
 
SPEED model 
 
- Atmospheric general  
  circulation model 
- 3D spectral model 
- simplified parameterization 
 
Vertical coordinates:  σ = ps/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 x 4 x 7 + 415 
Observations:   2075 (00 and 12 UTC) = 415 x 5  (only surface) 



SPEED model 



 
 
Spectral 3D model, with simplified parameterization 
 
 
 
 
 
 
 

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

{with: q = log(p0)} 

{with: ϕ = gh  ;   and: σ = p/p0} 

  SPEED: atm. general circulation model 



SPEED: atmospheric general circulation model 
 
Spectral 3D model, with simplified parameterization 
 
Observation grid: NN emulating LEnTKF 
 
 
 
 



Temperature: assimilation experiment 

LETKF								neural	network	
	

True	

Results from Rosangela Cintra PhD thesis (2011) 



 Experiment: LETKF and neural network 

General	atmospheric	Circula6on	Modelo	3D		(spectral	model):		
SPEEDY	(Simplified	Parameteriza6ons	primi6vE	Equa6on	DYnamics)	
Gaussian	grid:	96	x	48	(horizontal)	x	7	lvels	(ver6cal)	=	T30L7	
Total	grid	points:	32.256										Total	de	variáveis:	133.632	

Observa6ons:	(00,	06,	12,	18	UTC)	–	radiosonders	“OMM	sta6ons”	
Observa6ons:	12035	(00	e	12	UTC)	=	415	x	4	x	7	+	415	
Observa6ons:				2075	(00		e	12	UTC)	=	415	x	5		(only	surface)	

LETKF  method ANN method 

04:20:39	 00:02:53	

Execution time 

hours	:	minutes	:	seconds	

Results from the Rosangela Cintra’s PhD thesis (2011) 



 

§  FSU-COAPS global model: equations 

 

		Global	model	for	NWP	
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{with: q = log(p0)} 

{with: ϕ = gh  ;   and: σ = p/p0} 

{with: r moisture      and: M source/sink} 



			Data	assimila*on:	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	assimila*on:	LETKF	x	ANN	(FSU	model)	
Surface	Pressure(Kg/Kg)	generaliza6on												04/Jan/2005	–	12	UTC	

LETKF analysis 	 NN_MLP analysis 	 Differences analysis 	

Specific	Humidity	(Kg/Kg)	generaliza6on												04/Jan/2005	–	12	UTC	

LETKF analysis 	 NN_MLP analysis 	 Differences analysis 	



			Data	assimila*on:	LETKF	x	ANN	(FSU	model)	
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Execu*on	of	124	
cycles	

MLP-DA	
(hour:min:sec)	

LETKF		
(hour:min:sec)	

Analysis	6me	 00:02:29	 11:01:20	

Ensemble	6me	 00:00:00	 15:50:40	

Parallel	model	6me	 00:27:20	 00:00:00	

Total	Time	 00:29:49	 26:52:00	

266 times	
faster	

55 times	
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) 	
(hNp://www.cptec.inpe.br/supercomputador)).  	
	
MLP-DA computed analyses for the FSUGSM model: 	
-  Analyses with similar LETKF quality	
-  Analysis with be<er computer performance.	



    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 

		Predictability	
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	Predictability	by	ensemble	predic*on	
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High predictability 
(ensemble convergence) 

Low predictability 
(ensemble dispersion) 

WMO’s report describing/suggesting ensemble prediction   



	Predictability	by	ensemble	predic*on	
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•  Ensemble prediction and confidence interval 



	Predictability	by	ensemble	predic*on	
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•  Ensemble prediction and confidence interval 



	Predictability	by	ensemble	predic*on	
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•  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 



 

§  FSU global model: January 2005 
     Temperature 500 hPa at 08/Jan/2005 
 

          LETFK                                           Control 

 

		Ensemble	predic*on	
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§  FSU global model: January 2005 
    Temperature 500 hPa at 08/Jan/2005 
 

          NN-MLP                                   Control 
 

		Ensemble	predic*on	
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§  FSU global model: January 2005 
     Spaguetti plots 

 

		Ensemble	predic*on	
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§  FSU global model: January 2005 
     Confidence intervals 

 

		Ensemble	predic*on	
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§  FSU global model: January 2005 
     Spaguetti plots and confidence intervals 

 

		Ensemble	predic*on	
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Data assimilation: analysis by NN 
 
Step-1: Data assimilation by NN 
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  Uncertainty quantification by NN 

Background 

Observations 

Analysis 

DA: Neural operator 1  



Prediction: uncertainty quantification 
 
Step-2: redesign the NN 
 
A partition on the data-set used to define the neural fuser. 
 

From the partition, with time series                   new NN.  
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  Uncertainty quantification by NN 

µk,σ k
2{ }k=1

m

(µ1,σ1
2 )

Training set Generalization Testing 

(µ2,σ 2
2 ) ! (µk,σ k

2 ) (µm,σ m
2 ) (m < n)!



Positioning by NN: uncertainty quantification 
 
Step-2: New neural fuser self-configured by MPCA 
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Drone positioning algorithm 

Analysis + Uncertainty 
   Neural operator 2  

Position by 
Computer vision 

Position by  
INS measure 

UAV corrected 
positioning 

σ k
2



WRF: data assimilation by NN 

n  Coopera6on:	
¨  CODPT-INPE	(BR)	
¨  Universi6es	(BR):	UFPel	+	IFI-Bagé	+	UFOPA	+	UFRJ	
¨  LNCC	(BR)	



WRF-NCAR model 



WRF-NCAR model 



WRF-NCAR model 



WRF-NCAR model 



WRF-NCAR model 



WRF-NCAR model 



WRF-NCAR model 



WRF-NCAR model 



WRF-NCAR model 
 

§  CPU-time 

3D-Var 

NN-MPCA 



Data assimilation: NN vs. “standard” methods 

 

§  CPU-time 
 

MODEL	
-----------------------	

Method	

SPEED	(G)	
-----------------------------	
LEnTKF					|					NN						.			

COAPS-FSU	(G)	
---------------------------	
LEnTKF			|				NN						.			

WRF	(R)	
---------------------------	
		3D-Var			|				NN							.			

CPU-*me	 04:20:39		|	00:02:53			 26:52:00	|	00:29:49	 00:33:08		|	00:00:28		

95 times faster 55 times faster 71 times faster 



n   NN emulating Kalman filter: Linear wave 1D   

  Data assimilation – NN emulating KF  



n   NN emulating Kalman filter: Linear wave 1D   

  Data assimilation – NN emulating KF  



Shallow water 2D for ocean circulation 



                           Green = representer  /  Red = neural network 
      Zonal wind (u)                                          Meridionalwind (v) 

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



       Data assimilation:  Variational representer  and neural network 
      Zonal wind (u)                Meridionalwind (v)                     height (q) 

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



       Representer vs neural network: zoom for q(x,y) 

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



Data assimilation by NN: hardware components 

FPGA 



Hybrid computing with FPGA 



Perceptron-NN for the Cray XD1 



Perceptron-NN for the Cray XD1 

•  Multipliers:   7 
•  Summation: 1 
•  Cycles:        14 = 7 + 1 + 6  

Cost: 



Perceptron-NN for the Cray XD1 

•  tanh(x) 
•  Lookup Table (LUT) 
•  QDR: 1 M  

Activation function 

Sigmoid function: tanh(x) 



Perceptron-NN for the Cray XD1 

MLP-NN:  
Combining neurons 
Inputs connected by one bus 
Ready to receive new data 
Results to Lookup Table (LUT): 
the pipeline 

Neuron 
Uses of MAC 

MAC:  
Multiplier /accumulator 
Input x weight 
Storaged on ACC or bias  
(depending on fc signal 



Process	 Time	(μs)	
Sonware	(CPU)	 																121709	
Hardware	(FPGA)		 																209187	

Shallow water 2D for ocean circulation 



Process	 Time	(μs)	
Sonware	(CPU)	 121709	
CPU	to	FPGA	 181365	

		FPGA	 										2	
FPGA	to	CPU	 				9455	
		FPGA	(Total)	 209187	

Shallow water 2D for ocean circulation 



 

Special thanks to Dr. Xiaodong Luo Luo 
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Thank	you!	



  Data assimilation – first application  

Hybrid Methods in Engineering: (2000) 2(3): 291-310 



n   NN emulating Kalman filter: Lorenz’s system 

  Data assimilation – NN emulating KF  



n   NN emulating Kalman filter: Lorenz’s system 

  Data assimilation – NN emulating KF  

)( YXdtdX −−= σ

XZYRXdtdY −−= 

bZXYdtdZ −=

w0 ≡ [X0 Y0 Z0]T = [1.508870   -1.5312   25.46091]T  



n   NN emulating Kalman filter: Lorenz’s system 

  Data assimilation – NN emulating KF  

       Standard NN 
 
       Recurrent NNs:  

     Elman-NN                                                              Jordan-NN  



n   NN emulating Kalman filter: Space Weather 

  Data assimilation – NN emulating KF  

                              Interaction: Sun-Earth 

Solar            Propagation     Impact on 
Activity                                  magnetosphere   ionosphere 



n   NN emulating Kalman filter: Space Weather 

  Data assimilation – NN emulating KF  

                              Interaction: Sun-Earth 

Equations: three-waves coupled 
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n   NN emulating Kalman filter: Space Weather 

  Data assimilation – NN emulating KF  



n   NN emulating Kalman filter: Shallow Water 1D 

  Data assimilation – NN emulating KF  



n   NN emulating Particle filter: Lorenz’s system 

  Data assimilation – NN emulating PF  



n   NN emulating Particle filter: Lorenz’s system 

  Data assimilation – NN emulating PF  



n   NN emulating Particle filter: Lorenz’s system 

  Data assimilation – NN emulating PF  

Helaine C. Morais Furtado 
 

Haroldo F. de Campos Velho 
 

Elbert E. Macau 



n   NN emulating Particle filter: Lorenz’s system 

  Data assimilation – NN emulating PF  



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

  Data assimilation – comparison  



  Data assimilation – NN applications  
 
Neural network emulating (error evolution): 
 

1.  Kalman Filter1 

2.  Particle Filter2 

3.  Variational method (4D-Var3 and Representer4)  
4.  LETKF5 (Local Ensemble Transform Kalman Filter)  
 
Models:  
 

a)  Low dimensional model: Lorenz631,2,3, shallow water 1D1 

b)  Solar dynamics1 

c)  Oceanic circulation1,4 (shallow water 2D) 
d)  AGCM:  SPEEDY5 and FSUGSM5 (global spectral 

models) 
 


