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    Methods 
§  Optimization problem with constrains: 

o  Deterministic optimizer: Quasi-Newton 
o  Deterministic optimizer: variational approach 

 

§  Optimization problem with constrains: 
o  Stochastic optimizer: Ant Colony System 
o  Stochastic optimizer: Multi-Particle Collision Algorithm 

§  Optimization problem: hybrid methods 

§  Artificial neural networks 
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    Optimization problem with constrains 
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    Deterministic: Quasi-Newton 
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    Deterministic: Variational approach 

		Inverse	problems	

5 



    ACS (Ant Colony System) 

•  Ant: a candidate solution 
•  For each iteration: the best ant is selected 
•  After iterations, “best of the bests” ant is chosen! 
•  Modified ACS: only 10% smoothers (2nd-order Tikhonov) 

of the ant population are selected 
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    MPCA (Multi-Particle Colisium Algorithm) 

•  Particle: a candidate solution 
•  Neutron traveling inside a nuclear reactor 
•  Two phenomena: absorption and scattering 
•  Multi-particle: several particles in cooperation 

		Inverse	problems	
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		Inverse	problems	
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Available for download:  
www.epacis.net/jcis/PDF_JCIS/JCIS11-art.01.pdf  



    Meta-heuristics for inverse problems 
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    Neural networks for inverse problems 

		Inverse	problems	

10 

INVERSE PROBLEM K-1 

Effects Causes 

DIRECT PROBLEM K 



    Neural networks for inverse problems 
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Biological	neuron	

ArTficial	neuron	

ui = f wij∑ x j + bj( )
yi =ϕ ui( )



    Optimal neural network for IP 
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Fobj = penality ∗
(ρ1 *Etrain +ρ2 ∗Eactiv )

ρ1 + ρ2

penality = c1 * e#neuron( )
2( )

complexity factor-1
! "## $##

× c2 *(#epoch)( )
complexity factor-2
! "## $##

+1



    Optimal neural network for IP 
 
 
 

                                            Optimization by 
                                                           MPCA 
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Fobj = penality ∗
(ρ1 *Etrain +ρ2 ∗Eactiv )

ρ1 + ρ2

							Parameters	 				Value	

#	hidden	layer	 |1|	|2|	|3|		

#	neurons	 |1|	...	|32|	

Learning	rate	 |0|	...	|1|		

Momentum	 |0|	...	|0.9|		

AcTvaTon	
funcTon	

|hiperbolic	tangente|		
|LogisTc|		
|Gaussian|	



 

§  Space Science 

§  Space Engineering 

§  Space Applications 

§  Space Health/Medicine (*) 
 
 

		Space	Research:	Four	Pillars	

14 



 

§  Space Science 

§  Space Engineering 

§  Space Applications 

§  Space Health/Medicine (*) 
 
 

		Space	Research:	four	pillars	

15 



 

§  Space Science 

§  Space Engineering 

§  Space Applications  

§  Space Health/Medicine (*) 
 
 

		Space	Research:	four	pillars	

16 



 

§  Space Science 

§  Space Engineering  

§  Space Applications  

§  Space Health/Medicine (*) 
 
 

		Space	Research:	four	pillars	

17 



		Space	Research	(Space	Science)	
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		Space	Research	(Space	Science)	
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		Space	Research	(Space	Science)	
    Objective function: 
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Optimizer: ACO (Ant Colony Optimization)  



		Space	Research	(Space	Science)	

     Images for radio-interferometric telescope 
 
        True                     T-thin               T-fat (optimized) 



		Space	Research	(Space	Science)	
    Welcome to the real world! 

Final optimized configuration 



		Space	Research	(Space	Science)	
    Magneto-telluric inversion 
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		Space	Research	(Space	Science)	
    Magneto-telluric inversion 
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Outline of problem physical:  
σ - electric conductivity 
Ω+ - conductive region 
Ω- - atmosphere 
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    Magneto-telluric inversion 
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		Space	Research	(Space	Science)	
    Magneto-telluric inversion 
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		Space	Research	(Space	Science)	

MaxEnt-0: γ0≠0, γ1=0 
 
MinEnt-1: γ0=0, γ1≠0 
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		Space	Research	(Space	Engineering)	

    Damage in aerospace structure 
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    Damage in aerospace structure 
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Damage severity: 



		Space	Research	(Space	Engineering)	

    Damage in aerospace structure 

 σ  = 1%. 
Noisy experimental data: 



		Space	Research	(Space	Engineering)	

    Damage in aerospace structure 



		Space	Research	(oceanography)	
    Inverse hydrological optics 

 
 
 
 
 
 

Hydrologic optics 

Radiative transfer process 

Inverse problem 

Ant colony optimization 
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    Inverse hydrological optics 
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		Space	Research	(oceanography)	

    Inverse hydrological optics 
Absortion and scattering coefficients: 
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		Space	Research	(oceanography)	

    Inverse hydrological optics 
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being Nλ  the number of sensors (satellite chanels), Nξ  is the number of angle  
direções and Lk,l = L(ζ*, ξl, λk), being ζ* a reference level (water superface). 
 
Preliminar results were obtained with estimation of source terms, where the LTSN  
method the modified ant colony system is applied. 
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    Inverse hydrological optics 



		Space	Research	(oceanography)	
    Inverse hydrological optics 
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    Atmospheric temperature from satellite data 
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    Atmospheric temperature from satellite data 
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		Space	Research	(meteorology)	

    Regularization: 2n order entropy 



    Neural networks for inverse problems 
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INVERSE PROBLEM K-1 

Effects Causes 

DIRECT PROBLEM K 
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    Atmospheric temperature  
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    Atmospheric temperature from satellite data 
Neurocomputers: implemented by FPGA 
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    Atmospheric temperature from satellite data 
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    Data assimilation: finding initial condition 
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    Data assimilation: finding initial condition 
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    Data assimilation: finding initial condition 
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    Data assimilation: finding initial condition 
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§  Numerical Weather Prediction 
§  Relevant and computer intensive simulation 

 

		PART	2	–	Applica8ons	to	Space	Research	
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Forecasts Scores 

Adrian Simmons 

ECMWF 
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    Data assimilation: finding initial condition 

ForecasTng(n+1) 

AssimilaTon	cycle? 

No 

Model	data	(n) 

Assimilação:	RNA 

Model	 
+ 

	ObservaTon 

Analysis 

Yes 

Analysis	

Observa8on	

Model	

  
Multilayer 

Perceptron 



	

FSUGSM 	
	

(Florida State University 	
global spectral model) 	
	
	
 ~ regular grid 96  x  192  x  27	
	
	
Globe divided into 4 horizontal and 6 vertical sub-domains (regions), 
with different neural network for each meteorological variable:	
	
# neural networks: 4 x 6 x 6 = 144 networks. 	
	

How can we do that? 	

		Space	Research	(meteorology)	

    Data assimilation: finding initial condition 



			Other	applica8ons	with	MPCA	
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•  Inverse Problem:  

Automatic configuration for neural network applied to atmospheric temperature profile 
identification.  
INTERNATIONAL CONFERENCE ON ENGINEERING OPTIMIZATION, 2012. 
 
•  Inverse Problem:  

MPCA for solving an inverse radiative problem.  
IIMSE – INTEGRAL METHODOS IN SCIENCE AND ENGINEERING, 2014 

 
•  Climate Prediction:  

MPCA meta-heuristics for automatic architecture optimization of a supervised artificial 
neural network.  
10th WORLD CONGRESS ON COMPUTATIONAL MECHANICS, 2012. 

 
•  Data Assimilation:  

MPCA meta-heuristics for automatic architecture optimization of a supervised artificial 
neural network.  
2nd CONFERENCE ON UNCERTANTIES, 2014. 
 
 



 

§  Numerical Weather Prediction: equations 
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Movement Equation  (momentum) 

Continuity Equation  (mass) 

Thermodynamic equation (energy) 
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		Space	Research	(meteorology)	
Surface	Pressure(Kg/Kg)	generalizaTon												04/Jan/2005	–	12	UTC	

LETKF analysis 	 MLP analysis 	 Differences analysis 	

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

LETKF analysis 	 MLP analysis 	 Differences analysis 	
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    Data assimilation: finding initial condition 

Execu8on	of	124	
cycles	

MLP-DA	
(hour:min:sec)	

LETKF		
(hour:min:sec)	

Analysis	Tme	 00:02:29	 11:01:20	

Ensemble	Tme	 00:00:00	 15:50:40	

Parallel	model	Tme	 00:27:20	 00:00:00	

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

266 times	
faster	

55 times	
faster	



§  Neural networks: Elman and Jordan ANN 

			Data assimilation: an essential issue	



§  Neural networks: Shallow water equation (RBF-NN)  

			Data assimilation: an essential issue	



			Data assimilation: an essential issue	



			Data assimilation: an essential issue	



			Data assimilation: an essential issue	

Helaine C. Morais Furtado 
 

Haroldo F. de Campos Velho 
 

Elbert E. Macau 



Shallow water 2D for ocean circulation 



	
Obrigado!	


