% 'A‘I Ivl‘l II‘
&

S
JA RELIAU

RNA-MDC: 1D
Um método baseado em dados e modelo de
transporte de particulas neutras

Pedro Henrique de Almeida Konzen

PPGMAp, IME, UFRGS
Porto Alegre, RS

A Instituto de
‘ Q VATEMATICA
— E ESTATISTICA
ProtAp N UFRGS

Pedro K | IME-UFRGS 1/53



Thank you for having me here!

Porto Alegre, RS, Brazil
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Introduction: Neutral Particle Transport
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Introduction: Transport Model

» D= (a,b), -1<pu<l,u#0

0
E %I(aj,,u) + ol =0.V(x) + q(z, s \)
» Boundary conditions

Y >0: I(a,p) =1,
V< 0: I(b,p) =1

> Average scalar flux

1
U(z) = / I(z,p') dp

-1

E. Lewis and W. Miller. 1984a. Computational Methods of Neutron Transport.
M. Modest. 2013a. Radiative Heat Transfer.
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Background /Insight: ANN as Regression Models

Data Driven

Roman, N.G.; Santos, P.C.; Konzen. 2024a. LAJC.
Roman, N.; Konzen, P.H.A. 2024b. CeN.
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Background /Insight: PINNs
Data & Model Driven

(Raissi, Perdikaris &
Karniadakis, 2019)

(Mishra & Molinaro,
2021)

residual

2
+ b.c.

Introduction




ANN-MoC Method: DOM + SI

» Discrete Ordinates Method + Source Iteration

i+ 519 ) + 0 () = 0. WU (@) + gl iz V)

)

» Gauss-Legendre quadrature {u;, w;}Y,

N
V0 (a) = 13wl ()
=1
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ANN-MoC Method: Method of Characteristics

» Change of variables: z(s) = ap + s g

d
ds

» MoC solution form

1P(s) + 001 (5) = 0 0T (s) + (s, 133 )

Ii(j)(s) = Ii(j)(O) e Jo o ds/—i-/ [asif(j*l)(s’) +q(sy\) | e Jronds” gy
0

» Internal cell estimations

U(0) W(s) U (s)

:L’Il e yclm,l x(s") Ilm

T

L. Evans. 2010a. Partial Differential Equations.
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ANN-MoC Method: ANN Scalar Flux Estimations

» Multilayer Perceptron (MLP)

{(w, b(l),f(l))}l"l

» Training set {z("™), 7 (x(m))}ns

m=1

. 1
min —
LW pM)HL T

m=1

S. Haykin. 2005a. Neural Networks: A Comprehensive Foundation.
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ANN-MoC Method: Algorithm

1. Set parameters: mesh, \II(O)(a:) initial condition, ANN
architecture, quadrature, etc.

2. Train ANN to estimate W(%(z).

3. Source iteration, j-index:

6.a) For each p;, loop over mesh points x,:
> If 4; > 0, then s = (z(™ — a)/p

Iz(j)(x(m)) _ Ia67 f(; oy ds/+/ [N(S/) + q(s/“ui)] e~ f:, oy ds’’ dS,
0

> If 4; <0, then s = (z{™ — b) /i

1 (@) = Le i ds/"‘/ V() + a(s' )] e 1o 70" ag
0

6.b) Compute U0 = %Z wili(j).

6.c) Retrain the ANN N(z) to estimate ¥\ (z).

6.d) Check a given stop criteria.

P. Konzen. 2023a. https://arxiv.org/abs/2307.03114.
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https://arxiv.org/abs/2307.03114

ANN Training: Backpropagation

Backward
Forward

(W,b) = (W,b) — [,V (wpL

a® =z
a®) = §O (Wma(z—l) i b(l))

o) = U (z)
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Appl. 1: Direct Model Driven Problem

The Problem The ANN
» Exact intensity » Architecture
I(z, ) = e”2ot® 1-200x3—-1
> Exact scalar flux » Activation functions
U(z) = e~ Tanh - Softplus
» Equation source » Optimizer
q(z, p) = [(1 — pajor — o)) €7 Adam Method
» g,=05 a=5 » Training parameters

ns = 100, = 1073
A. Tchantchalam. 2024a. Dissertacdo de Mestrado, PPGMAp, UFRGS.
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Appl. 1: Results
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Appl. 2: Direct Data & Model Driven Problem

Data sensors

) ~ b) (b)
P ’j”(l [ll/, data \I{ln(()) \I/(S,> \I{in<3) \I (]jlt 1 ;1')1(]'(11'&1
T . Tm—1 .’17(8/) Tm Ly,

Loss function

nq

LppwMm = —Z“I’(m) ‘I’l(;n)er”llZ

m=1
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Appl. 2: Results

ANN-MoC S.I

o =1.0, 05=0.5
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Appl. 3: Inverse Data & Model Driven Problem

Data sensors & o; =7

\I?in(o) ®<5,) \I{in(s)
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Appl. 3: Loss Function

(9. 57) - (e )]

in
MoC
nq 2 nq c
1 (m) m m) 5(m) 2
\ TAZ \ll([lll \l<l111 /I[Z‘j « data j,u ,data
m=1 m=
Data
nq I(m) 2
Z ) g ) gl
data 9o
m=

Model
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Appl. 3: Results 6;, = o5+ R,0, = 0.5
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Appl. 4: Source localization

The Problem

» Source term

(@=n)?

Q(zv )‘) =e€ s >

B=0.1

» Vacuum boundary
conditions

» Medium properties
s =0.5,0;, =1.0
» Sensors (g > 0)

{Lpo(a), ¥(a), L (), ¥ (D)}

The ANN
» Architecture
1-50x4-3
» Activation functions
Tanh - Identity
» Optimizer
Adam Method
» Training parameters

ns = 100, I, = 1073
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Appl. 4: Results A=0.5
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Appl. 5: Results 6, = 0.5

op=0s+kr=1
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Final Considerations

» ANN-MoC Method for Neutral Particle Transport
Problems

MoC method with ANN estimates of ¥

» Meshless method
» Framework
» Direct problems + Data
» Inverse problems + Data & Model
» Further work
» Convergence properties and limitations
> Sensitivity analysis (noisy data)
» Enhance computational performance
» More complex models (anisotropy, multidimensional
domains, etc.)
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Thanks for your attention!

Lecture Notes
notaspedrok.com.br

Site UFRGS

professor.ufrgs.br/pedro

[m] 2% [=]
Instagram

E @notas.pedrok
6 nstituto de
M @
PPOMAR ) M “UFRGs

Pedro K | IME-UFRGS Final Considerations 24/53


https://professor.ufrgs.br/pedro
https://www.notaspedrok.com.br/
https://www.instagram.com/notas.pedrok/

	Introduction
	ANN-MoC Method
	Appl. 1: ANN-MoC for Model Driven Problem
	Appl. 2: Direct Data & Model Driven Problem
	Appl. 3: Inverse Data & Model Driven Problem
	Final Considerations

