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Challenges and Possible Approaches

DATA ASSIMILATION

Bayesian filters

- Kalman(-ized) filters
- Variational methods
- Data interpolation

- Variational data fitting

- Variational parameter inversion (e.g., EnKI, ...

OPTIMAL EXPERIMENTAL DESIGN

- Bayesian OED
- Model-aware sequential OED
- Model-free sequential OED

- “Alphabetical” OED (e.g., A/E/D/...-OED)
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A Simplified Model

GEOMETRY

HOTLEG (4m) - closed loop geometry
FISSION - uniform velocity
1 - no radial effects

MISSING

CORE HEAT EXCHANGER - graphite coupling ot ', cogut
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- pipe cross-sections
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A Simplified Model
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NEUTRON DIFFUSION EQUATION
—0,D(T) 9, & — o (T8

+38,21 (1 — B)xEVE of (T, )Y8' /Kegr
+%8,105 TE(TYE — xEXE_;APcP = 0

- 6 energy groups
- diffusive transport
- fission only in core

PRECURSOR TRANSPORT EQUATION

- 8 precursor groups
- advection at constant speed
- no heating effect

—dyvcP — APcP

+BPYS-1VEos (T, X)P/Kegr = 0

FUEL ENERGY EQUATION

- constant properties
- advection at constant speed
- average value for h, T

—pCp0xVT + 04k, T — h(x)(T — Te)
+3.5-1E¢0f (T, X) Y8 /Kegr = 0

J core Za=1Er 0 (T, X)YBdx = P



A Simplified Model
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FREE PARAMETERS

- v=10"t1-10'm/s

- P=10°-10%8W

- h=10%-107 W/mK
OBSERVABLE FIELDS

- Thermal flux (i)
- Temperature (T)

MODEL GOALS:

Parameter calibration
State reconstruction
Sensor collocations
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} ~ o(0)

MODEL PARAMETERS
9 = {v,P,h;

MULTI-PHYSICAL STATE

U(ﬂ) = {lljl; 200 l-|J61 Cll noo C81 T}
SENSOR MODEL

6 6 T
3 = |h, o iy hE,, b, c O

NOISE MODEL
6 6 T
£ = e;cljl , ...,e;pN,s,fl, ...,e}JM] ~ N (0, ol)

Notation and Assumpftions

PARAMETER LIKELIHOOD

£(®1d) < exp (—lld — G@)IZ,1-1)

o
1]
h

h

hy, () =

I

EXPERIMENTAL DATA
d=Hu@)+e=6G19) +¢

2 (x—x)
o) ~ e T
2m(x—x1)
fQATReKCOS( L )dx
2m(x—x1)
6 }ccos( T )d
Yo . fﬂl'p (x)e X
hx1 (w) = KCOS(Zn(xL—xl))
fﬂ l/)Re dx
Kk =5x10*
L =12m

ATz = 65.041 K
T =900.000 K
Yr = 4.234x10'7 pm~?s71
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SENSOR DICTIONARY

O ={hy,hy, .., hy }. (accessible fields + locations)

BUDGET ALLOCATION

N
w = {a)l,a)z, ...,a)NS}, Do Wi =1, wy > 0.

LOCAL FISHER INFORMATION MATRIX

il oh U
M@ 99 =) " o "g“;( )
_ .

o (u@®)|'

09

_'9*

OPTIMAL EXPERIMENTAL DESIGN

Wopr = argmin — j log(det(M(w; 19))) 1y (d9)
> Ilgila)k=1 P
wi>0
arg min — iZgil log(det(M(w; 9,))) : = P(w)
> Ilgilwkzl =
wi>0

Q

employing the training set {u(9,), 9, ~ no(@)}ﬁgl,
and (quasi-)Montecarlo integration



Optimization Algorithm Ucinski] AF“ |

0. INITIALIZE @, = {wg1, W02, ) Won,} TpoqWor = 1, woy > 0

FOR s=0,1,2,..
1 M= ke (u@®)| oh(u@®)| 0P (w)
= — - i -1 0 i = —
1. DIFFERENCIATE ¢&x(wy) N Zn:l 59 M™ (wg; 9p) 59 T
9 9
2. MAXIMIZE ki = arg min & (wy)
k=1,...N=

1 Ve
3. LINESEARCH  ys=argmin— E log(det((1 — V)M (ws; 9n)) + YM (8 iz On))
o<y<1 NE n=1

4. UPDATE W51 = (1 —ys)ws + Vs‘sk,k;‘

*. BREAKIF & (ws)— N, < tol

7115
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I Experimental Design
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Maximum Likelihood Estimation AF“

[Iglesias]

9. = argmax ||d — G(I _
opt %ED ” g( )”(O-[)

0. SAMPLE {95 ~ I1y()}Z, 9 ~ 1, (0)

Iy ~ 1o - f5(I]d)

FOR s=0,1,2,..

1. EXACT PARAMETER-TO-MEASUREMENTS
(G(95) = Hu(93)}F

2. CORRELATION MATRICES
PS = cov(G(95),6(93)), Q° = cov(93,G(95)).

3. ENSEMBLE KALMAN UPDATE
9541 =95 + Q°(P° + oD7TH(d — G(I7))
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Surrogate Modeling
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GPR IS USED TO SURROGATE THE PARAMETER-TO-OBSERVABLE MAP

G = GPW) ~ N (u@),Kgp(9,9)) +— N(0, kPr(9,9’;
A : Optimized Hyper-parameters

COMPUTE THE TRAINING SET

A))

. Bayesian Prior

Eg = {G(0n) = Hu(9y), 9, € Ey}, Eg = {9, ~ HO(G’)}ZE

DEFINE THE TRAINING MEAN AND COVARIANCE
(d); = G(9)), (Ker)ij = kpr(ﬂi:ﬂj; A)
UPDATE MEAN AND COVARIANCE

u@) = diKg'kPT(9,E9; A)
Kop(9,9") = kPT(9,9";A) — kPT(9,E9; A)T Kt kPT (Y’

~

) :‘19;

A —

I

TN

We replace G(¥9) with surrogate
random variable GP () and use the
predictive variance K¢ (9,9) to

inflate the measurement likelihood



Maximum Likelihood Estimation
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Yopt & arg max ld — g?(ﬂ)llz -1
9eD (al+Kg5p(19,19))

0. SAMPLE {95 ~ I1,(©)}.%,

FOR s=0,1,2,..
1. SURROGATE PARAMETER-TO-MEASUREMENTS
(GP(OS)IE,

2. CORRELATION MATRICES
PS = cov(GP(95),GP(95)), Q° = cov(93,GP(93))

3. INFLATED ENSEMBLE KALMAN UPDATE

. -1
951 = 95 + Q° (P* + ol + Kgp(9°,9%)) ~ (d — GP(95))

19(5) ~ Ho(e)

Iy ~ mo- f5(I]d)
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Large-ensemble Convergence

N==1024

N==512

N= =256
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Ensemble Size

Ensemble Size
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Summary and Developments

SUMMARY DEVELOPMENTS

- Computational framework for parameter - Explore advanced surrogate models beyond
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estimation and state reconstruction in
multi-physics nuclear systems

Combination of optimal Experimental
Design and Ensemble Kalman Inversion

Gaussian Process surrogates accelerate
inference while retaining accuracy

Method successfully reconstructs reactor
states from sparse, noisy sensor data

Gaussian Process Regression

Incorporate time-dependent dynamics for
transient analysis

Extend framework to higher-dimensional
nuclear reactor models
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