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Objectives
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&8 Assess model prediction uncertainty in light of
experimental results

> Experimental data involve uncertainties

8 In this example the “Model” is refereed to a
computer code with multiple outputs and
multiple Sub-models (e.qg., Physical Correlations)

> The sub-models are developed based on other

experiments and data not used in the output
updating process
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Black-Box Representation
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Multiplicative Error: Bayesian Posterior

.. S

T
X :
X—: Fe,i , Fe =~ LN(be,(Te) (1)
S3 ° e
c _ ) X.
g mel = o — ! = Fmi ; Fm ~ LN(bm’Gm) (2)
L o ) ’
S X o m,i
3 [ °
— ) m
% Xe ® where :
3 m-m X :Real Quantity
= o ¢ X, :Result of experiment
) X, :Model prediction
B F, : Theerror factor for experimental data
¢ F.. : Theerror factor for model predictions
Result of Experiment, X, b,,o, :Meanand SD of experimental error factor
o ) b..,o, :Meanand SD of model error factor
Substituting (1) in (2) :
I:e,ixe,i = I:m,ixm,i
X.. F..
=M =F, »=F, ~LNIb, —b,,+Jon + 0
X.. F.. ’
m,l e,l
Independency of F_,F, ]
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Multiplicative Error: Bayesian Posterior
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_ fO(b o )XL(XeH m,i? e’O- |b m)
[ fobr 00)x L(Xej, X b, 0, | by 07, )b do,

Ombp

f(bm’gm | Xe,i’ m,i? eio-)

(3)

where;

| Xei | n b 2
L H(M]—( m e )

L(X, ;. X, 1.b,. 0, by, m):ﬁ 1 ST ot

i Xei |l 72—
1m[xe,lj Gri+0'e2

f,(b,,o,): PriorJoint Distirbution of Parameters
f (0,001 X.i0 Xpi,0,,0,): Posterior Joint Distirbution of Parameters

Given a model prediction such as X_ the distribution of X
will be estimated as following :

X, given as model prediction

F._~LN(b,,o,) = X ~LN(In(X,)+b_,o,.)
X=FX,
6

COPYRIGHT © 2009, M. Modarres




White-Box Representation
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Model Prediction, X,

White-Box Representation (cont.)
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When Both Model Output and Experimental Data Are Uncertain:

Result of Experiment, X,
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Why use White-Box Approach?
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> Black-box approach does not take into account :

[~lInput uncertainties
[~IModel parameter uncertainties

> White-box approach takes input and model
parameter uncertainties into account while
Keeping the output updating step seen in the
plack-box analysis.
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Methodology
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Input Uncertainties

-Data

PIRT -Expert Judgment
-Identify Important

Phenomena with Sub-model Parameter Uncertainty
respect to Fire and
Uncertainties -Data

-Bayesian Updating

Output Update :
P P Propagate Uncertainty
-Paired Data D— <
-Wilks Tolerance Criteria
-Hybrid Data

SN Output Uncertainty
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CFAST: Flame Height: PIRT
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& CFAST [Jones] uses Heskestad’ s flame height equation
[Heskestad]: P
7 =-1.02D+0.2350 5

[(AIPIRT — Identify sub-model that influence the flame height
calculation

heskestad.f90 — performs calculation of flame height

PYROLS.f90 — changes HRR input to account for
energy losses

[AIPIRT — Phenomena:
Equation parameters -1.02, 0.235, 2/5
Model inputs Q and D
X190y Ty G B 1 — — —
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CFAST: Flame Height:
Sub-model Parameter Uncertainties
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z, =—1.02D +0.235Q"5
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3 Data [Heskestad] giEast Sii 2
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=102 +15.6N /% N

where :

z, : Flame Height
: Source Diameter

- O

B cpTw Q2

_ gpz(AHcT [E

r

Q: Heat Release Rate
] ¢, . Specific Heat
T, : Ambient Temperature
P, - Ambient Density
H. : Actual Lower Heat of Combustion

r : Actual Mass Stoichiometric ratio, air to fuel volatiles
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CFAST: Flame Height:
Sub-model Parameter Uncertainties (cont.)
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& Bayesian regression estimation of parameters.
[~AIResults in distribution over model parameters in an empirical

f
orm Z_f:_a+lg|\|7

D

fo(a,ﬂ,y)XL(Zf/D,N|0{,,B,7/)
f(a,p.7|z, /D,N) =
@l /o [ fol@ A7) xL(z, /DN |a, . y)dad pdy
where :

1 1 [r/p-a-pN']
L(z; /DN e, B, 7) =] | ——= 2 o

i1 N2mo
f,(a,B,y): Prior Joint Distirbution of Parameters

f(a,B,7|2; /D, N): Posterior Joint Distirbution of Parameters
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CFAST: Flame Height: Results - Black-Box

— [ S I
Test X X 12 -
BE3 2.8 2.81
BE2 4.3 4.3 10 A 13.3% °
_ 13% g e
NIST 5 3.6 2.6 £
NIST 6 3.2 2.5 £<8] o &, =
' : =2 S 1 TR
[} >
NIST7 | 4.2 35 T S6 4 = 38%
£ =
NIST 14 7.4 5.1 ke - - * Do
—_ Tg P
NIST15 | 7.8 6.1 g o4 Upper &P
© Low er Exp
NIST 17 7.3 6 5 | Upper Bayes
NIST 18 50 4.5 —~ Low er Bayes
— Mean
NIST 20 7.4 6.1 0 . . . . . .
0 2 4 6 8 10 12
NIST 21 9.8 10 Predicted Flame Height (m)
Measured Flame Height (m)
Experimental Result (m)
Parameter Mean SD 2.50% Median 97.50%
b, -0.176 0.047 -0.268 -0.176 -0.084
S 0.134 0.045 0.067 0.127 0.243
Fr 0.848 0.127 0.625 0.839 1.133
IS . . T . E— I
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CFAST: Flame Height: Results - White-Box
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Test X, X, 12 -
BE3 2.0 2.81 4% ’
10 - Y
BE2 3.3 4.3 13%
NISTS | 27 2.6 EEg. —
E c P -132//0/’/
NIST 6 2.4 2.5 23 rs _—
T2 6 1 -
NIST 7 3.3 3.5 g e P
o g ~
NIST14 | 4.9 5.1 T e
' ' T 04 e -28% Upper Bxp
NIST15 | 7.1 6.1 ¥ = “o o Lower Exp
/ — Upper Bayes
NIST 17 6.8 6 2 - — Lower Bayes
NIST 18 4.0 4.5 ———— Mean
NIST 20 6.9 6.1 0 ' ' ' ' ' '
i : 0 2 4 6 8 10 12
NIST 21 9.8 10 Predicted Flame Height (m)
Measured Flame Height (m)
Experimental Result (m)
Parameter Mean SD 2.50% Median 97.50%
b, 0.032 0.055 -0.077 0.032 0.142
S, 0.164 0.052 0.090 0.155 0.292
F. 1.049 0.195 0.718 1.030 1.492
.| T "N camm ... |
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Conclusions
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¥ Advantages:
[~AIMethod allows for propagation of all uncertainties

[AlIn accounting for model uncertainties
[XIResults can show appropriate use of the model
[XIResults can show where more research is needed

3 Considerations:

[~lApplication of methodology is computationally intensive
[~lIntense knowledge of sub-models

[A1To fully account for uncertainties multiple sub-models should run
simultaneously
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