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ABSTRACT

Forward quantification of uncertainties in code responses require knowledge of input model
parameter uncertainties. Nuclear thermal-hydraulics codes such as RELAP5 and TRACE do not
provide any information on physical model parameter uncertainties. A framework was developed
to quantify input model parameter uncertainties based on Maximum Likelihood Estimation
(MLE), Bayesian Maximum A Priori (MAP), and Markov Chain Monte Carlo (MCMC)
algorithm for physical models using relevant experimental data.

The objective of the present work is to perform the sensitivity analysis of the code input
(physical model) parameters in TRACE and calculate their uncertainties using an MLE, MAP
and MCMC algorithm, with a particular focus on the subcooled boiling model. The OECD/NEA
BWR full-size fine-mesh bundle test (BFBT) data will be used to quantify selected physical
model uncertainty of the TRACE code. The BFBT is based on a multi-rod assembly with
measured data available for single or two-phase pressure drop, axial and radial void fraction
distributions, and critical power for a wide range of system conditions. In this thesis, the
steady-state cross-sectional averaged void fraction distribution from BFBT experiments is used
as the input for inverse uncertainty algorithm, and the selected physical model’s Probability
Distribution Function (PDF) is the desired output quantity.
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1 Introduction

1.1 Best-estimate and uncertainty analysis

U.S. NRC (Nuclear Regulatory Committee) advocated Best-Estimate calculations for the
understanding of Emergency Core Cooling System (ECCS) performance during reactor
transients (U.S. NRC, 1989). The term “best-estimate” is used to indicate the attempt to predict
realistic thermal-hydraulics response of a reactor system. In terms of modeling
thermal-hydraulics transient problem, the NRC has developed and assessed several advanced
best-estimate code, including TRACE and RELAP5 (U.S. NRC, 2010; U.S. NRC, 2001). These
codes predict the major phenomena observed over a broad range of thermal-hydraulics and fuel
tests, such as Loss Of Coolant Accident (LOCA) and Reflooding, and could be used to perform

best-estimate calculations of Emergency Core Cooling System (ECCS) performance.

The conservative approach provides a bound to the prediction by considering extreme (bounding)
conditions. In a best-estimate calculation the model results should predict the mean of
experimental data. In addition, a best-estimate calculation should consider the effects of all
important variables whenever possible; if some variables are not possible or practical to consider
in a phenomenon, the effect of omitting these variables should be provided in the form of
computational uncertainty. In other words, this requires the analysis of uncertainty of a

best-estimate calculation.

Besides the specific requirements of a best-estimate calculation, analysis of uncertainty is also
important for code verification and validation (V&V). V&V are usually defined as a primary
means to assess the accuracy and reliability of simulations. Verification is separated into two
different groups: code verification and solution verification. The code verification assesses the
reliability of software code, while the solution verification deals with the numerical accuracy of
the computational model. In comparison, validation is defined as assessment of the physical
modeling accuracy of a computational simulation by comparing with experimental data.

Conceptually, verification is the process that ensures that the physical models are correctly



solved by the computer code, while validation is the process that ensures that the physical
models are suitable for predicting desired phenomena by comparison with experiment (U.S.
NRC, 1989).

The reliability of predictions of the system codes is closely related to the validation of their
physical models. For example, the accuracy of void fraction prediction in a Boiling Water
Reactor (BWR) is very important, because void fraction has a significant effect on the reactivity,
pressure drop, critical heat flux and many other phenomena which are relevant for safety margin
evaluation (Boyack, 1990). The uncertainties of code predictions should be provided along with
these predictions, which require an uncertainty analysis of the code by propagation of input

uncertainties to the output predictions.

Uncertainty is an estimation of scatter in a measurement or in a predicted (e.g. simulation) result,
usually determined with a certain level of confidence (often 95%) (Jaynes, 2003). Considering a
model’s prediction of output results as a function of uncertain input parameters, propagation of
uncertainty is the effect of the input uncertainties on the output results. In other words, this
quantifies the variation of the outputs due to the variation (range and distribution) of input
parameters. For example, for a variable measured in an experiment, the uncertainty due to
measurement limitations (limited number of measurements, instrument precision, etc.) will

propagate to the outputs.

Sources of uncertainty may include (Kennedy, 2001):

e parameter uncertainty/variability, which comes from the input parameters to the
computer model; either the exact value of the input parameters is unknown or there is
variability in the input parameters.

e model discrepancy, which comes from the lack of knowledge of the true physics behind
the phenomena. In this thesis, a framework based on Bayesian analysis is used to
quantify the uncertainty of physical models.

e numerical uncertainty, which comes from numerical errors and numerical
approximations, such as truncation error, runoff error, interpolation error, etc.

e experimental uncertainty, which comes from variability of experimental measurement.



Uncertainty is usually separated into two types:
e statistical uncertainty, which is due to the fact that the unknowns are different each time
we measure. Usually, statistical uncertainty is capable of being estimated using
probability distribution.

e systematic uncertainty, which is due to the fact that there are things that we do not know.

Despite a variety of sources of uncertainty, this thesis focuses on quantifying the model

discrepancy (physical model uncertainty) and their statistical uncertainties.

Uncertainty Analysis (UA) aims to quantify the overall uncertainty associated with the output as
a result of uncertainties in the input parameters (Neykov, 2006). There are basically two parts in
an uncertainty analysis: quantifying the overall uncertainties in outputs and quantifying the
uncertainties in the input parameters. The first part, called Forward Uncertainty Propagation
(Kennedy, 2001) is the process of quantifying uncertainties in outputs. It focuses on the influence
of the parametric (input) variability on the outputs. The second part, called Inverse Uncertainty
Quantification (Kennedy, 2001) is a process of estimating the discrepancy between the
experiment and mathematical model or estimating the values of unknown (input) parameters in
the model given experimental measurements of a system and computer simulation results.
Generally speaking, the inverse part is much more difficult than the forward part and sometimes
it is ill-posed, meaning there might not exist a unique solution for the inverse problem. In this
thesis, we are focusing on the inverse uncertainty quantification, and the forward uncertainty

propagation will be used to validate the framework and solution of the inverse problem.

Many methods are available for both forward and inverse problems. For the forward uncertainty
propagation, common methods (Lee, 2009), include Monte Carlo simulations (Mooney, 1997),
perturbation methods, polynomial chaos expansion (PCE), first-order reliability method (FORM),
and full factorial numerical integration (FFNI). For inverse uncertainty quantification, common
methods include likelihood-based methods such as Maximum-Likelihood Estimation (MLE)
(Scholz, 1985) and Bayesian-based methods (Gelman, 2014), such as Maximum A Posteriori
(MAP) and Markov Chain Monte Carlo (MCMC) (Gilks, 2005).



In this thesis, the Monte Carlo sampling simulations will be used for the forward problems and a
framework based on Bayesian analysis (MAP, MCMC) will be derived for the inverse problem.
Since the concept of likelihood is directly related to Bayesian analysis, a likelihood-based
method (MLE) will also be used for a consistency comparison with Bayesian-based methods
(MAP, MCMC). These methods will be demonstrated by estimating uncertainties in the physical
models used in TRACE code, such as interfacial drag coefficient, interfacial heat transfer

coefficient, etc.

1.2 Two-phase two-fluid model description

In the process of forward uncertainty propagation, possible input parameters may include
(Kennedy, 2001):
e Boundary and Initial Conditions (BICs), such as mass flow rate, inlet fluid temperature
(or inlet sub-cooling), system pressure and power (or outlet quality)
e Geometry, such as fuel rod diameter, the cladding thickness, flow area, etc.
e Physical model parameters used in the code, such as single-phase and two-phase heat
transfer coefficients, interfacial and wall friction coefficients, void drift model parameters,

etc.

The uncertainties and related Probability Density Functions (PDF) of BICs and geometry are
usually determined by the experimental team, manufacturing tolerances or sometimes are
suggested by researchers based on experience. With such information, forward uncertainty
propagation could be done with the help of uncertainty analysis packages, such as DAKOTA
(Giunta, 2007). However, PDFs for the physical models are the most important and the most
difficult to obtain. This is because the physical models closure relations are usually implemented
as empirical correlations directly in the computational code and are not directly available to the

code user for manipulation.

Two-Phase Two-Fluid (TPTF) model (Ishii, 2010) is used in several advanced reactor
thermal-hydraulics codes, including TRACE, RELAP5 and COBRA. The main difficulty in

solving a two-phase flow problem comes from our lack of understanding and modeling of the
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interaction mechanism at the interface between two phases. A number of correlations are used in
modeling the interfacial transfer mechanism (especially the interfacial momentum transfer) and

uncertainties in these correlations propagate to uncertainties in TPTF model predictions.

The conservation equations and the main correlations used in a TPTF model are described below.
TRACE uses the simplified conservation equations (lIshii, 2010), (U.S. NRC, 2010),

Conservation of mass,

0(agpg)

T +V. (agpgﬁg) = Fg (l)
@) .
=P AV - (apt) = T )

conservation of momentum,

a(a p 1_]) ) - > - g g —
gatg E+ V- (agpyUy,) = —agVP + agpgd — fi + fwg + Fg]/; ©)
a(a;ptzvz) + V- (a;p9,9) = —,VP, + a;p, G + f; + fwl + T lV; (4)

conservation of energy,

172
a[“gpg<eg+7g>] P V3 o s
— +V. [agpg(eg + E + ?)vg)] =qig t Qwg T Qag + Agpgg - Vg +
DB+ (i + fug) Vo ©)
172
5[061P1<€l+7[>] P v o
— >  *t V- [ap(e; + o + 7)171)] =dqy+ qwi + Qwsat T a1 + P19 -

B+ T hi+ (fi + fu) - Vi (6)
where, the subscript (g,1) denotes gas and liquid phase.

e agyq; :gas/liquid phase volume fraction, a = a, is void fraction.

e pg p; - gas/liquid phase density.

e U, :gas/liquid phase velocity.

e P : pressure.

e ¢4 ¢ :gas/liquid phase internal energy.
e g : gravity.
o fl : the force per unit volume due to shear at the phase interface.

o fiyg fur:the wall shear force per unit volume acting on the gas/liquid phase.
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e V : the flow velocity at the phase interface.

® qi4 qy - the phase interface to gas/liquid heat transfer flux.

®  qug qu: - the wall to gas/liquid heat transfer flux.

® qag qa -the power deposited directly to the gas/liquid phase.

* qusat - thewallto liquid heat flux that goes directly to boiling.

e hy,, h; :thevapor/liquid enthalpy.
Closure is obtained for these equations using normal thermodynamic relations and correlations
for phase change, heat source and force terms. The forces terms in momentum equations are cast

into the following forms using the correlations for friction coefficients (U.S. NRC, 2010). For

example,

fi = C;(%, — %)Y, — vl (7)

fivg = —Cug Tyl 7] ®
Where, C; is the interfacial drag coefficient, C,,, is the gas phase wall drag coefficient.
The heat transfer flux terms in the energy equations are formed with Newton’s law and the
correlations for heat transfer coefficients (U.S. NRC, 2010). For example,

GQwg = hwgaw(Tw — Ty) 9)

qig = higai(Tsy, — Ty) (10)
Where, a,, is the heated surface area per volume of fluid and a; is the interfacial area per unit
volume. h,,, is the heat transfer coefficient (HTC) for wall to gas phase. h;, is the interfacial
HTC at the gas interface. (T,,T,,Ts,) are the temperature of gas, wall and saturated vapor.

Similar forms exist for other heat transfer fluxes.

Closure relationships used to define these drag coefficients and heat transfer coefficients are
provided with TRACE code (U.S. NRC, 2010). Four coefficients are mainly analyzed in this
thesis: Single phase liquid to wall HTC, Subcooled boiling HTC, Wall drag coefficient and
Interfacial drag (bubbly/slug Rod Bundle-Bestion) coefficient. As an example, let’s take a look
at the Interfacial drag (bubbly/slug Rod Bundle-Bestion) coefficient. It is modeled as,

ay(1-a )3gAp 1-Colaty) _ _\? 2
=S (S o ) o a
9]

Where, Ap is the density difference between liquid and gas phases, (*) denotes area averaged
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properties. v, ; and C, are drift flux velocity and the distribution parameter. For a rod bundle,
vy, and C, are modeled as,

vg; = 0.188,/gApDy /pg (12)

Co =10 (13)
Where, Dy, is the hydraulic diameter.
Details about the modeling of other coefficients in TRACE are covered in the TRACE theory
manual (U.S. NRC, 2010). Note that uncertainties in Eq. (11-13) will propagate to the

uncertainties of the interfacial drag coefficient. It is the uncertainty of these coefficients that is
important in uncertainty analysis and is the focus of this thesis.

When these correlations were originally developed, their accuracy and reliability was studied
with particular experiments (Ishii, 1977) (Kaichiro, 1984) (Zuber, 1965). However, once these
correlations were implemented in a thermal-hydraulics code (e.g. RELAP5, TRACE) and used
for different physical systems, the accuracy and uncertainties information of these correlations
was no longer known to the code user. Therefore, further work to quantify the accuracy and the
uncertainties of the input physical models (correlations) is of critical need, which is the objective
of this thesis.

A valid experiment benchmark is necessary for both the forward uncertainty propagation and
inverse uncertainty quantification. One of the most valuable and publicly available databases for
the thermal-hydraulics modeling of BWR channels is the OECD/NEA BWR Full-size Fine-mesh
Bundle Test (BFBT) benchmark, which includes sub-channel void fraction measurements in a
full-scale BWR fuel assembly (Neykov, 2006). This thesis uses the BFBT benchmark to conduct

uncertainty analysis of the thermal-hydraulics code system TRACE.



1.3 Organization of the thesis

The organization of this thesis is as follows:

Chapter 1: Introduction.
This chapter introduces the requirements of uncertainty quantification in current
Best-Estimate calculations and available uncertainty quantification concepts and methods.
Because the main simulation tool used in this thesis is TRACE, the Two-Phase
Two-Fluid model used in reactor thermal-hydraulics codes is also described.
Chapter 2: Theory of parameter estimation.
In this chapter, Maximum Likelihood Estimation (MLE), Maximum A Posteriori (MAP)
and Markov Chain Monte Carlo (MCMC) are derived in detail.
Chapter 3: Numerical tests.
In this chapter, the previously derived algorithms are applied to three sets of synthetic
numerical data for verification.
Chapter 4: Application to BFBT benchmark.
In this chapter, the previously derived algorithms are applied to BFBT benchmark data to
estimate the probability distribution of two physical model parameters. The estimation
results are then validated by forward uncertainty TRACE calculations using estimated
distribution of model parameters.
Chapter 5: Discussion
In this chapter, the valuable features of MLE, MAP and MCMC algorithms are discussed.
Chapter 6: Conclusion
In this chapter, the main analysis and derivation conducted in this work is summarized.
Chapter 7: Future Work
In this chapter, some issues and limitations of MLE, MAP and MCMC algorithms and

possible future work are addressed.






2 Theory of parameter estimation

In this chapter, the theory behind the estimation of parameters of interest using Bayesian

Analysis is described in detail.

2.1 Notation and definitions

Before the derivation of algorithms, let us start with the clarification of several important terms.
Let X be the output quantity of interest (such as the void fraction in a thermal-hydraulics
experiment). Consider X be a continuous random variable. Let f(x; 5) be the probability

distribution function, where 6 is a parameter vector, such as the mean and variance of a random

-

variable. Itis the 6 that we usually need to estimate.

Here are the most important definitions that will be used through the thesis,
e Expectation (or mean). The expectation of a continuous random variable is defined as,
E(X) = [ xf(x; 6)dx (14)
where we usually denote E(X) as X.

e Variance. The variance of a random variable is defined as,

Var(X) = E((X — X)?) (15)

e Covariance. The covariance between two random variables is defined as,

Cov(X,Y) = E((X = X)(Y = Y)) (16)

e Covariance Matrix. If X,Y is replace with random vectors XY, respectively, the
covariance matrix is defined as,

Cov(X, V) = E((X -~ EC))(Y —E(Y)") (17)
where the superscript T is the transpose operator.

e Conditional Expectation. The conditional expectation represents the expectation value of
a random variable X given the value of another random variable Y, and is denoted as
E(X|Y).

e Minimum Mean Square Error (MMSE) estimator. If we are trying to estimate the

conditional expectation of random variable X using the given the observed value of
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random variable Y, a MMSE estimator X minimizes the expectation value of the square
of the error, that is

X=g(), g¥) minimizes E((X — g(¥))?) (18)
where, g(Y) is a function of random variable Y. Probability theory shows that it is
E(X|Y) that minimizes E((X — g(Y))?) and is the MMSE estimator.
Linear MMSE estimator. If we constrain our search for g(Y) in a linear function space,
meaning g(Y) = aY + b, we get the so called linear MMSE estimator, denoted as
E(X|Y),

X =EX|Y) = cov(X,V)cov(Y, V) {(Y -7+ X (19)
where, E(X|Y) isan approximationto E(X|Y), and

E((X — E(X|Y))?) = E((X — E(X|Y))?) (20)
note that the equal sign happens when X and Y are jointly Gaussian random
variables/vector.
Prior distribution. In Bayesian statistical inference, a prior distribution of a random
variable is the probability distribution that expresses our belief or experience about the
quantity before we observe some evidence. For example, we might have some
information (PDF) about the parameter vector 6, denoted as a prior distribution n(é).
Likelihood function. A likelihood function is a function of the parameters, such as g, ofa

statistical model and depends on the observed output x. Mathematically, the likelihood
of a parameter vector 6 given observed output x is defined as the probability of these
x happen given 6,

L(6|x) = f(x; 6) (21)
Posterior distribution. In Bayesian statistical inference, a posterior distribution of a

random variable is the distribution of this random variable conditioned on observed
evidence or output, it relates both the prior information n(é) and the likelihood L(§|x).
Mathematically, the posterior distribution, denoted as n(§|x), is calculated using

Bayesian’s theorem
9

L(8|x)(6)

GG = K (x)L(6|x)m(6) (22)

n(6|x) =

Markov process and stationary distribution. A Markov process is a random process X if

11



X is given at present, the future and the past of X are independent. If a Markov process
is aperiodic and irreducible, there exists a stationary distribution that the process will

converge to, starting from any initial state (Gilks, 2005). Mathematically,

Ty1 = TP (23)
lim 77[)]( = ﬁoo, Vﬁo (24)
k— oo

where, 7, 7., denotes the distribution at state k and stationary distribution, P is the

probability transition matrix selected for different problems.

The goal of this thesis, given the observed output quantities x (e.g. void fraction), is to estimate

the parameter vector 6 (e.g. input model uncertainty) based on our prior knowledge about 6.

2.2 Prior distribution

Based on our prior knowledge about the parameter vector 6, different prior distributions n(é)
might be chosen, including primarily non-informative prior distribution, conjugate prior
distribution, reference prior, etc. This thesis will focus mainly on non-informative and conjugate

prior distribution.

Non-informative prior: a non-informative prior distribution is applied when we have no prior
knowledge/preference about 6. Conceptually, we might say that since we have no prior

preference about g, the probability distribution of g is “even” everywhere.

For different forms of f(x; 5), the prior distribution might belong to a location parameter family
or a scale parameter family (Gelman, 2014),

e Location parameter. A parameter 8 belongs to a location parameter family if f(x;6)
has the form of ¢(x — 6). For example, in a normal distribution N(u,s?), the mean
value u is a location parameter, change in u does not affect the shape of the
distribution function. A prior distribution for location parameters is,

m(0) =1 (25)

e Scale parameter. A parameter 6 belongs to a scale parameter family if f(x;8) has the

12



form of 9‘1¢(§). For example, in a normal distribution N(u,o?), the standard
deviation o is a scale parameter. A prior distribution for scale parameters is,

() = % 6> 0) (26)

Conjugate prior: a conjugate prior distribution is applied if we expect the posterior distribution
to have same form as the prior distribution. Recall Eq. (22); to get the posterior distribution
m(6]x), a multi-dimensional integration is required to obtain K (x). However, it is usually very
difficult or not possible to do the integration analytically. If a conjugate prior distribution is used,
we can easily obtain the posterior distribution by replacing K(x) with the appropriate function

since we know the family that the posterior distribution belongs to.

For example, if X follows a normal distribution N(u,¢2) and 6 = (u,02), a conjugate prior
distribution for @ is available,

e If o2 isknown, the conjugate prior distribution for u is a normal distribution N(B,1?),

(1) = == exp(— LE0y 27)

2T 272
where, 3,72 are known hyperparameters associated with the prior information.
e If p is known, the conjugate prior distribution for g2 is an inverse-gamma distribution
r~(r/2,1/2),

- 1/2)7/? _ yl
n(0?) = I71(r/2,4/2) = S5 (6307 Vexp(- 7 (28)

where, r,1 are known hyperparameters associated with the prior information.
e If both u and o2 are unknown, the conjugate prior distribution for (u,o?) is
normal-inverse gamma distribution,
1 (ulo?) = N(B,0%/k) (29)
m,(0?) =T7Y(r/2,1/2) (30)
where, k is a known hyperparameter. The joint distribution of (u, a?) is,
n(u, 0%) = my (ulo?)ma(0?) (02)‘[(”1)/2“]&1){—% [k(u—B)? + A1}

(31)
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Conceptually, if we are to use a conjugate prior distribution, our prior knowledge about the

parameter 6 is the prior distribution family and hyperparameter set (8,7 or k,7,2).

General prior: for a specific problem, we might need a more general prior distribution than a
non-informative or conjugate prior distribution. For example, if we know that the parameter 6
is only physical on an interval [a, b] and we have no other information, we might want to use a
uniform distribution in the interval; if we know that the parameter 6 is always positive and is
most likely to be small, we might want to use a gamma/inverse-gamma or a lognormal prior
distribution. A general prior distribution adds difficulty to the overall analysis and parameter
estimation, but the estimation is likely to be more reasonable.

2.3 Posterior distribution

2.3.1 Posterior distribution: general form

Once we know the form of f(x;6) and the observed value x, we can calculate the posterior

distribution. Here, we assume X follows a normal distribution.

Let X = (X% X% ..,X/,..,X)) be a random vector of dimension J, where X/’s are
independent random variables and X’ follows a distribution f/(x/;6/). Since X/°s are
independent random variables, the joint distribution of X is,

F(216) = ITj=, f/(+);67) (32)
where, % = (x%,x2,..,x7,..,x)) and 6 = (81,62, ...,6/,...,67) are the output vector (e.g.

void fraction) and parameter vector (e.g. input model uncertainty), respectively.

Let x = (X;, Xy, ..., X;, ..., Xy) be N observed samples/outputs of random vector X and X;’s

are independent to each other. Then, by definition the likelihood function is,
L(BIx) =TT, F(E:6) =TI, IT-, £/ 67) (33)
Note that Eq. (33) is a general representation of likelihood function for / random variables with

each random variable have N observed samples.
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If we assume 6 has a prior distribution m(0), then we have the posterior distribution

represented as,
m(6]x) = K)m(@)L(6]x) = K®m (@) [T, [T, £/ (x5 67) (34)

where, K(x) is the integration constant defined in Eq. (22) and n(é) iIs the prior distribution.

2.3.2 Posterior distribution: normal form
For most cases we are dealing with normal distributions, meaning X’ follows normal
distribution. X’’s are assumed to be independent, therefore X has a joint Gaussian distribution,

denoted as fj; (%; 6),

> 1 J—uJy?
f16 (& 0) =TTy 7z expl— St ] (35)

where, 6 = ([ut, 0], ..., [0/, 0']).

The specific likelihood function is,

3 57 1 (o]~
LX) =TI fio (@i 6) = Ty Ty gy exPl= 7] (36)

Now we have a specific representation of the posterior distribution defined in Eq. (22), it is,

m(6]x) = K®)m(@)L(6]x) = K)m(6) [T, [T, v_l - exp[— (’j(;‘j‘)jjz]

37)

At this point, if given the observed samples xl’ and prior knowledge n(é), we are ready to
estimate the parameter vector 6 which is closely related to the uncertainties of our random

variable of interest X.

However, recall that the goal of this thesis is to estimate the uncertainties of physical model
parameters used in TRACE, such as drag coefficient and heat transfer coefficient. This raises two
important questions related to the above derivation. What are the random variables X that

represent the physical model parameters? What are the observed quantities x in reality?
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Since the physical model coefficients are our random variables of interest, it is clear that X/

should represent these physical model coefficients. Ideally, we would like to observe the value of

these physical model coefficients, meaning x{, in each specific experiment or calculation. In
practice, it is impossible to directly measure the physical model coefficients. A further step is

necessary to relate observable quantities to physical model coefficients ( X/).

2.3.3 Application implementation

The output quantity that we can observe/calculate in an experiment/calculation is temperature,
void fraction and pressure drop. Mathematically, these output quantities are a deterministic
function of the physical model coefficients, which means that the output quantities contain the
same statistical information as the physical model coefficients in certain conditions. The

necessary conditions are described below.

Let Y denote experimentally observable output quantity, such as temperature, void fraction and
pressure drop. Y should be a deterministic function the physical model coefficient X, which
gives,

Y =YX) (38)
The statement that Y contains the same information as X means: if we have observed samples
y, the following conditional distribution equation is correct under certain conditions,

n(6]x) = n(6ly) (39)

The necessary condition is that the function Y (X) is invertible.

Now, let’s consider the multi-variable case, meaning Y is a function of vector X,
Y = Y(X) (40)

where, following the previous notation, X isa J-dimensional vector.

First let’s consider a simple case J = 2 and then generalize the result to other dimension,
Yl =vi(Xx', Xx?) (41)

and let’s assume Y71 is a linear function of X,
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Y1 =Yy +a (X —x5) + a1 (X% — x§) (42)

where, a;,,a,, are used to denote the sensitivity coefficient of Y with respect to X!, X2, that

. vt . . . .
Is a;; =—— x5, x2 are nominal values of X1, X2, respectively. It is clear that the assumption

axJ’
shown in Eqg. (42) can be derived from Taylor series expansion. Since x},xZ are known
constants and a;,,a;, are also known constants (obtained from sensitivity analysis), to
simplify the notation let’s absorb x},x2 into constant Yj', Eq. (42) simplifies to,

Yl = Yol + a1'1X1 + a1'2X2 (43)

Note that Y alone contains less information than X1, X2. In other words, it is not possible to
invert Y! to obtain X!, X2. There are two ways to solve this problem, described in the

following two sections, 2.3.3.1 and 2.3.3.2.

2.3.3.1 MLE 1: multiple output variables
A possible solution is to have another random variable Y? that is also a deterministic function

of X1, X?. Following the same assumption as Y1, Y2 it simplifies to,

Y2 = YOZ + a2,1X1 + a2,2X2 (44)
Then, the condition to invert Y becomes,
a a
detA = det (a;’i a;’z) =0 (45)

where A is the sensitivity coefficient matrix. The condition shown in Eqg. (45) means the

sensitivity coefficient matrix is invertible.

This is easier to generalize after rewriting Egs. (43) and (44) in a matrix form,
Y =Y, +AX (46)
where, ¥ = (Y1, Y?)T and Y, = (Y&, Y2)".

Before continuing the derivation, it is useful to clarify Y! and Y?2. As said earlier, Y* and Y?
are output quantities (observables) in a thermal-hydraulic experiment, such as temperature, void
fraction or pressure drop. The choice of Y and Y?2 is not unique, but the condition shown in

Eq. (45) has to be satisfied and will be the main constraint in selecting Y! and Y2 when the
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inverse uncertainty algorithm is applied to a practical thermal-hydraulics problem.

Since Y contains the same information as X, we have,

n(6|%) = n(6]7) (47)

Because each component of X follows a Gaussian distribution and each component of Y is a
linear combination of X, Y follows a jointly Gaussian distribution. The following are the

statistical properties of Y,
1

i, =E®X) = (“2) (48)
U
IR Yi +aqut +aq o u?
ﬁy — E(¥) = < 02 1,1.“1 1,2.‘12) (49)
Yo +a 07 +az,u
N (0.1)2 O
z, = cov(X,X) = ( 0 (02)2) (50)

_ ooy ((@)?(0D? +(a12)%(0%)%  a11a21(01)? + a120,,(0%)°
2, =cov(Y,Y) =

a11021(01)% + a12a,,(0%)*  (az1)?(0")? + (az2)*(0?)?

(51)

Note that Y and Y? are usually not independent.
Now we rewrite Eq. (48) — Eq. (51) into a matrix form as,

/zy = ?0 + Afl, (52)

X, = AL, AT (53)
and the joint distribution of Y s,

sz 1 - 1,5 o 1= =
f@:6) =%y 2exp[—5 ( — i) "25 (V — fy)] (54)

To clarify, Table 1 gives a practical meaning of the most important variables.
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Table 1 Practical meaning of important variables

Variables | Meaning
input model parameter random variable

X

Y output random variable from experimental measurement
1?’0 output random variable from code prediction
E

A

random error of experimental measurement

sensitivity coefficient matrix

i, X, | mean and covariance matrix of input model parameter random variable

X mean and covariance matrix of output random variable

i., X, | meanand covariance matrix of random error of experimental measurement

Two additional considerations have to be made for completeness,
e Random error: in the previous derivation, random error of an experimental measurement
is ignored. The random error is usually assumed to be mean-zero and does not depend on
X orY.
e For different observed sample i, the sensitivity coefficient matrix and other quantities
might be different. This is modified in the following equations by consistently adding the

subscript i to relevant quantities.

The previous equations now become,

?i == ?O,i + AL)? + Ei (55)

iy = Yo + Aily (56)

2:y,i = AizxA}‘ + 2:e,i (57)
L 2 1 1 1,5 o PP

fi@:0) = %y 2exp[— 2 (F — dy,) 251 (F — fy,0)] (58)

If there are N sets of observed samples, the posterior distribution can be written as a function of

y. The assumption is that )7i’s are independent to each other,

=2 1 —l 1,5 > - = >
L1(8ly) =TT}y 5 |2yl 2expl—5 0 — fy,) 25 i O — fy)] (59)

=2 =, 1 —l 1,5 > - - >
7 @ly) = KRB Ty = 15 ] Fexpl— 2 (i — iy, 0251 G — iy, )] (60)

The subscript 1 in the likelihood function and posterior distribution denotes MLE 1, the

subscript i is used to denote i’th observed sample, while the superscript j is used to denote
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j’th variable.

Egs. (59) and (60) are the starting point for the following MLE, MAP and MCMC estimates.

2.3.3.2 MLE 2: assumption of independence between output variables

Though a single Y1 has less information than X1, X2, we usually have more than one observed
value of Y1, that is we have Y1, Y}, -, Yi. These Y;'’s contain enough information for
estimating X1, X?2. The issue is that Yl-l’s are correlated with each other and it is difficult to
obtain their joint distribution. In order to proceed, Y;*’s are assumed to be independent of each

other. Without confusion, let’s drop the superscript and denote the output variables as
Yl' Yz, ttey, Yvi, ttey, YN' then,

Yi = YO,i + A)l)? + Ei (61)

Uyi = Yo+ Ajy (62)

Syi = S AT + 35, (63)
L = 1 (Vi—ty,)?

Note that the difference between Egs. (55) — (58) and Eqgs. (61) — (64) is that /Tl- IS now a vector.

The posterior distribution can be written as,

Lo (1) = 11, Jmg expl— 252 (65)
ma(61y) = K)m(0) T mes expl— 220 (66)

The subscript 2 in the likelihood function and posterior distribution denotes MLE 2.

2.3.3.3 Difference between MLE 1 and MLE 2

Though Egs. (59) (60) and Egs. (65) (66) have similar form, they are not identical because of the
additional assumption used to obtain Eqgs. (65) (66). The difference is whether we deal with
multiple output variables (MLE 1) or single output variable (MLE 2). If we need to estimate ]
model parameters, we need to provide J output variables for solution of MLE 1 and a single

output variable for solution of MLE 2. The MLE 1 provides a chance to estimate the correlation
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between different input model parameters. The capabilities and limitations of each model are

discussed when these two solutions are applied to numerical data.

2.4 Maximum Likelihood Estimation and

Expectation-Maximization algorithm

We will derive solution algorithm for MLE with MLE 1 Eq. (59) and then generalize the results

to MLE 2 by replacing vectors and matrixes with scalars and vectors, respectively.

The idea behind MLE is to maximize the likelihood function to solve for the parameter vector 6.
Though direction maximization could be done using for example Newton’s method, an
Expectation-Maximization (E-M) algorithm (Malachlan, 2007) (Shrestha, 2015) is usually
applied to maximize the likelihood function. There are 2 steps in E-M algorithm,

e Maximization. Assuming the covariance matrix X, is known, 1, could be solved by

maximize the likelihood function.
Ty new = maxLy (6]y) (67)

e Expectation. Once the i, is obtained, the covariance matrix X, can be updated using

conditional expectation.

2:x,new = E[()_() - ax,new)()_() - ax,new)Tl}'] (68)
The reason that E-M algorithm works is that the likelihood is guaranteed to increase.

Since maximizing the logarithm of the likelihood function is the same as maximizing the
likelihood function itself, it is easier to proceed with maximizing the logarithm of the likelihood

function, called log-likelihood,

2 1 1,5 > _ - -
logL,(Bly) = XLy [— Slog|Zy | —log2m ——(y; — ity )2 — fy,)](69)

2.4.1 Maximization step
Note that the log-likelihood in Eq. (69) is a quadratic function of i, due to the particular

properties of Gaussian distribution. By taking a derivative of the log-likelihood with respect to
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i, and setting it equal be zero, we get a system of linear equations for solving fi,,

dlogL, (ly) _

o - 0 (70)
which gives,

MLﬁx = §L (71)
where,

M = <Z?’=1 (a1,1,0 a2,1,i)z;,11(a1,1,i: aZ,l,i)T i (a1,1,0 aZ,l,i)z;,%(al,Z,il az,z,i)T>
L=

Z?’=1 (a2, aZ,Z,i)Z;,:il (a1,1,0 aZ,l,i)T Zliv=1 (@12, az,z,i)z;,% (a1,2,0 az,z,i)T

(72)
B, = (Zg=1 (a1,1,ir az,1,i)23§ ():’:i - ):’:w)) (73)
Yi=1 (@11, 821,0)Z5,; Vi — Yo,i)
In the matrix form,
M, = ?’:1 A?z;,%Ai (74)
§L = §V=1 A'{zj_/,ll()_}i - 3_’)0,1') (75)

An update to fi, is obtained by solving Eq. (71).

2.4.2 Expectation step

Since the mean vector i, has been updated, the expectation step updates the covariance matrix

of X conditioned on the observed output Y,
(6)3ew = E[(X) — p)?|¥;] (76)
= E[(X/ =X/ + X/ — ) |¥]]
= E[(X/ — X)?|V] + E[(X — w))?|¥,] + E[(X) — X)X — u))|Y}]

where, X/ is the linear MMSE of X/ conditioned on Y.

Using the properties of linear MMSE, we have,
XJ = cov[X/, Vileov[¥,, Vi1 (¥; = fy,) + 1/ (77)
E[(X/ — X)2|Y] = cov[X/,X/] — cov[X/, ¥;]cov[V;, ¥;] tcov[YV, X/]  (78)
E[(X/ — w/)?|Yi] = {cov[X/, ¥]cov[V,, Vi (Vi — idy,)}* (79)

E[(X/ — X)X - u)I¥] =0 (80)
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Using the above substitutions, we get,

<!

(07)2ew = (69214 — cov[X/,¥;]cov[Y,, V;]"*cov[¥, X/] + {cov[X/, ¥,]cov[V;, ¥;]"1 (Y, —
iy} (81)

Since we have N sets of observed output, the effect of each set could be added to the update of
the covariance matrix by a simple average,
(0dew = (6314

+=3, (—cov[X/, ¥;]cov[V;, V] cov[¥, X/] + {cov[X, V]cov[V,, V] (¥, — iy, )}?) (82)

With the help of two new covariance matrixes, Eq. (82) could be written in a matrix form,

Zyi = covo?, YD) = Az, (83)
dzx = 1 ( z:xyl y}zxy,i + [ Xy, yl(yl /jyl)][ Xy, yl(yl ﬁy,i)]T)
(84)
1 ,.
Zynew = Zxold T N diag(dX,) (85)

Algorithm 1 shows the MLE algorithm.
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Algorithm 1 MLE (E-M) algorithm

©oNO A~ WDE

18.

Read data. A;, 171 170,1-.
Initialize matrix. X,,X,;, Z¢;, Zyy i
Initialize vector. fiy, fi,;
For k = 1:IterK
Initialize M, B
Maximization Step
For i=1:N
2,0 =AZAT +3Z,;

M=M+ATZ; A,

B =B+ A[%;1 (i — Jo.)
fo = M~'B
Expectation Step
For i=1:N

fyi = Yo, + Ailiy
2= AZA] 42,
oy = ATy

dz, =

dzx - z;‘y,iz;}zxy,i + [z;‘y,iz;}(j}i - ﬁy,i)] [zgy,iz;}(j}i - ﬁy,i)]T
I, = I, ++ diag(dZ,)

Note that since X/’s are assumed to be independent, the covariance matrix is only updated on

the diagonal element. However, if we have prior knowledge that these model parameters X are

correlated, this algorithm provides an opportunity to estimate the correlation terms in covariance

matrix. We will discuss the correlation term in details when the algorithm is applied to a

numerical experiment.

As for MLE 2, the algorithm could be easily obtained by replacing the covariance matrix and

sensitivity matrix with vectors and replacing vectors with scalars.
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2.5 Maximum A Posterior (MAP) algorithm
The main idea behind MAP is to maximize the posterior distribution for solving the parameter
vector 6. The difference between the likelihood function and the posterior distribution is the

prior distribution 7'[(5) and a constant K(y). Using the concept of Expectation-Maximization,
the MAP solution algorithm is derived in a similar way, by adding the effect of the prior

distribution.

Let M, §n be the coefficient matrix and source vector due to the effect of prior distribution,
respectively. M, §,T could be obtained by differentiating the logarithm of prior distribution. For

example, if the normal-inverse gamma prior distribution is used, M,T,E,, will be used in the
maximization step for solving fi, as,

k1 K/ K/

MTL’ = diag((o_l)zl"';(0_]’)21'";(0_1)2) (86)
= kgt kipJ kBt T
=L e ) ®7)

Using these correction terms, the MAP’s version of the coefficient matrix and source vector for
solving i, becomes,
M,=M,+M, (88)
B, =B, +B, (89)
where, the subscript p denotes posterior distribution. Then the MAP algorithm is shown in
Algorithm 2.
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Algorithm 2 MAP (E-M) algorithm

©CoOoNOoO O~ wWDdE

-
©

ol el
w e

O e e N el
© © o N oA

21.

Read data. A;, 171 170,1-.

Initialize matrix. X,,X,;, Z¢;, Zyy i
Initialize vector. fiy, fi,;

Choose a prior distribution.

For k = 1:IterK

Initialize M, M, B, E,T

Maximization Step

For i=1:N
2:y,i = AizxA}‘ + 2:e,i
M=M+A[Z; A,
B=B+ A’{z;}(}—}»i — Vo)

M=M+M,

B=B+B,

fhy = M~'B

Expectation Step

For i=1:N
fyi = Yo, + Ailiy
Zyi = AZ AT + Z;

2:xy,i = A Xy
dz, =
dzx - z;‘y,iz;}zxy,i + [z;‘y,iz;}(j}i - ﬁy,i)] [z

I, = I, + - diag(dZ,)

2.6 Markov Chain Monte Carlo (MCMC)

Recall that the MLE and MAP algorithms developed thus far are based on the particular
properties of the normal distribution, the conjugate distribution and the linearity assumption. If
any of these conditions are not satisfied, the application of MLE and MAP would be difficult
because we would not be able to obtain an explicit analytical form of the likelihood function and

posterior distribution. The MCMC process solves this problem.

Recall that the posterior distribution n(5 ly) can be generalized as the following form,

However, difficulties exist in calculating K(y), m(6) and L(6|y) when the distribution of Y

n(6ly) = K(y)m(6)L(6y)

and the posterior distribution is general:

o L(§|y). Recall that in the derivation of MLE and MAP, X is assumed to follow a
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Gaussian distribution and thus Y also follows a Gaussian distribution with an additional
linearity assumption. If these assumptions are not satisfied, analytical maximization of

the likelihood function becomes impossible.

e 7(6). In the previous derivation, 7(6) is differentiable in real space R or positive real
space R* to ensure that the analytical differentiation is possible. However, in practice
the parameter vector might only be physical on a certain interval. For example, in
estimating a model parameter (e.g. subcooled boiling heat transfer coefficient), we have
prior knowledge that the correct value of this model parameter should be close to the
nominal value used in the code and should always be positive, but this prior knowledge is
difficult to be considered in MLE and MAP algorithm.

e K(y). Unless a conjugate prior distribution is used, which depends on the distribution
family of X, the constant K(y) is obtained with a multi-dimensional integration as

given in Eq. (22). This integration is both analytically and numerically difficult.

These difficulties can be overcome using MCMC process. The idea behind MCMC is to sample
the posterior distribution without knowledge of the explicit form of the posterior distribution.
This sampling is implemented by using an iterative Monte Carlo sampling, which usually forms
a Markov Chain. We need to devise an aperiodic and irreducible Markov Chain that converges to

the posterior distribution of interest, that is to devise the probability transition matrix P.

Many sampling methods exist, such as Metropolis-Hastings sampling, Gibbs sampling and other
advanced methods (Gilks, 2005). Among these methods, Metropolis-Hastings sampling (Chib,

1995) has the least requirements on the posterior distribution and will be used in this thesis.

Metropolis-Hastings algorithm

Let’s start with a posterior distribution 7(8|y) which only has a scalar parameter 6. In order to
proceed, a proposal distribution g(&|6;) is needed, where & is a dummy variable used to
denote a random process. This proposal distribution gives the rule of how the Markov Chain
proceeds given a current state 6,. The Metropolis-Hastings algorithm proceeds in three main

steps:
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1. Sample a proposal variable & from g(&|6;).

2. Calculate the acceptance probability.

_ i1 ZEWI6D !
7(§,0k) = min{l, ~ g )

3. Accept (By4q = &) ordrop (041 = 8y) with probability r(¢,0,).

The following Algorithm 3 shows these steps.
Algorithm 3 Metropolis-Hastings algorithm: 1-D

1. Initialize 6,.

2. Choose the proposal distribution.

3. For k = 0:1IterK

4. Sample a proposal variable & from g(&]6y).
5

6

7

lculate th robability. 7 = min{1, ZCICkIE).
Calculate the accept probability. 7 = min{ ln(9k|Y)g(f|9k)}

Sample a uniformly distributed random variable n in [0,1].
If (n <71), 0,,, =&, else continue.

The algorithm could be different for different forms of posterior distribution and choice of
proposal distribution. If the proposal distribution were close to the posterior distribution, the
algorithm would be more efficient because more proposed random variables would be accepted.

For multi-dimensional parameter vector 6, 6 can be sampled element by element using the
Metropolis-Hastings algorithm:

1. Sample a proposal variable &, from g,,,(|6km).

2. Update the proposal element &, to the m™ element of parameter vector §k as «,3

-

§ =0k, 0k2 " $m Okmer, ) (92)
3. Calculate the acceptance probability.

> = . E1Y)gm Ormlém)
6,) = 1,523 ' 93
T O = min{, s ol Bm) ®3)

4. Accept (Oxt+1m = &m) Or drop (Bx+1.m = Okm) With probability r(f, §k).

The multi-dimensional version of the sampling algorithm is shown in the following Algorithm
4.
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Algorithm 4 Metropolis-Hastings algorithm: Multi-dimensional

Initialize 50.
Choose the proposal distribution.
For k = 0:IterK
For m=1:M
Sample a proposal variable &, from g,,,(|6km).
Update the m™ element of §k with &, as 5
E1y)gm Gremlém)

(k1Y) gm &m0k m)
Sample a uniformly distributed random variable n in [0,1].

If (n <7), Oki1.m = &m, €1se continue.

Calculate the accept probability. r = min{1,

WO N o ugkwnE

2.7 Summary of Chapter 2

In this chapter, detailed derivation is provided for the Maximum Likelihood Estimation (MLE),
Maximum A Posterior (MAP) method and Expectation-Maximization (E-M) algorithms. In
addition, the concept of Markov Chain Monte Carlo (MCMC) and the Metropolis-Hastings
sampling method for MCMC is provided.

Variations on these algorithms include different methods of processing output variables (single
or multiple), output correlations (independent or correlated) and prior distributions (none,
conjugate, non-informative or uniform). A summary of possible variations and their capabilities
are listed in Table 2.

Table 2 Summary of various algorithms

Algorithms Output variables  Output Correlation Prior distribution
MLE 1la multiple independent N/A

MLE 1b multiple correlated N/A

MLE 2 single independent N/A

MAP 1 multiple correlated conjugate
MAP 2 single independent conjugate
MCMC 1 multiple independent non-informative
MCMC 2 multiple independent conjugate
MCMC 3 multiple independent uniform

In the following Chapters, we will test these algorithms with numerical data (with known

solution) and then apply them to an experimental benchmark (without known solution).
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3 Numerical tests

Before the algorithms are applied to an experimental benchmark data, we will first test the three
algorithms (MLE, MAP, MCMC) with a set of numerical data.

3.1 Numerical data

Recall from Table 1, a numerical data set (ﬁ,?o,i,Ai. Ei) is needed as input to the algorithm.
The input random variable X is to be estimated. For the numerical test the distribution of X is
known. Then, (17l-, ?O,irAifEi) will be generated randomly and related to X. Table 3 summarizes

how the data are generated.
Table 3 Creation of data for the numerical test of MLE, MAP, MCMC

Variables Meaning Data
X input model parameter sampled from (i, Z,)
E; error from experiment measurement sampled uniformly from &, * [—0.5,0.5]
i covariance matrix of error 1/12 % g = 1
A; sensitivity coefficient matrix sampled uniformly from a, * [—0.5,0.5]
?O'i output from code prediction sampled uniformly from y, * [—0.5,0.5]
Y, output from experiment measurement ¥, = ?O’l. +AX; +E

In Table 3, &, ay, ¥, are used to denote the intensity of these random variables. By adjusting
£0, a0, Yo and (i, X,, various numerical data can be produced. For testing purposes, three

primarily set of data are created using the parameters shown in Table 4.
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Table 4 Numerical data sets

Variables DATA-I DATA-II DATA-III
X Independent Gaussian ~ Correlated Gaussian  Independent Uniform
it —-2.0 +£2.0 —-2.0+2.0 —-2.0+ 2.0
r=x 20+4.0 20+ 4.0 20+4.0
Correlation 0.0 0.5 0.0
& 2.0 2.0 2.0
ao 5.0 5.0 5.0
Yo 10.0 10.0 10.0
(N,]) (100,2) (100,2) (100,2)

As shown in Table 4, DATA-I and DATA-II are created using jointly Gaussian distributions
without and with correlation, respectively; DATA-III is created using an independent uniform

distribution, which should be difficult to estimate using both MLE and MAP algorithm. Note that

the ratio of ¢, to y, represents the relative error of the measurement, which could be freely

adjusted.

3.2 MLE test results
After applying the MLE algorithm to the three sets of data, the statistical properties of the input

data X are estimated (Table 5). All iterations were started with a zero mean vector and identity

covariance matrix.

Table 5 Comparison of estimated solutions from different MLE algorithms

Algorithm Variables DATA-I DATA-II DATA-III
S Indepen_dent Correlqted Independent Uniform
Gaussian Gaussian
Exact P +g —-2.0+ 2.0 —2.0+2.0 —-2.0+ 2.0
Hx T Ox 2.0 + 4.0 2.0 + 4.0 2.0 + 4.0
correlation 0.0 0.5 0.0
S o -2.27 + 2.07 -2.28 + 2.05 -1.87 + 2.10
MLE1a A E% 160 + 387 141 + 4.05 2.06 + 4.04
correlation N/A N/A N/A
S s -2.27 + 2.07 -2.28 + 2.07 -1.86 + 2.10
MLE1b HxE% 160 1 387 141 + 4.09 2.06 + 4.04
correlation 0.03 0.57 -0.03
S 5 -2.14 + 1.73 -2.17 + 1.66 -1.70 + 2.12
MLE2  HxE0% 147 1 420 117 + 4.22 2.23 + 4.10
correlation N/A N/A N/A
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Figure 1 shows how the likelihood function converges with the E-M iterations for DATA-II, the

convergence profile is similar for other data set. Figure 2 shows the comparison between

estimated solutions of different data sets and algorithms. Based on the likelihood convergence

profile and the estimate results comparison, the following statements can be made,

The likelihood function. Regardless of different solution algorithms and different data sets,
the likelihood function is increasing monotonically with the E-M iteration. This is desired
behavior because we want to maximize the likelihood function, which verifies the
reliability of the algorithms. For the data sets used, the likelihood function converges to a
maximum after about 20 E-M iterations, the number of iterations depends on specific
data.

The mean value estimation. Regardless of different solution algorithms and different data
sets, the mean values are estimated consistently close to the exact solution (-2.0, 2.0). The
deficiency in the estimation of different solution algorithm comes from the random error
(g0) and the limited number of data (N).

The covariance matrix estimation. Regardless of different solution algorithms and
different data sets, the variances are estimated close to the exact variances (4.0, 16.0).
However, the estimation of MLE 1a, 1b is better than the estimation of MLE 2. Besides,
MLE 1a, 2 are not capable of estimating the correlation terms, while MLE 1b finds the
correlation terms very well. The MLE 1b is better compared with MLE 1a.

The random error. For the purpose of this study the correct (exact) covariance matrix of
the error is used when the algorithms are applied to the data. If the information about the
error is incorrect or not known, the estimation of the covariance matrix (X,) of input

model parameters will be worse.
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Figure 1 Likelihood function convergence of DATA-II: MLE test
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Figure 2 Comparison between estimated solutions of different algorithms with DATA-II

3.3 MAP test results

3.3.1 Prior distribution

As mentioned earlier, a conjugate prior distribution is chosen for the MAP algorithm. Since X is
assumed to be jointly Gaussian distribution, the prior distribution is chosen to be normal-inverse

gamma distribution,
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m(6) < [Ty [(6)2 7D/ exp(——= [k (u/ = B2+ X]}  (94)

2(ah)2

Our prior knowledge is indicated by the hyperparameters (r/,k/, 3/, 2). For example, 8’/ and

yi . . . . P
r?—_z is our prior knowledge of the expected value of p/ and (¢/)2. Usually r/ is chosen to be

3, thus A/ is the expectation value of (¢/)2. Table 6 gives the values of the hyperparameters

used in the following MAP calculations.

Table 6 Hyperparameter values used in MAP estimates

Variables Meaning Value
7 shape factor of normal-inverse gamma distribution (3,3)T
k shape factor of normal-inverse gamma distribution (1.0,1.0)T
5 expectation value of prior (—2.0,2.0)T
1 expectation value of prior g2 (4.0,16.0)T

Note that exact value of the mean and variance of X is used for E and 1.

3.3.2 Estimation results
Using the hyperparameters given in Table 6, the MAP algorithm is applied to the data sets and

the estimation results are shown in Table 7.

Table 7 Comparison of estimated solutions with different MAP algorithms

Algorithm  Variables DATA-I DATA-II DATA-III
5 Independent Correlated Independent
X Gaussian Gaussian Uniform
Exact : g —2.0+ 2.0 —-2.0+2.0 —-2.0+ 2.0
Hx T Ox 2.0 + 4.0 2.0 + 4.0 2.0 + 4.0
Correlation 0.0 0.5 0.0
- 5 -2.26 + 2.04 -2.27 + 2.04 -1.86 + 2.07
MAP 1 Hx £ 0 161 + 381 142 + 403 206 + 3.98
Correlation 0.03 0.58 -0.03
- 5 214 £ 171 -2.17 + 163 -1.71 + 2.09
MAP 2 Hx £ 0 147 + 413 117 + 416 223 + 4.04
Correlation N/A N/A N/A

The results show that the estimation results from MAP algorithm are close to the exact solution.
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MAP 2 results have larger error on the estimation than MAP 1, just like what was observed with
the MLE algorithm.

3.4 MCMC test results

As was described in Section 2.6, MCMC algorithm requires a prior distribution, likelihood

function and a proposal distribution.

3.4.1 Proposal distribution
The proposal distribution affects the efficiency of the sampling scheme, which means that if the
proposal distribution is close to the posterior distribution, the sampling scheme is more efficient
because more sampled data will be accepted. However, for the purpose of this thesis, the
efficiency of the sampling scheme is not the goal. To simplify the problem, the proposal
distribution is chosen to be a Gaussian distribution,

9(16:)~N(6y, 0%) (95)
where ¢? is the variance data sampled at the previous step. This proposal distribution is also
called the independent proposal distribution, because

9OKIE) _
o€l (%)

3.4.2 Prior distribution
Three types of prior distribution mentioned in Section 2.2 are tested, including non-informative
prior, conjugate prior and general prior. Table 8 summarizes the prior distributions used in
this thesis.

Table 8 Prior distribution used in MCMC test

AlgorithmsPrior type Prior distribution
i i AN — 11/ 1
MCMC 1 Non-informative r(g) = IT-, 7
- - . _ i 1 . .
MCMC 2 Conjugate m(6) « H§=1 [(67)2] 707+ D/2+ ] exp(— T [kJ (! —
A7)+ M1}
MCMC 3 Uniform 0, distribute uniformly in [ay, by ]

The conjugate prior distribution is chosen to be the same as the prior distribution used in the
MAP algorithm. For general prior distribution, a multi-variable uniform distribution is chosen. A
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uniform distribution is chosen due to the fact that we might have a prior knowledge that the
model parameters of interest only exist in a certain interval. In this MCMC test, because the
exact mean values are (—2.0,2.0) and variances are (4.0,16.0), [ay, bx] IS chosen to be
[—4.0,4.0] and [0, 36], respectively.

3.4.3 Test results

Presently, the correlation between elements of X is not estimated in MCMC algorithm. The
following figures and table gives the sampling results. The number of samplings in each case is
20000.

Figure 3 shows an example of the sampled distribution of i, and X, using uniform prior
distribution. Table 9 shows the estimation results obtained from the sampled distribution. The
sample average of the sampled i, and X, is used as the estimation of i, and X,,
respectively. Though the sampled distributions are different using different prior distribution, the
estimation results are close to the exact solution. This is because the data are created with exact
(known) distribution and sufficient data points (N = 100 in this case) are used in the estimation.
This means that if enough data points are available, the prior distribution has little effect on the

estimation. This is also true for the MAP estimation.
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Figure 3 Sampled distribution of 6 using uniform prior distribution for DATA-II

Table 9 Comparison between estimated solutions with different MCMC algorithms

Algorithm Variables DATA-I DATA-II DATA-III
S Indepen_dent Correla_lted Independent Uniform
Gaussian Gaussian
Exact P +g —2.0+2.0 —-2.04+2.0 —-2.0+ 2.0
Hx T Ox 2.0 + 4.0 2.0 + 4.0 2.0 + 4.0

correlation 0.0 0.5 0.0

S 5 -2.26 + 2.11 -2.29 + 2.08 -15 + 214

McMc1 10 153 4 392 141 + 4.12 2.08 + 4.09
correlation N/A N/A N/A

S 5 -2.26 + 2.07 -2.28 + 2.04 -1.86 + 2.10

McMc2 Hxt0x 150 + 387 1.41 + 4.05 2.04 + 4.04
correlation N/A N/A N/A

S 5 -2.26 + 2.13 -2.28 + 2.11 -1.88 + 2.17

McMc3 M E% 160 4+ 397 143 + 417 2.06 + 4.15
correlation N/A N/A N/A
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3.5 Summary of Chapter 3

In this chapter, three data sets with different distribution were created for testing purposes. The
data sets were created to be as practical and comprehensive as possible by considering different
distribution types, correlation between variables and the error (or noise) found in real data. These
data points were then used in testing MLE, MAP and MCMC algorithms.

For these data sets, estimations by all three types of algorithm (MLE, MAP and MCMC)were
reasonably close to the exact solution, however some algorithms may have larger differences
between the exact and estimated solution. For example, MLE, MAP 1la, 2 and MCMC
algorithms are not capable of estimating the correlation between variables, whereas MCMC is
capable of estimating a general prior distribution, which is very useful when the algorithm is

applied to practical data.
In terms of the estimation results, no significant difference was observed between different

algorithms, because sufficient data points were used. In other words, prior knowledge is not the
most significant criterion if the number of data points is large enough.
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4 Application to BFBT benchmark

One of the most valuable publicly available databases for the thermal-hydraulics modeling of
BWR channels is the OECD/NEA BWR Full-size Fine-mesh Bundle Test (BFBT) benchmark,
which includes sub-channel void fraction measurements in a representative BWR fuel assembly
(Neykov, 2006). In this chapter, the BFBT benchmark data will be used to conduct inverse
uncertainty quantification of physical model parameters in the thermal-hydraulics code system
TRACE, using methods developed in previous Chapters. Then, the results will be validated by a
forward uncertainty propagation analysis using the probability density functions obtained from

the inverse uncertainty quantification.

This Chapter is organized to follow the order of performed the analysis:
e Section 4.1: Description of BFBT benchmark.
e Section 4.2: Accuracy analysis (AA) of TRACE prediction.
e Section 4.3: Sensitivity analysis (SA) (Gajev, 2014) of model parameters.
e Section 4.4: Validation of linearity assumption.
e Section 4.5: Inverse uncertainty quantification (1UQ) with MLE, MAP and MCMC.
e Section 4.6: Validation of MLE, MAP and MCMC results.
e Section 4.7: Summary of the Chapter.

4.1 Description of BFBT benchmark

The BFBT benchmark is a valuable benchmark for the sub-channel analysis of two-phase flow in
BWR rod bundles. This benchmark is specified such that it can be used to compare numerical
predictions of system, sub-channel or CFD void distribution and critical power to full-scale
experimental data on a prototypical BWR rod bundle. The void distribution and critical power
has been measured in the BFBT facility in a multi-rod assembly with typical BWR reactor power
and fluid conditions. The facility is able to simulate the high-pressure, high-temperature fluid
conditions found in BWRs. An electrically heated rod bundle was used to simulate a full-scale
BWR fuel assembly (Neykov, 2006).
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There are two types of void distribution measurement systems: an X-ray CT scanner and an
X-ray densitometer shown in Figure 4. Three X-ray densitometers (DEN #3, #2 and #1) are
located at three axial elevations within the heated section. The X-ray CT scanner is located 50
mm above the heated section. Under steady-state conditions, fine mesh void distributions were
measured using the X-ray CT scanner. The X-ray densitometer measurements were performed at
three axial elevations. In the BFBT benchmark data library, the measured fine mesh void
distributions were also processed to give the cross-sectional averaged void fraction, which is
used in this thesis for comparison with TRACE predictions. Both transient and steady-state void

fractions were measured (Neykov, 2006), but only steady-state measurements are used in this
thesis.

CT

= / o
X-ray tube S
X-ray CT scanner (

oo/

~

DEN#1
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X-ray tube _|1
- r(/\,"\ -
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7 rr»—f_‘
\ 7
. '\ *r,,.“;/
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\ v )
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Figure 4 Void fraction measurement, 4 axial elevations are denoted by the measurement systems’

name: DEN #3, DEN #2, DEN#1and CT

Two types of BWR assemblies are simulated in the BFBT test facility, a current (contemporary

to the experiment) 8 x 8 fuel bundle and an 8 x 8 high burn-up bundle. There are five
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different bundle geometry and power profile combinations that were tested in the void
distribution experiments. Figure 5 summarizes the assembly types (identified as Type 0 through

Type 4) used in the void distribution measurements.

Test assembly No. (0] 1 2 3 4
Current use 8x8 High burnup 8x8
Q00000 Q0 (eYsleleleleleTe)
00000000 00000000
Fuel Type 20008000 SO0 @000
Q00® 1] {elele) (o]
00000000 88888888
88888888 OO0000000
Planar power Uniform Simulated design | Simulated design | Simulated design | Simulated design
profile profile profile profile profile
Ax;)orlogﬁ\ger Uniform Cosine Half-cosine inlet peak Uniform
Heated length Full Full Half Full Full
Axial powe
distribution
Axial
Power 3 ) I 1 1 1 1 1 1 1

Figure 5 Test assembly and radial power distribution used for the void distribution measurements
(Neykov, 2006)

4.2 Accuracy analysis of TRACE prediction

The accuracy analysis aims to compare the TRACE predictions with experimental measurement.
Five types of assembly bundles are modeled in TRACE to predict the cross-section averaged
void fraction. TRACE void fraction predictions are obtained at four axial elevations
(corresponding to DEN#3, DEN#2, DEN#1 and CT) and compared with the experimental
measurement data. Each case has different thermal-hydraulic conditions (pressure, inlet
temperature, flow rate and power). The range of experimental conditions used in this work is
shown in Table 10. The void fraction comparison is shown in Figure 6.
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Table 10 Variation of experimental conditions (Neykov, 2006)

Parameters Variations
Pressure (MPa) 3.9-87
Inlet temperature ( °C) 238 - 292
Inlet subcooling (kJ/kg) 50. - 56.
Flow rate ( t/h) 10. - 70.
Power (MW) 0.62-7.3
Exit quality (%) 8-25

Exit void fraction (%) 45 -90

Figure 6 shows a comparison between the predicted and measured void fraction at four axial
elevations (DEN #3, DEN #2, DEN #1 and CT). Overall TRACE captures correct trend. In
general, TRACE predictions for the lowest and highest axial elevations (DEN #3 and CT) are
close to the measurement. However, TRACE predictions in the middle elevations (DEN #2 and
DEN #1) tend to under-estimate the void fraction, with an absolute difference of about 5-10%.

Both measurement and TRACE uncertainties contribute to the difference.
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4.3 Sensitivity analysis of model parameters

Many parameters contribute to the uncertainties in TRACE prediction. The focus of this thesis is
the internal physical model parameters used in TRACE. TRACE (version 5.0 Patch 4) includes
options for uncertainty quantification by allowing the adjustment of 36 physical model
parameters from the input file. Following a sensitivity analysis of all 36 physical models, Table
11 (Hu, 2015) shows four parameters that are the most important (most sensitive) for void
fraction prediction. Sensitivity analysis shows that other physical model parameters, such as
liquid to interface bubbly-slug heat transfer coefficient and nucleate boiling heat transfer
coefficient, have little to no effect on void fraction prediction. These coefficients are not shown
in Table 11.
Table 11 Sensitivity coefficients  for Test assembly 4 at 4 axial locations (U.S. NRC, 2010)

Parameters DEN#3 DEN#2 DEN#1 CT

Single phase liquid to wall heat transfer -4.22 -0.36 -0.20 -0.03
Subcooled boiling heat transfer -10.77 -0.38 -0.20 -0.03
Wall drag -0.63 -1.28 -1.66 -2.97
Interfacial drag (bubbly/slug Rod 0.73 1.94 2.25 0.93

Bundle-Bestion)

T: Sensitivity coefficient = i—ié * 100%

Table 11 shows an example of the calculated sensitivity coefficients. In the table, a
positive/negative  sensitivity coefficient means that the predicted void fraction
increases/decreases with the parameters. From the sensitivity coefficient, we see that different
coefficients dominate at different locations. The sensitivity of single-phase liquid to wall heat
transfer coefficient decreases greatly at higher axial positions, because the single-phase liquid
exists primarily in the lower regions. Similarly, the subcooled boiling heat transfer is only
dominant in lower positions where subcooled boiling would occur. However, the drag force
tends to dominate in higher positions, thus the sensitivity is larger there. The sensitivity
coefficients are different for different thermal-hydraulic conditions and assembly geometry.
These four physical models are observed to be important for all BFBT cases. The sensitivity
coefficients are necessary for the sensitivity coefficient matrix (A) for MLE, MAP and MCMC

algorithm.
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4.4 Validation of linearity assumption
Thus far, we have prepared necessary data for inverse uncertainty quantification by performing

accuracy analysis (Y,Y,) and sensitivity analysis (A). However, the inverse uncertainty
quantification using MLE, MAP and MCMC relies on the linear assumption made in Eq. (42). It

is very important to validate this assumption prior to application.

Linearity relation in location DEN #3 assembly 4 Linearity relation in location DEN #2 assembly 4

T T T T
—&A— Single phase heat transfer
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Figure 7 Validation of linearity assumption for physical model parameters

Figure 7 shows the relation between the predicted void fraction and the four model parameters:
single-phase heat transfer coefficient, subcooled boiling heat transfer coefficient, wall drag
coefficient and interfacial drag (bubbly/slug Rod Bundle-Bestion) for one case. Figure 7(a)
shows that for void fraction prediction at the lowest axial position (DEN #3), the linearity
assumption is valid for a +0.5 variation of model parameters. Figure 7(b) shows that for void
fraction prediction at the middle of heated section (DEN #2), the linearity assumption is valid for
a smaller variation of model parameters. The results are qualitatively similar for other axial
locations and other test cases. For this work, we use the model parameter variation of [-0.5, 0.5]

as the range where the linearity assumption is valid.
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4.5 Inverse uncertainty quantification with MLE, MAP and

MCMC
Before we can apply the MLE, MAP and MCMC algorithm, we also need information for the

random error of the experimental measurement. In this work, we assume the experimental error

is uniformly distributed on [-5, 5].

Many data sets could be used for the inverse uncertainty quantification algorithm. For the
purpose of this thesis, we use the data from Test assembly 4 axial location DEN #3. Two model

parameters, subcooled boiling heat transfer coefficient and interfacial drag (bubbly/slug Rod

Bundle-Bestion), are chosen as the X random variables because they have the largest sensitivity

coefficients.

4.5.1 Criterion for selecting test cases
Some cases in the BFBT benchmark are invalid for inverse uncertainty quantification calculation,
and there are two main reasons why. One reason is that the measured void fraction is obviously
wrong, in some cases being less than 0 or larger than 1. The other reason is that the sensitivity
coefficient is too small, which makes the sensitivity coefficient matrix (A) close to singular.
Three criteria are implemented to select appropriate test cases:

1. The measured void fraction should be positive.

2. The predicted void fraction should be positive.

3. The absolute value of the sensitivity coefficient should be larger than a pre-set tolerance

(0.1 in this work).

4.5.2 Inverse uncertainty quantification results with MLE

We apply the MLE algorithm with the data obtained in the previous sections. The results are
listed in Table 12.

Table 12 Estimated distribution of two model parameters with MLE

Algorithms Subcooled boiling HTC Interfacial drag(bubbly/slug) Correlation

MLE 1la 1.15 £ 0.05 1.70 £ 0.15 N/A
MLE 1b 1.15 £ 0.05 1.70 + 0.17 0.31
MLE 2 117 +1.36 1.76 + 0.49 N/A
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Three MLE algorithms give consistent results for the mean value of the model parameters, but
the algorithm MLE 2 gives a significantly higher variance. The mean value is a translation
parameter estimated by the maximization step and has little dependence on the variance
estimation. The algorithm MLE 2 gives a larger variance because of the independence
assumption between the output variables. Another observation is that the correlation calculated

by MLE 1b shows that these two model parameters are loosely and positively correlated.

4.5.3 Inverse uncertainty quantification results with MAP

The application of MAP algorithm requires that we provide the hyperparameters of the conjugate
prior distribution, which have to be estimated by some prior knowledge. The results from MLE
estimation is a good choice if the MAP algorithm is applied to different data. If the same data are

used, we should provide some prior knowledge.

Table 13 shows the assumption of the conjugate prior distribution. Because we do not have prior
information on the expectation value of prior i and &2, they are both assumed to be 1.0. A
mean value of 1.0 means the model parameters should not be adjusted. This is a critical
limitation for the application of MAP algorithm.

Table 13 Value of prior distribution hyperparameters used in MAP application

Variables Meaning Value
7 shape factor of normal-inverse gamma distribution (3,3)T
k shape factor of normal-inverse gamma distribution (1.0,1.0)T
ﬁ expectation value of prior fi (1.0,1.0)T
1 expectation value of prior 52 (1.0,1.0)T

The MAP results are shown in Table 14. We see that because of our prior information, the
estimated mean value of the two model parameters is closer to 1.0 compared with MLE
estimation . In addition, the estimated correlation is smaller, because the two model parameters
are independent in prior distribution. If different prior distribution is used, the estimation results
will change. For example, based on accuracy analysis in Section 4.2, we might be able to
qualitatively estimate what the prior distribution should be and then choose more appropriate

prior distribution.

47



Table 14 Estimated distribution of two model parameters with MAP

Algorithms  Subcooled boiling HTC Interfacial drag(bubbly/slug) Correlation

MAP 1 1.06 £ 0.21 1.24 + 0.46 0.16
MAP 2 1.08 +1.23 1.31 + 0.49 N/A

4.5.4 Inverse uncertainty quantification results with MCMC

The application of MCMC algorithm requires a prior distribution. The prior distributions used in
this work for MCMC 1, 2, 3 are listed in Table 15.

Table 15 Prior distribution used in MCMC application

Algorithms  Prior type Prior distribution
MCMC 1 Non-informative __ 1
(61)2(02)?
MCMC 2 Conjugate the same as Table 13
MCMC 3 Uniform fi € [0.5,1.5] x [0.5,1.5], 62 € [0.,1.0] x [0.,1.0]

The results of MCMC estimation are listed in Table 16. The main observations are:

e For MCMC 1, the estimation results are close to MLE estimation, which is expected
because we add little information than the MLE by adding the non-informative prior
distribution.

e For MCMC 2, the estimation results are close to the MAP 1 estimation, because these
two algorithms use the same posterior distribution.

e For MCMC 3, the estimation results are limited to a range where the linearity
assumption is valid. Test on MCMC 3 with a larger interval, for example ji € [0.,2.0] x
[0.,2.0], the estimation results becomes closer to MLE estimation, because we add less

limitation/information to the prior distribution.

Table 16 Estimated distribution of two model parameters with MCMC

Algorithms  Subcooled boiling HTC Interfacial drag(bubbly/slug) Correlation

MCMC 1 1.15 £ 0.05 1.69 + 0.21 N/A
MCMC 2 1.11+0.29 1.46 £ 0.52 N/A
MCMC 3 1.11 £ 0.12 1.32 £ 0.50 N/A
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4.6 Validation of MLE, MAP and MCMC results

In Section 4.5, we obtained physical model uncertainty estimates with different algorithms.
However, we do not know if these uncertainty estimates are valid. In this section, we are going to
validate these estimation results by performing forward uncertainty propagation using BFBT
benchmark data that was not used in Section 4.5 for the physical model uncertainty estimates. A
Monte Carlo sampling-based uncertainty propagation method is used: we sample the model
parameters according to their estimated distributions, perform TRACE calculations and process

the uncertainties of TRACE predictions.

There are 8 estimation results in Section 4.5, from which we selected two bounding results to
perform the forward uncertainty propagation calculation: results from MLE 1a (Table 12) and
MCMC 3 (Table 16).The physical model uncertainty estimates presented in Section 4.5 were
obtained with data obtained from axial location (DEN #3) of Test assembly 4. To validate the
results with forward uncertainty propagation, we are going to perform new TRACE calculations

for different axial locations.

4.6.1 Validation of MLE results with Test assembly 4
The forward uncertainty propagation process includes the following steps:

1. Monte Carlo sampling: the selected model parameters are sampled according to their

distribution.

2. TRACE input preparation: the model parameters are adjusted in TRACE input file based

on sampled values.

3. TRACE calculation: void fraction is predicted at different axial locations.

4. Uncertainty information: the uncertainty information is derived from TRACE predictions.
Figure 8 shows a schematic view of the forward uncertainty propagation process. This process
takes significant computational effort because thousands of TRACE calculations are required.
However, the computation time can be reduced by performing TRACE calculations

simultaneously.
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Figure 8 Schematic view of the forward uncertainty propagation process (Hu, 2015)
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Figure 9 shows the comparison of TRACE predictions without and with uncertainty information

of model parameters. Based on the comparison, we find:

DEN #3: The MLE estimation was performed using data from this position. The original
TRACE predictions (TRACE-nominal) do not include uncertain model parameters, as
TRACE underestimates the void fraction in some cases while overestimates the void
fraction in other cases. The MLE algorithm tries to minimize the global error by adjusting
the two model parameters. The new TRACE predictions (TRACE-MLE 1a) are closer to
the measured data, see Figure 9(a).

DEN #2, 1: Though MLE estimation does not use data in these two locations, the new
TRACE predictions (TRACE-MLE 1a) are better than the original TRACE predictions
(TRACE-nominal), see Figure 9(b), 9(c). It is possible to further improve the TRACE
predictions at location DEN #2, 1 by performing MLE estimation using data from these
locations.

CT: At this location, where the void fraction is considerably larger, the flow regime has
typically developed into annular or mist flow. The two selected models, subcooled
boiling heat transfer coefficient and interfacial drag (bubbly-slug), have little effect on
the void fraction at this location. The new TRACE predictions (TRACE-MLE 1a) are

essentially the same as the original predictions (TRACE-nominal), see Figure 9(d).

4.6.2 Validation of MLE result vs MCMC result
We validated the results from algorithm MCMC 3 the same way as MLEla in Section 4.6.1.

Because the void fraction comparison is very similar to Figure 9, we compare the error
distribution between TRACE-nominal, TRACE-MLEla and TRACE-MCMC3, the comparison
is shown in Figure 10.

51



Error distribution: Assembly 4

70 T T L 5 15
I TRACE-Nominal
[ JTRACE-MCMC 3
60r I TRACE-MLE 1a ||

count

0 2 4 6 8 10 12
Absolute error

Figure 10 Error distribution of TRACE calculation without and with uncertainty information in

model parameters

Figure 10 shows that the TRACE-MLEla and TRACE-MCMC3 prediction error is distributed
more towards smaller error compared with TRACE predictions without uncertainty model
parameters (TRACE-nominal). However, comparison of MLE 1a and MCMC 3 shows that the
MLE 1a results are more accurate than MCMC 3 results. This is most likely due to using an

inaccurate prior distribution.

4.7 Summary of Chapter 4
In this Chapter, we applied the MLE, MAP and MCMC algorithms to BFBT benchmark data and

estimated the uncertainty distribution of two model parameters: subcooled boiling heat transfer

coefficient and interfacial drag (bubbly/slug rod bundle) coefficient.

These algorithms tend to give various estimation results. This is expected especially for MAP
and MCMC algorithms, because the assumption of the unknown prior distribution is difficult and
vary. Despite the differences in these algorithms, we find that the estimation results are

consistent. For example, if the prior distribution for MCMC algorithm is chosen to be uniform (1)
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on the entire domain, the MLE and MCMC algorithms are mathematically identical; this is what
we find from the comparison of MLE results with MCMC 1 and MCMC 3.

After obtaining the uncertainty estimates, we validated the uncertainty estimates by applying the
estimated distributions of model parameters to TRACE prediction. The new predictions succeed
in reducing the void fraction prediction error, but it is not possible to eliminate all prediction
error. We are only adjusting two model parameters, and there exists uncertainties in all model

parameters.

This work shows the difficulty of choosing a proper prior distribution for Bayesian-based MAP
and MCMC algorithms, which is the primary limitation of Bayesian-based methods. However, if
we could obtain accurate prior information, the MAP and MCMC algorithms would be more
powerful than MLE algorithm.
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5 Discussion

There are several important features in the algorithms developed in this thesis. The first feature is
the potential to apply the algorithm to estimate many physical models simultaneously. The
algorithms developed in thesis are all generalized into matrix/vector form, which makes them
valid for any number of input physical parameters and outputs. For example, we can estimate the
uncertainties of three or more physical models at the same time provided with a consistent
sensitivity coefficient matrix and output data. We tested the algorithms with only two input
physical parameters because of the considerable computation load in calculating the sensitivity
coefficients using TRACE. In addition, the algorithms could be implemented in any

programming language very easily.

The second feature is that the MAP and MCMC algorithm considers prior information. Given the
prior information and new experiment data, the MAP and MCMC algorithms are capable of
updating our knowledge of the uncertainty in the models. The available prior information and
single experiment data might not be enough to give the correct uncertainty information. However,

this feature enables us update our knowledge whenever there is new experiment data.

The third feature is the capability of the MCMC algorithm in processing any form of prior
information and different models. Compared with the MLE and MAP algorithm, the MCMC
algorithm is capable of working with more general likelihood functions and prior distributions.
For example, we could avoid the linearity assumption with more advanced MCMC algorithm
and get a more accurate estimation. Future work on developing advanced MCMC algorithm
would be valuable.

The fourth feature is the wide application field of these algorithms. These algorithms do not
depend on any properties of experiment nor of modeling. Thus, the algorithms could be applied
to many other problems. For example, the algorithm could be applied to estimate the

uncertainties of cross section data used in a neutron transport problem.
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6 Conclusion

Uncertainty information of physical model parameters is important for the purposes of
uncertainty quantification, such as best estimate plus uncertainty calculation. In this work, the
MLE, MAP and MCMC algorithms based on Bayesian analysis are developed, tested and
applied. Numerical tests with artificial data verified the implementation of these algorithms. The
application of these algorithms to BFBT benchmark data shows the typical work flow for
applying these algorithms. Also, the application to BFBT benchmark data validated these

algorithms.

We applied the MLE, MAP and MCMC algorithms to BFBT benchmark data and estimated the
uncertainty distribution of two model parameters: subcooled boiling heat transfer coefficient and
interfacial drag (bubbly/slug rod bundle) coefficient. These algorithms tend to give various
estimation results. This is expected especially for MAP and MCMC algorithms, because the
assumption of the unknown prior distribution is difficult and vary. Despite the differences in

these algorithms, we find that the estimation results are consistent.

After obtaining the uncertainty estimates, we validated the uncertainty estimates by applying the
estimated distributions of model parameters to TRACE prediction. The new predictions succeed
in reducing the void fraction prediction error, but it is not possible to eliminate all prediction
error. We are only adjusting two model parameters, and there exists uncertainties in all model
parameters. Application of the algorithms to other physical models and experimental data will be

helpful for future work.
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7 Future Work

These algorithms are capable of reducing prediction error and provide uncertainty information

for further analysis. However, a few problems exist and needs future work.

Assumption: A lot of assumptions were made to derive the algorithms. Two main assumptions
are an assumed Gaussian distribution of output variables and an assumed linearity relation
between input model parameters and output variables. These assumptions are required to obtain
an analytical form of likelihood function. However, the statistical information of these variables
is not known. For a more general case, it might be not possible to get analytical form of
likelihood function. There is a way to process more general case by calculating and maximizing
the likelihood function numerically. The likelihood function could be calculated numerically
using Monte Carlo integration and could be maximized using Newton’s method. However, the

numerical calculation is much more expensive and has convergence issues.

Uncertain parameters: In practical application, such as with TRACE, many uncertain
parameters contribute to prediction error. In current algorithms, we are unable to account for
other uncertain parameters except for selected model parameters, which means the validity of

estimated results is not guaranteed.

Prior information: As evident, the prior information is critical in applying MAP and MCMC
algorithm. Unless we are confident with our prior information, it is not reliable to apply the MAP
and MCMC algorithm. An algorithm to initially estimate the prior information might be helpful,
but the algorithm would not work on the same data as MLE, MAP and MCMC.

Experimental data: The validity of experimental data determines the validity of estimated
results. For example, if obviously incorrect measurements exist, we would need to find and
remove these data before applying the algorithms. The process of removing data negates the

validity of estimation results. A standard algorithm in choosing data is necessary.
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