N
N

N

HAL

open science

Visualization tools for uncertainty and sensitivity
analyses on thermal-hydraulic transients

Anne-Laure Popelin, Bertrand Iooss

» To cite this version:

Anne-Laure Popelin, Bertrand Iooss. Visualization tools for uncertainty and sensitivity analyses on
thermal-hydraulic transients. Joint International Conference on Supercomputing in Nuclear Applica-

tions and Monte Carlo 2013 (SNA 4+ MC 2013), Oct 2013, Paris, France. pp.1. hal-00952930

HAL Id: hal-00952930
https://hal.science/hal-00952930
Submitted on 27 Feb 2014

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-00952930
https://hal.archives-ouvertes.fr

Joint International Conference on Supercomputing in Nuclear Applications and Monte Carlo 2013 (SNA + MC 2013)
La Cité des Sciences et de I’Industrie, Paris, France, October 27-31, 2013

Visualization tools for uncertainty and sensitivity analyses on thermal-hydraulic
transients
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In nuclear engineering studies, uncertainty and sensitivity analysesudatim computer codes can be faced to
the complexity of the input and/or the output variables. If these Vesialepresent a transient or a spatial
phenomenon, the difficulty is to provide tool adapted to their fanatinature. In this paper, we describe useful
visualization tools in the context of uncertainty analysis of modekigah outputs. Our application involves
thermal-hydraulic computations for safety studies of nuclear pressurizedreactors.
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|. Introduction 3. Can we detect some abnormal curves, in the sense of a
) ) ) ) ) strong difference from the majority of the curves (as

This work is part of current research concerning engineering outliers for scalar variables)?

studies of pressurized water reactor. EDF R&D and its 4. Are there some clusters which correspond to different

partners develop generic probabilistic approaches for the behavior of the physical behavior of the output?

uncertainty management of computer code used in safety 5,

analyse8. One of the main difficulties in uncertainty and  Question 4 has been treated in a previous work by Auder et
sensitivity analyses is to deal with thermal-hydraulic al?. In this work, we consider the other questions by the
computer cod® Indeed, most of mathematical tools are  way of some functional data analysis tools.

adapted to scalar input and output variables, while the

outputs of  thermal-hydraulic models represen
time-dependent state variable (temperature, pressure, therr
exchange coefficient, etc.).

As an industrial example, we will consider the Benchmark
for Uncertainty Analysis in Best-Estimate Modelling for
Design, Operation and Safety Analysis of Light Watel 5
Reactord proposed by the Nuclear Energy Agensfythe =
Organization for EconomidCo-operation and Development E
(OCDE/NEA). One of the study-cases corresponds to th
calculation of LOFT L2.5 experiment, which simulated
large-break loss of primary coolant accident. It has bee
implemented on the French thermal-hydraulic computer coc
CATHARE2, developed at the Commissariat ‘&nkrgie
Atomique (CEA). One phase of the benchmark consists i
applying on this study-case the so-called BEMUSE (Bes
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Estimate Methods, Uncertainty and Sensitivity Evaluation Time (s)
program in order to tests various uncertainty and sensitivity
analysis method Figure 1: Visualization of the BEMUSE data: 100 temporal

Figure 1 illustrates the BEMUSE data, 100 Monte Carlgurves of the cladding temperature of the fuel rods. Each curve
simulations (by randomly varying around 50 uncertain inputs @bmes from the output of one computer code (CATHAREZ2) run.
the LOFT L2.5 scenar)p given by CATHAREZ2, of the Source CEA.

cladding temperature in function of time. When looking at the
overall behavior of this large number of curves, the main first problem consists in visualizing the uncertainty of a
questions which arise are the following: time-dependent variable, which is called in statistics a
1. Whatis the average curve? . functional variable. Regarding their capacity to summarize
2. Can we define some confidence interval curvegch and complex information, visualization tools are very
containing most of the curves? important in statistical studies. Several types of visualization



exist, depending on the information that have to bia order to detect outliers.

emphasized and the dimension of the involved problems.

In this context, this article deals with studyingRemark on explained variance:

methodologies meeting two main objectives: detecting some

central tendency behavior and outliers; and linking theskhe variance explained is an important factor in assessing
particular shapes of transients to the input values the performance of the PCA componembr standard PCA
combinations of inputs that have induced them. obtaining the variance explained Wy componentsis a
Two classes of methods have been identified as potents@nple calculation of the percentagekogéigenvalues of the
useful tools: a classical way to handle functional variables @ovariance matrix associated with these comporents
statistics is to reduce their dimension via projection dVe note that using two main componertse explained
regression techniqués another one is to consider thevariance for BEMUSE data is 86.57%xplained variance
concept oband depth®. The first part of this article presentsincreases with the numbef principal components upt
two methods introduced by Hyndman and SKarmpsed on  95% , with 6 main components for data sets

dimension reduction. The second part is dedicated to the

functional boxplot of Sun and Gentanwhich implies depth 2. Highest Density Regions method

of band concept.

The principle of this method is to assimilate observations in
the space of principal components to the realizationa of
1. Methods based on dimension reduction random vector with densitfy By calculating an estimate of
. . , the densityf, the quantiles can then be computed.
This section presents two methods from an article by Gayssian smoothing kernel is used in the paper of
Hyndman and Shaffgfor the construction of "functional Hyndman & Shart

boxplots", which are both based on a dimension reduction.

n
Classical boxplot for scalar variables is a very common 2(X) = 1 Ko (X — X
statistical tool that allows summarizing the main information f( ) = n (X —X;)
of a data sample: median, first and third quartiles, and an i=1 ) )
interquartile-based interval which define the limit of with Ky (X) = |H| ™2 - K(H—g.X),
non-outliers data. First step to build such boxplot is to rank

data thanks to a statistical order; such order has first to RgX) = ZL exp (—l(X, X))the “standard” Gaussian
2

defined for functional data, which has lead to numerOLksemaI ang the H matrix containing the smoothin
research works in the literature. g 9

parameters. Depending on this matrix (diagonal or not),
some preferential smoothing directions can be chosen.
Once the estimate éfis obtained, the higher density regions

are considered as deeper data. Thus, on figure 2 the 50%

ghte gotal of dimension r_f{ar:jucgon |ds(;[_o repr_esent trl;ne S(')turfil antile is represented with dark grey, and lighter grey zone
ata Into a new space with reduced dimensions, where | the 95% quantile zone. Points outside this zone are

be easier to study. The transformation should keep enou(%hsidered as outliers

interesting information about the source data, while allowi he alobal modex. . = 20xY is considered as the
simplifying the analysis. There are many methods frg);? g max —argma}xf( .)' ' .
eepest curve. Note that this point does not necessarily

dimension reductianHere, we focus only on the principal atch with a real curve in the data sample, since f is defined

component analysis (PCA) in its classical and robul? : MpIe,

variants. in every point of the component domam. _

Once in the new space, we can use different methods-lig's. method needs to have an a priori on the .number of
outliers. In some cases, several outliers can be in the same

estimate the quantiles and outlielStages for the size ion. and thus wronaly create a hiah density redion. as
reduction stages and estimates depths are independent fF%ﬁH ' : gly 9 y region,
own on figure 3.

each otherThus, it is possible to combine several method o o
P hen returning in the initial space, because of the loss of

for the reduction itself on one side, and for the calculation hformation from dimension reduction step, the dark and

depths on the other side. iaht d i ¢ stictly th
In classical linear PCA method, the aim is to find thul:zlg grey ~zones do not represent strictly € same

orthogonal axis on which the projection of the data matrig{]formatlon.
has a maximized variance. The disadvantage of this method
is the lack of robustness regarding extreme values. A variant
of this criterion is to use another variable to be maximized.
For instance, the Median Absolute Variance criteria offers to
maximize the median of the absolute differences between the
samples and the median, which are more robust to the
extreme values than the mean value.

Once the functional variable has been transformed to a fewer
component space (typically two, but this dimension can be
increased), the objective is to estimate quantiles in this space,

1. Some background on dimension reduction
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Figure 2: Visualization of the density estimator

BEMUSE study case. Dark grey zone envelops 50% of the

distribution. Light grey represents 95% quantile zone.
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Figure 3: Visualization of a density estimator on another
example. Some outliers being very close from each other: high

density regions may bewrong in this case.
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Figure 4: BEMUSE study-case: Visualization of functional
quantiles and outliers, back in the physical space.

3. Bagplot method

The bagplot method was proposed by Rousseeuwfetoal.

the analysis of bivariate data. This is a generalization of the
classical boxplgtan example of which is shown in figube

The dark blue area contains 50% of the data in the "¢enter
of the distribution. The light blue area contains data that are
"less central" without being considered outlidgtimally, four
points above are detected as outliers.
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Figure 4: Example of bagplot (Source: Rousseeuw et al.?).



The construction of bagplot is based on the notion of depth
of Tukef’). The depth of Tukey at one potitrelatively to a
set of points noted, is defined by:
Lyeptn (6,Z) = mincard{P n Z ; P € DP(d(6)}
where DP(6) is a closed half-plane whose boundary is a

interval for the median point is presented by dotted
lines. The outlier curves are drawn in different
colors. Envelope of the other curves (not outliers) is
colored in light gray (see Figures 6 and 7 for the
application of this tool to the BEMUSE data).

line containingd (Figure 5). The Tukey depth is defined for
all points in the planeot only the experimental data.

2000

We define the "median” as the point at which the dépth i
higher. The definition of Tukey depth can easily be 2
generalized to higher dimensigndut the calculation &
becomes extremely expensive. e 4
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Figure 6: Bagplot of BEM USE study case.
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Figure5: Illustration of the depth of Tukey.

1000

I in the following, four steps are detailed for the constructio
of abagplot. ¢
1) Ranking points according to their deptort the
points and draw the iso-depth contours. Man\:
algorithms have been proposed, such as algorith @
FDC proposed by Johnson et '@l. This
classification allows building the central region
containing 50% of points that have the highest
depth.
Defining the median poinffind the median which SR, N
is the point with the highest depth (this is not b T T T
necessarily an experimental point). There are mar g 0
algorithms to solve this problem, for example:
HALFMED algorithm proposed by Rousseeuw and
Ruts?, Figure 7: Bagplot results in the functional space for BEMUSE
Detecting outliersit is an "expansion in depth" of study-case.
the central regiorPoints whose depth is less than

Pfiimite = [médian — | Pmédian - beag | * coef

are considered as outliers. Regarding the CoefﬁCieTf'Unimodalit

Eogjsrf:#v;nzt Sar}].a%)r;sssegstthze5\7/agjeecais\ghtﬁs-rhe bagplot implies unimodalityrhe figure below presents
va)lllue retains9®% of the gr?oints i.n the case af & difficult case to deal with this method. We see that the

Gaussian distributiam confidence interval around median is always detected in the center of the middle,zone

the median point is constructedy using the while it iS. not always_ what we .WQUId get th(_e most
bootstrap method proposed by Febrero &l representative curve (Figure 8). This is the big difference
Representation of points in the function.al.spac betwgen bagplot and H.DR. pJQiDR plot may well separate
The envelope of the curves contained in the centr I"e different mode®f distribution, but this is not the case

region is colored in dark gray. The confidenc:é’vIth bagplot.
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considered, which is the most useful in practice.
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Figure 8: Example of a non-unimodal problem, where bagplot
isnot relevant.

2) Generalization to high dimensions P
Theoretically, bagplot can be generalized for large

dimensions. There are powerful algorithms to determine tggure 9: Example of band of curves.

median point in higher dimensions, such as DEEPLOC

algorithm proposed by Rousseeuw and StrRiyf 2. Band depth concept

However, tracing the contours of iso-depth in dimension

greater than 3 is a difficult problerevertheless, Chen et Lopez-Pintado and Romladefine the band depth of a curve
al.*” propose an algorithm using the Monte Carlo method. y, in the casef bands of two curvelsy

ny—1

I11. Methods using band depth concept BD2(y) = (2) Z Lyes(yiy))
t#]

This section presents a method for the visualization amhere (’21) is the number of pairs of two curves amang
analysis of functional data developed by Sun and G@ntonrhUS, the higher is the band deptie more “central” is the
This method is based on the notion of depth band th@jrve position, that is to say, the more it is included in a
classifies a sample of curves. large number of bands. If the highest band depth is reached
To generalize the scheduling of a statistical sample, v two different curvesthe most central curve is the average

introduced different versions of "depth of data.” A "depth” if these curves where the maximal value is reached.
associated with each element of the sample, which allows

classifying and thus finding the concepts of median arfd9uré 10 shows a sample from Sun and Géhton
outliers. For functional data, Lopez-Pintado and Rdmolllustrate this concept. The sample is composed of 4 curves,

introduced a notion of band depth. This allows classifying 5oM which we can therefore form 6 bands of 2 curves. The
set of curves and thus defining functional quantiles, fohaded area corresponds to the by, ys), the curves

identify the most central (median) curves and outliers curve¥ Y2, ys are in this band, buy, is not. We can easily
Each curve is associated with a real that is the band .degiflculate thatBD(y;) = 3/6 , BD(y;) = 5/6 , BD(y3) =
Specifically, from a sample of curvgg (t), ..., ¥,(t)), band 3/6 andBD(y,) = 3/6 . The curvey, is thus the most
depth will allow to obtain a ranked sample: central (what will be called later the "central curve").
(y[l](t), ...,y[n](t)) wherey;;(t) is the deepest curve and
Y] (t) is the least one. Thegp;(t) curve plays the same
role asthe median in a classical boxplot.

1. Band of curves

o ¥z
. Y1
Let us consider a-sample of curveg,, ...,y,, and let us \

choose curves among the sampjg;, ...,y;, . The "band of _ = 7 ST
curve$ defined byy;,...,y; is the subseB(y;,..,y;) > _ |
defined as the set of points between the lower and the upj — s Va B
envelope ok curves, that is to say: | —
B(yis s Vi) = {(t,y(t)),t el; i:rillli“r_lik y;(t) < y(t) |
< max y; (t)} '
k i

i=ll,...,L

=3

An illustration of this definition is given in figure 9, where a ' : : ] ' '

mple of curves is represented, the larle area bounded oo 0z D4 G i B
bt 1o black lines | ooy e METite atea hotnde Figure 10: Illustration of band depth. Source: Sun and
by the two black lines. it

In this article, only the case of=2 curves bands is



3. Functionnal boxplot based on band depth light gray area. It means that most of the curves are in the
dark gray envelope. From its shape, we can observe the

The functional boxplot introduced by Sun and Gefitana small uncertainty zone at the beginning of the transient and
generalization of the usual boxplot based on band depth. Tihe large increase of uncertainty during the decrease phase of
principle of this type of graph is shown in figure 11, appliethe temperature.
to the BEMUSE study-case. The dark grey area represeRtem Figures 4, 7 and 11, we see also that outliers are quite
the central region, defined as the envelope of a- proportion similar among the three methods. The band depth method
of the deepest curves (0< a < 1). The default value o =0.5is  gives more outliers but this strongly depends on the
provided by Sun and GentBpregion is then written expansion factor tuning. From Figures 4 and 7, one can

Cso = By ...,y[g]) guess two kinds of outliers: amplitude outliers down (visible

2 between t =30sand t =1009, and amplitude outliers up (t>

1509. In order to exploit these results, a fine analysis of the
dBmbination of CATHARE2 input parameters leading to

where (yj1, ..., Yja]) is as previously the ranked samig
decreasing band depth. The central region is equivalent
the box n the classical boxploft provides a visual these “abnormal” results have to be made. This analysis is
representation of the extent % of the curves. Moreover, ; P

o . not realized in this work.
within this zone, the black curve represents the central (o
median) curve. . . V. Conclusion
Sun and Gentdhpropose to consider as outlier any curve _ _ _
that is not completely within a region (not shown) obtaineth uncertainty studies, when analyzing a large number of
by "increasing the central region, down andp, by an results which are in a functional form (as time dependent
amount at each point proportional to the height of the bar@rves), we are faced to d!fficult visualization prqblems/ In
The proportionality factor (sometimes called "expansiothis paper, we have provided some methods in order to
factor" in the following) is equal to 1.5 by defaulty —answer to three questions asked in introduction when dealing
analogy with the usual boxplothe envelope of all curves with a large number of one-dimensional curves:
that are not outliers is shown in the graph (light grey line). 1. Whatis the average curve?

The colored curves correspond to the detected outliers. 2. Can we define some confidence interval curves
containing most of the curves?
FB Plot 3. Can we detect some abnormal curves, in the sense of a
Data Hemusel strong difference from the majority of the curves?

The function boxplot and bagplot tools allows to answer to
these three questions: the median curve for question 1, the
gray areas for question 2 and the so-called outlier curves for
question 3.

1200

1000

We have also shown that visualipn tools can be helpful
for thermal-hydraulical transient selectiofrom a large
number of curves, detecting which transients have a
particular shape is not obvious. This question is particularly
crucial in a sensitivity analysis approach, where this kind of
tools could be coupled with other graphs (as cobweb:plot)
when other (scalar or functional) random variables are

: = studied, it is important to have powerful visual ranking tool
‘ ‘ ‘ ' ' to show how influent a variable or group of variables is on
° % 10 0 20 the output quantity of interest. Future works will develop
some links between curve band depth and sensitivity
analysis objectives.
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Figure 11: Functionnal boxplot of BEM USE study-case.
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