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Abstract

The EPR reactors developed by Framatome incorporate in-core instrumentation
located inside the reactor vessel, within dedicated instrumentation rods, to enhance
monitoring of the core power distribution. This system consists of 72 Self-Powered
Neutron Detectors (SPNDs), distributed among 12 rods over six axial domains. These
detectors generate a current proportional to the local neutron flux, which is directly
related to the core power distribution and can therefore be used to monitor key
reactor variables. This work focuses on the calibration of SPNDs for measuring
the maximum linear power density. The method currently in use is deliberately
conservative, ensuring a high level of safety, but lacks representativeness and tends
to trigger false alarms, thereby reducing reactor availability. This limitation is
addressed by calibrating the detectors to the average power of neighbouring fuel
assemblies, using Voronoi polygons to define representative influence zones. In
parallel, correlations between SPND responses and power distribution are analysed
to enable collective use of the detectors and improve calibration weighting. After
characterising the proposed methods under various transient conditions and assessing
their robustness in the event of SPND failures, this work demonstrates that significant
improvements in SPND calibration are achievable. Two enhancement strategies
are identified: a combined collective and local averaging approach, which requires
extensive preliminary tuning but offers high performance, and a simple affine method,
requiring minimal preparation while still significantly increasing the reactor operating

margin.

Keywords

Evolutionary Power Reactor, Instrumentation, Self Powered Neutron Detector, Linear

Power Density, Loss of Representativeness.



Sammanfattning

EPR-reaktorerna som utvecklats av Framatome ar utrustade med in-
core-instrumentering placerad inuti reaktortanken i sarskilda instrumenteringsstavar,
i syfte att forbattra 6vervakningen av hardens effektdistribution. Systemet bestar
av 72 sjalvgenererande neutrondetektorer (Self-Powered Neutron Detectors, SPND),
fordelade pa 12 stavar Over sex axiella zoner. Dessa detektorer genererar en
strom som ar proportionell mot det lokala neutronflodet, vilket ar direkt relaterat
till hardens effektdistribution och darmed kan anviandas for att overvaka centrala
reaktorvariabler. Detta arbete fokuserar pa kalibrering av SPND f6r métning av den
maximala linjara effekttitheten. Den nuvarande metoden ar avsiktligt konservativ
och sikerstiller en hog sidkerhetsnivd, men saknar representativitet och tenderar
att utlosa falska larm, vilket minskar reaktorns tillgianglighet. Denna begriansning
hanteras genom att kalibrera detektorerna mot den genomsnittliga effekten hos
angransande bransleelement, diar Voronoi-polygoner anviands for att definiera
representativa influenszoner. Parallellt analyseras korrelationer mellan SPND-svar
och effektdistribution for att mojliggora kollektiv anvandning av detektorerna och
forbattra viktningen av kalibreringen. Efter att ha karakteriserat de foreslagna
metoderna under olika transienta forhallanden och utviarderat deras robusthet
vid eventuella SPND-fel visar detta arbete att betydande forbattringar av SPND-
kalibreringen ar mojliga. Tva huvudsakliga forbattringsstrategier identifieras: en
kombinerad kollektiv och lokal medelvardesmetod, som kraver omfattande inledande
justering men erbjuder hog prestanda, samt en enkel affin metod, som kraver minimal

forberedelse och samtidigt avseviart 6kar reaktorns driftmarginal.

Nyckelord

Europeisk tryckvattenreaktor, Instrumentering, Sjalvdriven Neutrondetektor, Linjar

Effekttathet, Forlust av Representativitet.






Acknowledgements

First of all, I would like to thank Framatome and KTH for providing me with the

framework and opportunity to complete this internship.

Thank you to Per Brunsell and Jan Dufek for agreeing to supervise this thesis, despite

the administrative difficulties it may have posed.

I would like to thank the DTIPC-E section for their warm welcome. It has been a
pleasure to work alongside its members for six months. Their daily help and support

have greatly contributed to the completion of this work.

Finally, I would like to thank my tutors Samy and Maxime for their kindness and
availability throughout this project. Without their expertise and advice, this work

would never have seen the light of day.

ix






Contents

1 Introduction

1.1 Framatome &the EPR . . . . . . . . . .. ... ... ... ... ..
1.2 Context . . . . . . . e e e e e e e e e e

1.3 Objectives and thesis structure . . . . . . ... ... ... ........

2 Background

2.1 The SPND Intrumentation . . . . . . . ... ... ... .. ... .. ...

2.2 Calibrationprocess . . . .. . . . . i e e

2.3 The Loss of Representativeness Method . . . . ... ... .......

2.4 Current Calibration Method . . . . .

3.1 Development of New Methods . . .

3.2 Characterisation Criteria. . . . . ..

Methodology and Characterisation Tools

....................

....................

3.2.1 Criteria for a Conservative Method . . . . . .. ... .......

3.2.2 Criteria for a Non-Conservative Method . . . . . . ... ... ..

4 Presentation of the New Methods
4.1 Local Linear Methods . .. ... ..
4.2 Affine Methods . . ..........
4.3 Collective Methods . . . . ... ...

4.3.1 Correlation Analysis . . . . .
4.3.2 Macro-Detectors Construction
4.3.3 Multilinear Regression . . . .
4.3.4 Entire Treatment . . . .. ..

....................

....................

....................

--------------------

4.4 Hybrid Method: Local & Macro-Detectors . . . . ... ... .......

4.5 Hybrid Method: Correlation & Local

5 Characterisation and Analysis

W N =

© o O O O»

13
14
14
15

19
19
21
22
22
23
24
25
26
27

29

xi



CONTENTS

5.1 Characterisation of Local Linear Methods . . . . . ... ... ...... 29
5.2 Characterisation of Affine Methods . . . . .. ... ... ... ..... 35
5.3 Characterisation of Collective methods . . . . ... ... ... ..... 37
5.4 Characterisation of Hybrid Local Methods . . . . . .. ... ... .... 38
5.5 Comparison ofthe BestMethods . . . . . . ... ... ... ... .... 40
5.6 Additional Characterisations . . . ... ... ... ... ... ..... 43
5.6.1 Failure Management . ... ... ... ... .. .. ....... 43
5.6.2 Stability across Different Studies . . . . . ... ... ... .. .. 46

6 Conclusions 50
6.1 Final Comparisons and Scenarios for Improvement . . . ... ... .. 50
6.2 LeadsforFutureResearch . . ... .. ... . ... . ... ..... 52

Appendix - Accidents monitored by the SPND intrumentation 55

xil



List of Figures

2.1.1 Plane view of the EPR core and its assemblies. The black dots indicate

in which assemblies the SPNDrodsare. . . . . .. ... ... ......
2.1.2 Scheme of the axial distribution of the SPNDs in an intrumentationrod. 6

2.3.1 I[llustration of how the LO Ry pp guaranties a real value of LP Dy, below
the physical limit. . ... ... ... ... .. ... .. ... . .. 8
2.3.21llustration of how an over-conservatism penalty is created from the
addition of the uncertainty of an over-conservative calibration method

and the LORIPD. « v v v v e e e e e e e e e e e e e e e e e e e e e 9

2.4.1 Illustration of the current calibration process, from [7]. . . .. ... .. 10

3.2.1 Repartition of the relative errors for the N, evolution cases of a LOR
study. . . . 14
3.2.2Repartition of the relative errors for the N.,, evolution cases of a LOR

study, for a non-conservative method, without shifting (a) and with

shifting(b). . . . . . . . . e 16
3.2.3Scheme explaining how a non-conservative calibration method can

create an OMI compared to an over-conservative method. . . . . . . . . 17
4.1.1 Two-dimensional Voronoi zones in an EPRcore. . . . . ... ... ... 20

4.3.1 Illustration of the correlations between the relative variations in the

responses of the 12 detectors in axial domain4. . ... ... ... ... 22

4.3.2Amplitude of the eigenvalues corresponding to the orthogonal

eigenvectors of the correlation matrix displayed in Figure 4.3.1. . ... 24

4.3.3Comparison between the real L P D,,,, and the L PD,,,, predicted by the

macro-detector method, in axial domain4. . ... ............ 25

Xiii



LIST OF FIGURES

4.5.1 Correlations between the relative variations of SPND J16 responses and
of axially averaged LPDs of the assemblies in axial domain 4, for a

surveillance LORstudy. . . . . ... ... .. .. ... ... ....... 27

5.1.1 Error dispersion for different local methods, and different evolution

Situations. . . . . . . . e e e 30

5.1.2 Mean square error compared to the threshold for different local

methods, and different evolution situations. . . .. .. ... ... ... 30

5.1.3 Wilks(95,95) errors for different local methods, and different evolution

situations. . . . . . . .. e e e e 31

5.1.4 Over-conservatism penalty for different local methods, and different

evolution situations. . . . . . . . .. ... ... ... .. 32
5.1.5 OMI for different local methods, and different evolution situations. .. 32

5.1.6 OMI across different evolution situations, for different versions of the

method Vor_avg, using different axial domains of calibration. . . . . . 33

5.1.7 OMI across different situations, for two axially optimised linear local

calibrationmethods. . . . . . . . .. .. .. ... o 34
5.2.1 OMI of different affine methods, for different situations. . ... .. .. 35
5.2.2Mean square error of different affine methods, for different situations. 35

5.2.3 Wilks(95,95) errors of different affine methods for different evolution

SItuations. . . . . . . . . e e e e e e e e e e 36

5.3.1 OMI across different situations, for three macro-detector methods

compared withVor_avg. . . . . .. ... ... .. .. ... 38

5.4.1 OMI across different situations, for two hybrid local methods compared

withVor_avg. . . . . . . . . . e 39
5.5.1 OMI across different situations, for the best methods of each category. 40

5.5.2 Mean square error across different situations, for the best methods of

eachcategory. . . . ... . ... . . ... ... e 41

5.5.3 Wilks(95,95) errors across different situations, for the best methods of
eachcategory. . . . .. ... . . . . ... .. e 41

5.6.1 Evolution with the number of failures of the over-conservatism penalty,

for a surveillance LOR study, and the selected methods. . . . . ... .. 43

Xiv



LIST OF FIGURES

5.6.2Comparison of both failures management using the evolution of the
selected methods’ over-conservatism penalties across situations. Suffix
”_classic” designates the current management and suffix ”_correl”
designates the new management, using correlations. . . . . ... .. .. 45
5.6.30MI of the selected methods across situations, for one SPND failure,
with the new failure management. . . .. ... ... ... ........ 45
5.6.40OMI of the methods using pre-calculated coefficients across studies,
reusing coefficients from Study 1 or computing them for each study. . . 46
5.6.5 LOR;pp evolution across different surveillance LOR studies, for the
selected methods. . . .. .. .. ... . . . . ... . e 48
5.6.6 Mean square error evolution across different surveillance LOR studies,
for the selected methods. . . . .. ... ... .. ... .......... 48

5.6.7 Over-conservatism penalty evolution across different surveillance LOR

studies, for the selected methods. . . . . ... ... ... ........ 49



List of Tables

6.1.1 Comparison of the selected methods

XVl



Acronyms

PWR

EPR

LPD

AMS

SPND

LOR

OMI

PCR

PCA

Pressurized Water Reactor
Evolutionary Power Reactor
Linear Power Density

Aeroball Measurement System
Self-Powered Neutron Detector
Loss of Representativeness
Operational Margin Increase
Principal Component Regression

Principal Component Analysis

xvii






1 Introduction

1.1 Framatome & the EPR

This thesis was conducted at Framatome, an engineering and industrial company
specialised in nuclear reactor technologies and nuclear fuel cycle services. Framatome
activities cover reactor design, nuclear island systems, fuel assembly manufacturing,
instrumentation and control, and long-term operation and maintenance of nuclear
power plants. It employs more than 22,000 people, mostly in France, but also in
Germany, the United States, and 17 other countries all over the world, making the

company a global leader in its sector [1].

Historically, Framatome was founded in the late 1950s to support the development of
France’s civil nuclear programme, initially under licence for pressurised water reactor
(PWR) technology. Between 1975 and 2002, the company played a central role in
the construction of 58 PWRs in France. Since the 1990’s, Framatome’s expertise
focuses on the design and construction of the Evolutionary Power Reactor! (EPR). This
Generation III+ reactor was first conceived jointly by Framatome and the German
company Siemens KWU to meet enhanced safety and performance requirements.
Due to Germany’s desire to phase out nuclear power, Siemens KWU progressively
abandoned the project and was replaced by the French electricity company EDF. The
EPR became the main asset of the French nuclear industry. Since then, EDF and
Framatome have sold and built four EPRs: two in Taishan, China, connected to the grid
in 2018, one in Olkiluoto, Finland, and one in Flamanville, France, both connected in
2023. Two reactors are still being constructed in Hinkley Point in the United Kingdom.
The construction of these reactors has faced numerous challenges and has struggled to

meet its deadlines. That is why Framatome and EDF are now seeking to optimise their

!Originally named European Pressurized Reactor
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design, in particular by making it easier to standardise and industrialise, with the EPR2
project [2]. This new design also provides an opportunity to modernise certain parts

of the reactor, in particular its instrumentation.

1.2 Context

In a nuclear reactor, several parameters are continuously monitored to ensure that they
do not deviate from their reference value and prevent any damage to the equipment.
To do that, various instrumentation are dedicated to different parts of the reactor and
different measures. In the reactor core, there are two instrumentation: the “excore”
intrumentation outside the reactor vessel, and the "incore” instrumentation inside the

reactor vessel.

These two instrumentation measure neutron fluxes in order to monitor the core power
distribution. Based on this distribution, several crucial quantities are calculated.
These include the maximum Linear Power Density (LPDy.,) of the fuel rods in
the core, which must not exceed a theoretical limit. If it does, alarms and safety

countermeasures are triggered, which can result in reactor reduced availability.

Incore instrumentation was added in the EPR design to obtain a more precise
estimation of these quantities, to enhance both the safety and the availability of
the reactor. It is composed of two sub-instrumentation. The first is the Aeroball
Measurement System (AMS). It is mobile and periodic. It involves injecting vanadium
beads into the core and measuring their radioactivity on exit. With the help of a
core simulation code, a three-dimensional power distribution map is constructed.
This map is then used to calibrate other instruments, in particular the second incore

instrumentation: Self-Powered Neutron Detectors (SPNDs).

SPNDs are made of cobalt and deliver an electric current when exposed to a
neutron flux. They are calibrated to deduce quantities such as LPD,,,, from their
electric response. The quality of the calibration is crucial to ensure that the SPNDs

measurements remain precise.
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1.3 Objectives and thesis structure

This work focuses on the SPND intrumentation calibration process to measure
L P Dy Since its first design, no research has been conducted to question or improve
it. This work is the first to come back on several choices and hypotheses on which
this process is based. It will present new calibration methods and characterise their

performance to conclude whether or not the current process can be improved.

First, it will detail how the instrumentation and the calibration process work and how
its representativeness is quantified. Then, it will present new calibration methods
before characterising them in a third part. Finally, it will conclude on the possibility of

a new calibration method to measure LP D, [3].






2 Background

This part aims at providing all the necessary material to understand how the SPND

intrumentation works and how it is used.

2.1 The SPND Intrumentation

@ SPND rod

17
16 ([ J
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4
31 o
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1
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Figure 2.1.1: Plane view of the EPR core and its assemblies. The black dots indicate in
which assemblies the SPND rods are.
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As briefly explained in the introduction, SPNDs are cobalt-core coaxial cables
distributed inside the core. They are placed in intrumentation rods, within the twelve
assemblies shown in Figure 2.1.1. This distribution of the assemblies has symmetry
compared to the central assembly J09, and each intrumentation rod forms a pair with
its opposite. Within an instrumentation rod, six SPNDs are distributed axially, always
at the same axial distances, as shown in Figure 2.1.2. There are therefore 72 detectors
distributed uniformly throughout the core, designed to return measurements related

to the three-dimensional power distribution [3] [4].

Instrumentation rod

Top of the active zone

SPND 6

SPND 5

SPND 4

SPND 3

SPND 2

SPND 1

Bottom of the active zone

Figure 2.1.2: Scheme of the axial distribution of the SPNDs in an intrumentation rod.

2.2 Calibration process

SPNDs are mainly composed of cobalt. When neutrons collide with this element, it
can emit electrons. This process occurs mainly through neutron capture by **Co and
%Co. The elements created lower their energy by emitting photons, which then cause
Compton scattering of electrons. Thus, the current emitted is proportional to the

capture reaction rate RR in the SPND, given by the equation
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RR = N / 59(E)(E)AE + Ny / 6o (B)p(E)dE, 1)
E E

where Nj and o;(F) are, respectively, the concentration and the microscopic capture
cross section for the energy E of element iCo and ¢(E) is the neutron flux at energy
E 5]

This equation therefore shows that, at a given energy, the current is proportional to
the neutron flux. Since the latter is also responsible for fission reactions and therefore
power production, there is a link between the current emitted by the detector and
the power distribution in the vicinity. The detection process relies on this relation to
measure quantities related to the power distribution, such as LPD,.,. To establish
this relation, unique to each detector, the SPNDs are calibrated using the second
incore instrumentation, the AMS. It temporarily provides a three-dimensional power
distribution map from which L P Dy« can be deduced. Knowing the SPNDs’ signal at

that time, one can deduce the relation.

This relation might evolve with time due to changes in the distribution profile or
detector depletion. As shown in Equation 1, the reaction rate and, therefore, the
current emitted by the detector, also depend on the concentration of **Co and *°Co. The
radiative capture, that causes the current to be produced, consumes these elements.
Thus, their concentration changes over time. At the time of calibration, the relation
between the quantity to be measured and the current delivered by the SPNDs is
established and maintained as such despite this change. It is therefore necessary
to perform these calibrations regularly to correct this relation before it loses its

representativeness [6] [7].

In practice, this calibration is performed approximately every 30 effective full power
day, in controlled configurations, named ’calibration situations’, with core parameters
close to reference values. The relation is then used to recalculate LP Dy« outside
calibration. It is therefore important to verify that it remains representative, even
outside of a calibration situation, and to quantify the representativeness error. This

is the role of the Loss of Representativeness (LOR) method [8].
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2.3 The Loss of Representativeness Method

The LOR is a method designed by Framatome to quantify errors made by each
instrumentation, to compute thresholds for the surveillance and protection systems.
The idea is to use a neutron code to simulate a number N.,, of core evolutions.
The evolution starts from a calibration situation of the core and moves towards a
’surveillance situation’, corresponding to normal reactor operation outside calibration,
or towards a ’protection situation’, corresponding to one of the accidents monitored by
the SPNDs. As this is simulated data, the L P D, value is known in both calibration
and non-calibration situations. The neutron code also makes it possible to model the
SPNDs and study the evolution of their response. They can thus be used to predict
the evolution of LPD,,,x and to measure the deviation from its actual value. This
measurement makes it possible to evaluate the representativeness error of the SPNDs

outside calibration.

Physical limit
Uncertainty of the measurement

Threshold * l * Measurement

Figure 2.3.1: Illustration of how the LO Ry pp guaranties a real value of LP D, below
the physical limit.

The purpose of the LOR is to take this representativeness error into account to define
additional margins to be included in on-site surveillance and protection channels.
This ensures that if the measurement is below the LOR’s shifted physical threshold,
the actual value is well below the physical threshold. This reasoning is illustrated by

Figure 2.3.1. The additional margin is noted LO Ry pp.

More specifically, for a core evolution simulation, each of the 72 SPNDs returns
its estimate of LPD., in the non-calibration situation. The maximum of the
estimates is compared with the value simulated by the neutron code, thus obtaining
a representativeness error for the SPNDs, for this core evolution. The Wilks rank
(95,95) is then used on the N, core evolutions to define LOR;pp. This final

statistical processing allows to define a margin that exceeds 95% of the SPNDs’

8
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representativeness errors, with 95% confidence [9].

This threshold construction guarantees the conservatism of the measurement,
ensuring that the surveillance or protection systems are always triggered when the real
value of LP Dy, is above the physical limit. This LOR conservatism is fundamental
to guarantee the core safety. However, if it is associated with an over-conservative
calibration method, it can penalise the availability of the reactor by triggering alarms
even when the real value of LPD,,, is well below the physical limit. This issue is

illustrated by Figure 2.3.2.

Physical limit Uncertainty of the measurement for an

l over-conservative calibration method
Threshold * * Measurement

* I § Lory,
Vv

ﬂ, Over-conservatism penalty

Figure 2.3.2: Illustration of how an over-conservatism penalty is created from the
addition of the uncertainty of an over-conservative calibration method
and the LORLPD.

With the aim of improving the SPND instrumentation, much of the work done so far
has been to improve the LOR method, using statistical assumptions. This made it
possible to reduce this penalty, by lowering the length of the red arrow in Figure 2.3.2.
The objective of this work is not to modify this red arrow, but rather to reduce the size
of the double blue arrow. It does not try to modify the LOR method but focuses on
improving the representativeness of SPND by modifying their calibration method and

the processing applied to their raw response.

2.4 Current Calibration Method

As explained in Section 2.2, the calibration allows the definition of the relation between
the target quantity to measure and the current delivered by SPNDs. Currently, to
measure L P Dy, the relation is assumed to be proportional. For each SPND;; of the

intrumentation rod i and the axial number j (defined in Figure 2.1.2), its calibration

9
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coefficient K is given by the formula

— LPDJCal,IIlaX (2)
Ica

Kij

where LP D}

. . . _ . .. ij s
Cal.may 1S the maximum linear power density is axial domain j and I, is the

current delivered by SPND;;, both measured during calibration. The axial domains
divide the active zone into six volumes, not necessarily disjoint, roughly centred on the

SPNDs of the same axial elevation.

Figure 2.4.1: Illustration of the current calibration process, from [7].

Thus, the twelve detectors of a same axial domain are calibrated using the hottest
spot in their domain. This process is illustrated by Figure 2.4.1. When calibrating
in this way, the response of each SPND in the domain is mainly considered to be
influenced by this hot spot. The aim is to overestimate the proportionality coefficient
in order to overestimate the maximum linear power outside calibration and obtain a

conservative measurement. Indeed, outside calibration, the linear power returned by

10
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SPND;;, LPDi)’jCal, is given by
LPDiOJCal = Ki’j X [(i)ijal’ (3)

where I(i)’jc is the current delivered by SPND;; outside calibration. Then, LP Dy, is

al

chosen as the maximum of the 72 LPD;; values.

Combining Equations 2 and 3, one obtains the relation

. b .
1, OCal D
LPDOJCal = Ii,ja x LP Cal,max" (4)

Cal

This equation shows that, during calibration, all SPNDs in an axial domain j return the
value LPD

Calmax- HOWever, outside calibration, a SPND may overestimate LPD!

OCal,max
if its response is not mainly influenced by the calibration hot spot. For example, if the
hot spot LPD remains constant but the local power influencing the SPND response

will increase, and LPDY . . will

increases without exceeding the hot spot’s power, I ocal

OCal
exceed LPD’

bealmax- LAt kind of evolution explain how the current calibration method

can be over-conservative.

11






3 Methodology and

Characterisation Tools

This chapter describes the means for implementing new calibration methods. It also

justifies the use of different statistical tools to characterise these methods.

3.1 Development of New Methods

To implement new methods and test them, this work uses data sets coming from eleven
LOR studies carried out within Framatome: four surveillance and seven protection
studies. As explained briefly in Section 2.3, the LOR method compute thresholds used
on site for the core surveillance and protection channels. To do that, it simulates
Neyo core evolutions from a calibration situation to a surveillance or a protection
situation. It also simulates SPNDs’ responses during these evolutions. Therefore,
these studies contain the core power distribution, as well as the SPNDs’ currents, at
and outside calibration for each evolution. However, on site, the power distribution is
unknown outside calibration. Thus, this work uses only the SPNDs’ currents, and the
power distribution at calibration, to build its methods. The power distribution outside

calibration is used only to characterise the methods.

This work explores various types of calibration, using always these same data. Some
of them use the same proportionality relation as the current method, but reason on a
more local scale. Other methods explore the possibility of an affine relation. Other try
to use the detectors collectively and "learn” the relation between their response and
LP Dy, through linear regressions. The following chapter details the implementation

of these methods and compares them in order to select the most effective ones.

13
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3.2 Characterisation Criteria

3.2.1 Criteria for a Conservative Method

Several criteria may be relevant for characterising new methods and assessing their
performance. This work identifies four that appear to be the most important:
conservatism, dispersion, representativeness, and over-conservatism. Until this work,
conservatism was the predominant criterion. Figure 3.2.1 represents the relative errors
for evolution cases of a surveillance LOR study, that is, the N, evolutions between a
calibration situation and a surveillance situation. One can see that the current method
is conservative. Indeed, more than 95% of evolution cases have a negative relative

error, corresponding to an overestimated L P Dyay.

---- Wilks(5,95)
—-— Wilks(95,95)

Relative Error

Evolution Cases

Figure 3.2.1: Repartition of the relative errors for the N.,, evolution cases of a LOR
study.

One of the problems with this method, as evoked in Section 2.4, is the error dispersion
it generates, which is symptomatic of poor representativeness and low stability in
different cases. It is therefore important to quantify this dispersion. With the same
objective in mind, it seems relevant to quantify the mean square error associated

with the method. The Wilks rank (95,95) presented in Section 2.3, is also important

14
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to obtain an estimate of LOR;pp, and quantify the conservatism of the method.
Finally, the Wilks rank (5,95) gives the error above which 95% of errors lie, with 95%
confidence. This allows to quantify the over-conservatism of the method, by giving a
lower bound on the error of the most over-conservative cases, and therefore the most
penalising ones. The errors corresponding to these two ranks are noted Wilks(95,95)

and Wilks(5,95) in Figure 3.2.1.

The four criteria mentioned at the beginning of this section therefore correspond
to four statistical measures: error dispersion, mean square error, Wilks(95,95) and
Wilks(5,95). These indicators are effective in the case of a conservative method, giving
a zero LORypp. For non-conservative methods, it is useful to define a few additional

characteristics.

3.2.2 Criteria for a Non-Conservative Method

In the case of a non-zero LO Ry pp, the site threshold is lowered relative to the physical
threshold to ensure that passive and active measures are triggered in more than 95%
of cases. Shifting the threshold amounts to increasing all LP D, values returned by
the method, thereby lowering the relative error values. In concrete terms, the relative
error points are shifted so that the Wilks(95,95) is zero. The principle is illustrated in

Figure 3.2.2.

Characterisation criteria must take this process into account. Once done, the
representativeness of SPNDs, once corrected by LORypp, is quantified by the mean
square error relative to the new zero. The over-conservatism of the method after
shifting is quantified by calculating the difference between the two Wilks errors. When
evaluating non-conservative methods, the characterisation criteria become LOR;pp,
the error dispersion, the mean square error after correction by LORpp, and the

difference between the two Wilks errors.

It is important to understand that the non-conservatism of a method is not necessarily
disqualifying. Figure 3.2.3 attempts to explain this schematically. Two calibration
methods are characterised: an over-conservative method and a non-conservative
method. The yellow stars represent the 5% most penalising measurements, i.e. the
ones where L P D, is the most overestimated. The green stars are the corresponding

real values of LP D, ..
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Figure 3.2.2: Repartition of the relative errors for the N, evolution cases of a LOR
study, for a non-conservative method, without shifting (a) and with

shifting (b).
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For a conservative method, there is no threshold shift, and the most penalising cases
are found using Wilks(5,95), represented by the blue double arrow. If this method
is highly over-conservative, this penalty can be very severe. For a non-conservative
method, the physical limit must first be shifted by a value corresponding to LO Ry pp.
This is illustrated by the red arrow. Then, the most penalising cases are again found
using Wilks(5,95). The sum of these two shifts relative to the physical limit corresponds

to the over-conservatism penalty and is shown by the green arrows.

In the example of Figure 3.2.3, the Wilks(5,95) of the conservative method is greater
than the cumulative threshold shift and Wilks(5,95) of the non-conservative method.
The latter over-conservatism penalty is therefore smaller. Thus, there is ultimately an
Operational Margin Increase (OMI) since the surveillance or protection system was
triggered for a higher actual LP D, in the case of the non-conservative method. It
is represented by the purple double arrow in Figure 3.2.3. For the rest of this work,
the OMI of a new calibration method will refer to the difference between the over-

conservatism penalties of this new method and the current method.

Over-conservative method Non-conservative method

Threshold f Physical limit

1 . Threshold

L AGEEEER

Maximum overestimation = Wilks(5,95)

Most penalising measurement

w
* Real value
3
3

LOR |, = Wilks(95,95)

Over-conservatism penalty = Wilks(5,95) - Wilks(95,95)

‘ oM

Figure 3.2.3: Scheme explaining how a non-conservative calibration method can
create an OMI compared to an over-conservative method.
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4 Presentation of the New
Methods

This chapter details the new methods design.

4.1 Local Linear Methods

As explained in Section 2.2, one of the aspects that can limit the representativeness of
the current calibration method is the fact that the detector is not always predominantly
influenced by the axial domain hot spot, to which it is calibrated. To remedy this,
it seems relevant to search for an ”influence zone” of each SPND, and to look for it
at a more local scale. Also, as Section 3.2.2 justified that non-conservatism is not
a disqualifying criterion, this work explores the possibility to calibrate not to a hot
spot, but to an average local LPD. The calibration relation remains linear as in
Equation 4:

i’j

i I Cal i
LPDgey = ~55% X LPDg. (5)

Cal

The difference is that LP DY, can now be specific to each SPND and that it does not

necessarily correspond to a hot spot but can be an average quantity.

In an initial approach to the problem, two-dimensional zones of influence for SPNDs
can be designed using Voronoi polygons [10]. These polygons are constructed by
drawing the medians between all the points where the SPNDs are located, thus
delimiting zones of nearest detector. The assemblies located in a zone have as their
nearest detector the one in the centre of the zone. Figure 4.1.1 shows these Voronoi
zones. This location can be combined with the axial domains of the current method to

define visibility volumes, which are named "Voronoi volumes” in the rest of this work.
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Figure 4.1.1: Two-dimensional Voronoi zones in an EPR core.

Zones of influence can be further reduced by calibrating the SPNDs to the linear power
of their assembly, which a priori has the greatest influence on its response. Once again,
this method can use the current axial domains to define volumes of influence. Axial

domains can also be modified to further reduce the calibration volume.

With this choice to calibrate more locally, the representativeness of the detectors might
increase, but the method will lose conservatism. Indeed, let’s imagine that two hot
spots are located in two neighbouring Voronoi volumes, each linked to a SPND. Using
a calibration to these hot spots, the response of the detectors is potentially influenced
by both hot spots, but it is calibrated on only one. If one of the two hot spots "fades”
outside of calibration and thus contributes less to the response of the detector in the
other volume, then the latter could decrease, even if the hot spot in its volume has
increased in intensity. This would result in an underestimation of the maximum linear
power in these two volumes, which could lead to a non-conservative measurement.
The current calibration already uses a form of locality, since calibration is performed
on the hot spot of the axial domain, not the entire core. It is therefore not entirely

conservative.
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This example, combined with the reasoning in Section 2.2 on over-conservatism,
emphasises how important it is to calibrate based on what the detector ‘sees’, i.e. what
truly influences its response. A similar reasoning applies when choosing to switch
from hot spot calibration to average power calibration. Representativeness is improved
because, in principle, the SNPD is more sensitive to average flux than to hot spot flux,

but conservatism is obviously lost.

4.2 Affine Methods

Instead of calibrating to hot spots, a different approach is to add a shift that takes into
account the power difference between a local volume and a hot spot. In this case, the

response of SPND;; outside of calibration is given by

1j

. I .
: Cal ,
LPDSCal - Ii,ja X LPDEJal, avg + Sijs (6)
Cal
where LPDéjal, avg 1S the average LPD in alocal volume and s;; is the shift corresponding

to SPND;;. Thus, the relation is no longer linear, as in Equations 4 or 5, but becomes

affine.

For example, it is possible to calibrate to the SPND assembly and construct a shift by
calculating the difference between the axial domain’s hot spot power and the Voronoi
volume average power. Outside of calibration, LPDi(’)jCa11 is calculated using Equation 6,

with s;j = LPD! — LPDY

Cal.max Cal,avg: LD€ construction of the shift is also an arbitrary

choice: that of the hot spot from which LP D, is extracted. Here, too, several choices
of location are possible. It can be the hot spot of the core, of the axial domain, or of the

Voronoi volume.

21



CHAPTER 4. PRESENTATION OF THE NEW METHODS

4.3 Collective Methods

The objective of this type of method is to use SPNDs collectively. To do this, a statistical

treatment is performed called Principal Component Regression (PCR) [11].

4.3.1 Correlation Analysis

The first step in this process is to observe whether there are links between the SPND
responses. A useful tool to do that is to calculate the correlations between the SPND
responses in pairs based on the LOR studies data. Practically, it constructs the
correlation matrix of the relative variations of the raw SPND responses. In this matrix,
the coefficient Corr). is the correlation coefficient between the responses of SPND 1

and SPND c. This coefficient is given by the formula

Cov(X), X¢)

Corn =
010¢

where X represents the sample of relative variations of the raw SPND k responses, oy

the dispersion of this sample, and Cov the covariance operator.

1.00
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o
©
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0.96
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Figure 4.3.1: Illustration of the correlations between the relative variations in the
responses of the 12 detectors in axial domain 4.
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An example of a matrix is shown in Figure 4.3.1, for the evolution cases of a surveillance
LOR study. Here, only the correlations between detectors of the same axial domain,
the fourth one, are represented, from the pair of SPNDs furthest from the centre of the
core to the pair closest to it. The Corr). coefficients are close to 1, and this remains
true for all domains. It indicates a very strong correlation between SPNDs of the same
domain. This matrix can also be constructed using the 72 detectors of the core or the
six detectors of an instrumentation rod. The following reasoning applies in all these

cases.

4.3.2 Macro-Detectors Construction

Due to the symmetry of the covariance operator, this matrix is symmetric. It
is therefore diagonalisable and has an orthonormal basis of eigenvectors. These
eigenvectors are linear combinations of detectors that provide responses that are not
correlated with each other. They are called ‘macro-detectors’ in the rest of this work.
Physically, this amounts to establishing the main directions in which the detectors vary
across the Ny, cases. The eigenvalues associated with the eigenvectors correspond
to the amplitude of the variations along these directions. They are displayed in
descending order in Figure 4.3.2, again in the case of the study of the twelve detectors

of the same axial domain.

Figure 4.3.2 shows that one direction has an amplitude of variation almost two orders
of magnitude larger than the others. This direction corresponds to an average of all
detectors in the domain. This means that, as a first approximation, all detectors vary
in the same way from one case to another. This seems to indicate that the detectors
are primarily influenced by the mean power evolution of the domain. The specificity of
hot spot locations between cases has only a secondary impact on the SPND responses.
This assessment justifies calibrating on mean power instead of hot spots to improve
representativeness. Figure 4.3.2 also highlights that eigenvalues decrease rapidly.
This is partly due to the symmetry assumptions of the simulations. Therefore, the
number of degrees of freedom can be reduced by focusing only on the macro-detectors
corresponding to the highest eigenvalues. For the remainder of this work, only the
first three macro-detectors are retained. The variances associated with these represent

more than 99% of the total variance.

In practice, macro-detectors are constructed using the covariance matrix, rather than
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Figure 4.3.2: Amplitude of the eigenvalues corresponding to the orthogonal
eigenvectors of the correlation matrix displayed in Figure 4.3.1.

the correlation matrix, of the relative variations in the responses of detectors within the
same domain. This choice is based on the homogeneity of the quantities being studied.
The decision to study relative rather than absolute variations is based on the need to
ensure that the results of the studies can be applicable on site. Finally, this method
seems to work better when each domain is considered independently, rather than the
entire core or each rod. This is due to higher correlations between detectors in the

same domain.

4.3.3 Multilinear Regression

These first two steps constitute the Principal Component Analysis (PCA) process [12].
Its objective is to obtain variables that are uncorrelated with each other in order to
perform a multilinear regression of a desired quantity on them. The uncorrelation of
the variables allows for a more stable regression. With the same objective in mind, the
samples X of relative variations of macro-detector responses are standardised using

the following process:
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where X4 is the standardised sample, px is the mean value of the sample, and o is

its dispersion.

Thanks to the PCA and this last process, three X4 are built for each domain, using
the study data. They correspond to the N, relative variations of the three main
macro-detectors responses. Then, a multilinear regression of LPDJ;)Ce11 max

on these samples. Computationally, the regression uses the Ordinary Least Squares

is performed

numerical method [13].

4.3.4 Entire Treatment

% Predicted LPDpax X
X Real LPDpax

LPD

Cases

Figure 4.3.3: Comparison between the real L P D,,,, and the L P D, predicted by the
macro-detector method, in axial domain 4.

In summary, the sample of evolution cases is first used in order to establish the
set of weighting coefficients, which allows to construct three macro-detectors for
each axial domain. It is then used to establish the set of regression coefficients by
studying the link between the relative variation in the domain’s LPDy,,, and the
relative variations in the macro-detector responses. This PCR phase therefore builds a
set of weighting coefficients and a set of regression coefficients for each axial domain,

from study data. Then, for each evolution case, the SPNDs responses are weighted
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to construct macro-detector responses. These give, combined with the regression
coefficients, the variation in L P Dy, for the domain. Since LPD is known, one

Cal,max
can deduce LPD’

OCal,max*

Figure 4.3.3 compares the LPD’;)CaLmlX predicted with the

actual one.

As mentioned above, the PCR was carried out by studying cases of evolution from a
calibration situation to a surveillance situation. However, the same sets of coefficients
will be used to study evolutions towards accidents. It is unfeasible to have a set of
coefficients for each type of accident, since in practice, on site, it will not be possible
to detect these accidents and modify the set accordingly. It is therefore necessary that
the coefficients be applicable in all situations. The question of their transposability to

different reactors and different fuel cycles will be treated in Section 5.6.2.

4.4 Hybrid Method: Local & Macro-Detectors

Methods that combine the calibrations and treatments of the methods mentioned
above were also tested. The first is similar to the macro-detector method mentioned in
Section 4.3, combined with local linear calibration presented in Section 4.1. The idea
is also to perform a PCR, but of the absolute variation in LP D, over the absolute
variations in LPDs returned by macro-detectors. These are obtained by conducting
PCA, the first phase of , on locally calibrated responses from SPNDs, rather than raw
responses. This preliminary calibration resolves the issue of their applicability on
site, mentioned in Section 4.3.2, allowing absolute rather than relative variations to

be used.

First, a sample of SPND responses is calibrated using a local method. Then, PCA is
conducted on the absolute variations of these responses, building a set of weighting
coefficients. The regression coefficients are obtained using the regression as in
Section 4.3.3, measuring absolute instead of relative variations. Studying a case of
evolution, the SPNDs are first calibrated using the same local method. Combining
their calibrated response with weighting coefficients, one obtains macro-detectors
responses. Using regression coefficients, the absolute variation of LP D, is obtained.
Here, again, multiple choices are possible for the local method. These choices will be

characterised in Section 5.3.
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4.5 Hybrid Method: Correlation & Local

The idea behind this latter method is to study the correlations between the SPND
responses and the LPDs of the surrounding assemblies. To do this, as in methods
using macro-detectors, correlation coefficients are calculated by comparing the relative
variations in SPND currents and the relative variations in LPDs of the surrounding
assemblies. The latter can be averaged axially to construct only two-dimensional
correlation coefficients, or not averaged to obtain a three-dimensional correlation map.
The correlation coefficients obtained are used to weight the average LPD in a given
area, as in a conventional local calibration. The aim is to define the SPND visibility
zone more precisely. As shown in Figure 4.5.1, the visibility zones in which averaging
is performed are defined using the Voronoi zones shown in Figure 4.1.1, coupled with

a positive correlation condition.
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Figure 4.5.1: Correlations between the relative variations of SPND J16 responses and
of axially averaged LPDs of the assemblies in axial domain 4, for a
surveillance LOR study.

Correlations do not exactly quantify the SPND “visibility”. They quantify the extent
to which two quantities vary in the same way. This may be linked, for example, to

symmetry assumptions in the core power distribution. For example, in Figure 4.5.1,
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the response of the SPND J16 is correlated with the LPDs of neighbouring assemblies,
which are themselves correlated with those of symmetrical assemblies. To limit
the impact of inter-assembly correlations due to symmetries, and construct visibility
zones, correlations are calculated using the ‘centred’ relative variations of the SPND
and LPD responses, i.e. the average variation across the entire axial domain is
removed. Finally, since a negative influence of an assembly on the response of an
SPND has no physical meaning, negative correlation coefficients are treated as zero

correlation, outside the visibility zone.

Now that the functioning of all method categories has been presented, this work will
focus on quantifying and compare the characteristics of these new methods, using the

tools evoked in Sections 3.2.1 and 3.2.2.
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5 Characterisation and
Analysis

In this chapter, the new methods are characterised using tools presented in
Sections 3.2.1 and 3.2.2. They are tested on samples from one surveillance LOR study

and seven protection LOR studies, simulating seven accidents listed in Appendix.

5.1 Characterisation of Local Linear Methods

First, let’s study methods based on more local linear calibration, described in
Section 4.1. The objective is to determine an optimal locality that corresponds to an
area of better visibility for the SPND. The optimality of the location can be observed in
the stability and in the representativeness of the method, which are quantified using an
estimator of the sample dispersion, and the mean square error relative to the threshold,
respectively. The evolution of these two quantities for different situations are displayed

on Figures 5.1.1 and 5.1.2.

The methods studied here explore different areas. The Vor_avg method calibrates the
SPND response to the average LPD of all meshes in the SPND’s Voronoi volume. The
Ass_avg method calibrates to the average LPD of all meshes of the SPND’s assembly,
in the axial domain. The Ass_max method calibrates to the SPND assembly hot spot
LPD, in the axial domain. Finally, the Curr method is the current method, calibrating

to the axial domain hot spot LPD.
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Figure 5.1.1: Error dispersion for different local methods, and different evolution
situations.
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Figure 5.1.2: Mean square error compared to the threshold for different local
methods, and different evolution situations.
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The advantages of alocal method are immediately apparent. The new methods produce
less dispersed and significant errors. Comparing Ass_max and Ass_avg, it seems
that calibrating to an average LPD instead of a hot spot reduces the dispersion of
errors, but increases the overall mean square error. Ass_avg and Vor_avg have similar
performances in terms of dispersion, but the mean square error indicates that Vor_avg
is more representative. The optimal two-dimensional locality in terms of stability and

representativeness should therefore be around the Voronoi zones.

Concerning conservatism, it is important to note that LO Ry pp takes only two values for
each method: one for the surveillance channel and one for the protection channel. For
surveillance, this value is the Wilks(95,95) error. For protection, it is the maximum
value of the Wilks(95,95) error across all protection situations, to ensure that the

method is conservative in all the protection situations studied.
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Figure 5.1.3: Wilks(95,95) errors for different local methods, and different evolution
situations.

Figure 5.1.3 shows that none of the new methods is conservative, and that the
Wilks(95,95) error varies a lot between them. Indeed, Ass max has LORpp values
around half the one from averaging methods. This figure also shows that the current
method is not completely conservative in the "SLB” protection situation, which again

confirms that non-conservatism is not disqualifying.
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Figure 5.1.4: Over-conservatism penalty for different local methods, and different
evolution situations.
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Figure 5.1.5: OMI for different local methods, and different evolution situations.
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The two last characteristics studied are the over-conservatism penalty of the method
and the OMI presented in Section 3.2.2. These two characteristics are shown in
Figures 5.1.4 and 5.1.5 respectively. These two criteria represent essentially the same
thing, but Figure 5.1.4 shows that the irregularities in OMI between situations in
Figure 5.1.5 are often due to large variations in the over-conservatism penalty of the

current method.

They rank the methods in the same way as the dispersion and favour local and averaged
methods. Indeed, as the over-conservatism penalty is calculated roughly from the
difference between the two Wilks errors, it is also a measure of dispersion. Thus, for
the rest of this paper, the focus will be solely on quantifying LO Ry pp, the OMI and the

mean square error to fully characterise a method.

According to the OMI criterion, the Vor_avg method seems to have overall better
performances. To confirm that and continue improving the calibration volume, a
research on optimised axial domains was conducted. The goal is to determine the axial
visibility of SPNDs by finding the axial domains that maximise the OMI. The results of

this research for the method Vor_avg are presented in Figure 5.1.6.
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Figure 5.1.6: OMI across different evolution situations, for different versions of the
method Vor_avg, using different axial domains of calibration.

In this figure, Vor_avg_curr uses the axial domains of the current calibration method.

33



CHAPTER 5. CHARACTERISATION AND ANALYSIS

Vor_avg_ultra tries to reduce these domains to the smallest containing the detectors.
Vor_avg_opti uses optimised domains maximising the method’s OMI. Without going
into details, optimised domains are slightly smaller that the ones used by the current
method. However, the difference in OMI is non negligible, which highlights the need
for this optimisation. The method Vor_avg ultra shows that a too narrow domain
results in performance losses. This is due to neglected meshes in the calibration
process, meshes that influence the SPND response. Similar results are found for the
Ass_avg method. Thus, for the rest of the work, these optimised axial domains will

replace the current ones.

Figure 5.1.7 represents the OMI of local averaging methods with optimised axial
domains. It confirms that the method Vor_avg has the best performance in terms
of OMI. Figure 5.1.2 showed that it also has the lowest mean square error in most
situations. Although it has a two times bigger LO R pp than a local hot spot method,
as shown in Figure 5.1.3, this method will be considered the most effective local linear
method. It will therefore be used for comparison when characterising the method of

other categories.
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Figure 5.1.7: OMI across different situations, for two axially optimised linear local
calibration methods.
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5.2 Characterisation of Affine Methods
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Figure 5.2.1: OMI of different affine methods, for different situations.
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Figure 5.2.2: Mean square error of different affine methods, for different situations.
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Now that the locality of calibration has been optimised, this section measures the

impact of adding a shift in the calibration process. As explained in Section 4.2, there
i

Cal, avg
is compared. In this section, three affine methods are built from the method Vor_avg

are several possible shifts, depending on the hotspot L P D¢,) max With which LPD

using different shifts, that is, different hotspots. Vor_avg_vor uses the Voronoi volume
hotspot, Vor_avg_dom uses the axial domain hotspot, and Vor_avg_core uses the entire
core hotspot. Their OMI and mean square error are compared to the linear method

Vor_avg and are represented in Figures 5.2.1 and 5.2.2, respectively.
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Figure 5.2.3: Wilks(95,95) errors of different affine methods for different evolution
situations.

Figures 5.2.1 and 5.2.2 show that affine methods lose margin compared to the linear
method. They lose even more as their shift loses locality, as shown by the comparison
of Vor_avg_domand Vor_avg_core performances. Affine methods lie on the hypothesis
that the difference between the hotspot power and the averaged power stays constant
during transients. This strong hypothesis is less justified when the hotspot loses
locality. The loss is smaller when switching from the Voronoi volume shift to the
domain shift. This is linked to the high correlations in the power distribution of an axial
domain, evoked in Section 4.3.1. Unlike OMI and representativeness, conservatism

increases when the shift loses locality, even if all methods remain non-conservative.
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This is displayed in Figure 5.2.3.

In the surveillance LOR study, adding a shift, built from the Voronoi or the domain
hotspot, does not significantly reduce the OMI, but approximately divides LO Rypp
by three. It can be a viable choice to find a compromise between representativeness,
stability and conservatism. Although non-conservatism is not disqualifying, reducing
LO Ry pp reduces the method dependency in LOR thresholds and study results. In affine
methods, the majority of the conservatism comes from on site measures and not from
pre calculated values from a study. The latter might depend on the fuel cycle, on
the specific EPR geometry etc. Therefore, to build a more flexible and transposable

method, it is relevant to reduce its dependence on LO Ry pp.

5.3 Characterisation of Collective methods

In this section, three macro-detector methods are compared with the Vor_avg method.
The first, corr_raw, uses coefficients derived from the multilinear regression of the
relative variation in L P D}, on the relative variation in macro-detector currents. The
macro-detectors are constructed by studying the correlations between the relative
variations in the raw responses of the domain j SPNDs. The process is detailed in
Section 4.3. The second and third, corr_LPDs_vor and corr_LPDs_ass, are hybrid
methods using coefficients derived from the multilinear regression of the absolute
variation in LPD),., on the absolute variation in the calibrated responses of the
macro-detectors. These responses are obtained by first calibrating SPNDs of domain
j locally, using the methods Vor_avg and Ass_avg, respectively, and then studying
the correlations between the absolute variations of these calibrated responses. Their

construction is detailed in Section 4.4.

Figure 5.3.1 shows that hybrid methods appear to be more effective than the corr_raw.
This is due to the greater stability of linear regression in the case of studying absolute
variations, which can only be used if SPNDs are already calibrated. Also, pre-
calibrating SPNDs with the method Vor_avg seems more effective than with Ass_avg.
This is confirmed by the comparison of their mean square error, which is not shown
here. These macro-detector methods are equally or more effective than the local
method for the surveillance situation but fail in certain protection situations. This is

due to the transposability of the sets of coefficients used.
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Figure 5.3.1: OMI across different situations, for three macro-detector methods
compared with Vor_avg.

As explained in Section 4.3.4, these methods use sets of pre-calculated coefficients.
The same sets of regression and weighting coefficients are used for all situations. They
are derived from a surveillance LOR study of a particular EPR for a particular cycle.
This explains why this method works so well for surveillance but loses quality when
deviating too far from normal operation in some protection situations. More generally,
this curve highlights the problem of using these sets of coefficients outside normal
reactor operation. A similar problem will arise when using the sets in other cycles
and EPRs studies. Finally, these macro-detectors methods are more conservative
than local linear methods, with a LOR;pp close to affine methods using a domain
built shift. Thus, this category seems interesting for surveillance purposes, because
of its high representativeness and low LORpp. However, it loses its relevance for

protection.

5.4 Characterisation of Hybrid Local Methods

The OMI evolution of two hybrid local methods is shown in Figure 5.4.1. The

local_corr method first calculates the axial average of LPDs for each assembly in the
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domain and then uses the correlations between the SPND responses and the averaged
LPDs to weight the two-dimensional average over the Voronoi zone. In the case of
the local corr_ 3D method, the average is calculated directly on the entire Voronoi

volume, weighted by three-dimensional correlation coefficients.

Figure 5.4.1 emphasises that local corr appears to be more reliable than
local corr_3D. It means that the use of correlation coefficients does not accurately
reflect the axial visibility of the detectors, unlike their radial visibility. Furthermore,
local_corr matches the performance of Vor_avg in almost all situations, supporting
the hypothesis that the optimal visibility area is close to the Voronoi zone. In terms
of mean square error and conservatism, local corr performs similarly to Vor_avg.
The same problem arises as with macro-detector methods: correlation coefficients are
established from a data set corresponding to a surveillance LOR study, for a specific
EPR and a specific cycle. Although these coefficients appear to remain viable in the
various accidents studied here, as illustrated by the stability of the two methods’

performance, their viability will need to be verified in other studies.

—¢ Vor_avg
—- local_corr X
-~ local_corr_3D ]

oMl
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Surveillance wACT  woACT SLB URBWP dilwACT dilwoACT RD3

Figure 5.4.1: OMI across different situations, for two hybrid local methods compared
with Vor_avg.
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5.5 Comparison of the Best Methods

Now that the performance of each category of methods have been presented, the best
methods in these categories are selected and compared. For local linear methods,
Vor_avg is selected. Its affine equivalent Vor_avg_dom, with a shift constructed using
the hot spot of the axial domain, is also selected. For macro-detector methods, the
hybrid method corr LPDs_vor is chosen. Finally, 1ocal corr is also selected. Their

characteristics are quantified in Figures 5.5.1, 5.5.2 and 5.5.3.

—— Vor_avg X
Vor_avg_dom

=»- corr_LPDs_vor

== local_corr

OoMI

o 1 T T T T T 1 T
Surveillance wACT  woACT SLB URBWP dilwACT dilwoACT RD3

Figure 5.5.1: OMI across different situations, for the best methods of each category.

For the surveillance channel, the hybrid method with macro-detectors corr LPDs_vor
produces the best results. Although the difference in OMI with other methods seems
limited, this method also has the advantage of being rather conservative, with a LO Ry pp
approximately three times lower than linear local methods. It also has the lowest
mean square error in surveillance. This method is therefore the most representative
in surveillance situations. Unfortunately, it loses much of its effectiveness in certain

protection situations.

For the protection chain, the local_corr and Vor_avg methods are the best choice.
The two methods have very similar performance, but Vor_avg has the advantage of

being based on a simpler principle, not depending on pre-calculated coefficients, and
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Mean Square Error

Figure 5.5.2: Mean square error across different situations, for the best methods of

Wilks(95,95)

X =X Curr
—— Vor_avg
Vor_avg_dom
=X»=- corr_LPDs_vor
== local_corr

0 T
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each category.

-%- Curr
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Figure 5.5.3: Wilks(95,95) errors across different situations, for the best methods of

each category.
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displaying a slightly lower mean square error. The affine method Vor_avg_domremains
a valid choice, as it is still better than the current method in all situations. It becomes
competitive if there is a need to lower the dependency in LO Ry pp values and if collective
methods are ruled out. This could be the case due to other characteristics detailed in

the next section.

42



CHAPTER 5. CHARACTERISATION AND ANALYSIS

5.6 Additional Characterisations

To fully characterise the new methods, two additional criteria are important. The first
concerns the management of failures by the new methods. The second characterises
the stability of the methods’ performances when they are tested with data from other

LOR studies, potentially with other EPRs and other fuel cycles.

5.6.1 Failure Management

On site, one or more SPNDs may malfunction. In this case, their signal is lost and
the surveillance and protection thresholds are adjusted accordingly. The latter are
calculated using LOR studies. Unfortunately, the precise method for computing them
cannot be described here as it is confidential. The current failure management can
be applied as is to all the new methods presented, except for the macro-detector

methods.
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Figure 5.6.1: Evolution with the number of failures of the over-conservatism penalty,
for a surveillance LOR study, and the selected methods.

The selected methods, except for corr_LPDs_vor, are therefore compared for a number
of failures between 0 and 9. The penalty results in surveillance situations are shown in

Figure 5.6.1. The choice of displaying the penalty instead of the OMI is justified by the
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need to study the Curr performances with failures. With this management, 1ocal corr
and Vor_avg have similar overall performances. Therefore, this management does not
favour one of these methods. The affine method also handles well failures and even
loses a part of its penalty when more SPNDs malfunction, as does the Curr method.
Finally, this figure emphasises that, with this failure management and for surveillance,
all the selected methods keep better performances than the current method, with
an approximately two times lower penalty. Without showing the results here, those

results remain true for every type of situation.

To try to study the impact of failures on macro-detector methods, a new management
of failures was considered. It uses one of the main observations of this work: the high
correlations between SPNDs of a same axial domain. Indeed, in Section 4.3.2, the fact
that variations in SPND responses are highly correlated was used to construct macro-
detectors. As shown in Figure 4.3.2, the first direction of variation is more than 30
times greater in magnitude than the other. It is a direction in which all SPNDs vary
with the same amplitude. This explains in particular the effectiveness of methods that

calibrate on average power rather than a hot spot.

This new failure management approach uses this result to infer the response of
the failed SPND from the responses of the non-failed SPNDs and the inter-detector
correlation coefficients. This is almost equivalent to saying that, since these
coefficients are almost equal, the failed SPND varies as the average variation of the
other SPNDs. To obtain a conservative LO Ry pp value with this management, the most
penalising failure must be found. To do that for a single failure, all 72 failures are tested
for each case, and the one giving the highest error is kept. Figure 5.6.2 compares the
evolution of the OMI for the non-collective selected methods in case of a single failure

for both failure managements.

The selected methods have roughly the same OMI for both managements. This new
idea is therefore not very interesting for non collective methods, for a single failure.

Testing for more failures would require a lot of computations. Indeed, to find the

72

most penalising failure configuration with & malfunctions, (*;

) computations’ must
be performed for each case. For k£ = 9, this corresponds to approximately 4 x 10'2
computations. To avoid exploring all these configurations, a statistical approach could

be possible using, for example, the Wilks(95,95) quantile on a random sample of

This corresponds to the binomial coefficient, quantifying how many different samples of size k can
be extracted from a sample of size 72.
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configurations. This was not done in this work.

oM

Vor_avg_classic
—o— Mor_avg_correl
—— Vor_avg _dom_classic
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Figure 5.6.2: Comparison of both failures management using the evolution of the
selected methods’ over-conservatism penalties across situations. Suffix
”_classic” designates the current management and suffix ”_ correl”
designates the new management, using correlations.
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Figure 5.6.3: OMI of the selected methods across situations, for one SPND failure,
with the new failure management.
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Finally, this new management is tested on all the selected methods, including
corr_LPDs_vor, to characterise how this method handles failures. The results are
displayed in Figure 5.6.3. It emphasises that the macro-detector method also handles
a single failure very well, keeping equal performances as if there were no malfunction.
It remains the best method in terms of OMI, mean square error and conservatism
for surveillance but still weakens for several protection situations. Again, the case of

multiple failures needs to be investigated for this method.

5.6.2 Stability across Different Studies

Coefficients Transposability

The results of this work have so far been obtained from data from a LOR study carried
out on a specific cycle of a specific EPR. This study will be referred to as Study 1. The
issue of transposability to other studies of some of the new methods using previously
calculated sets of coefficients was quickly raised in Sections 4.3.4 and 4.4. This is what
this section examines. Three other LOR studies are available. For these studies, only

surveillance situations are tested with the new methods.

—— local_corr_coefsl

—x- local_corr_coefs_study
corr_LPDs_vor_coefsl

=»- corr_LPDs_vor_coefs_study

oMl

Studies

Figure 5.6.4: OMI of the methods using pre-calculated coefficients across studies,
reusing coefficients from Study 1 or computing them for each study.
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Figure 5.6.4 compares the performance of methods local corr and corr_LPDs_vor,
both using pre-calculated coefficient sets, in two cases: one where the sets are
calculated only for Study 1 and reused for the other studies, corresponding to suffix

»

_coefs1”, and the other where the sets are recalculated for each study, corresponding

»

to suffix ”_coefs_study”. The two methods give similar results in both cases.
Therefore, their coefficients appear to be transposable. For the correlation coefficients
linking the raw SPND response to the assembly LPD used by local_corr, this means
that these correlations are not cycle or EPR model dependent. It is encouraging
because the zones of visibility they define appear more stable and reliable. Concerning
the macro-detector coefficients, their stability may indicate that there is a strong,
generalisable, physical link between the power distribution and their response. This
could be related to the geometric eigenmodes of the distribution. Further research

could be conducted on this subject.

Characterisation across Different Studies

The different methods selected for Study 1 are now characterised for each study, in
surveillance situations. For the local corr and corr LPDs_vor methods, the sets of
coefficients are calculated for each study. Three criteria are studied : the surveillance
LO Ry pp values in Figure 5.6.5, the mean quadratic error in Figure 5.6.6, and the over-

conservatism penalty in Figure 5.6.7.

First, Figure 5.6.5 shows that the local methods local corr and Vor_avg have
surveillance LOR;pp values that vary with the study. This is not the case for the
Vor_avg_vor and corr_LPDs_vor methods. This is a point to consider when deciding
whether or not to use these last methods. Indeed, this confirms the concerns raised in
Section 4.2 on the potential dependence of low-conservatism methods on their LOR;pp
values. These values are high and vary significantly from study to study, making it

essential to calculate them for each cycle and each EPR.

Figures 5.6.6 and 5.6.7 show essentially the same thing: new methods remain more
representative than the current one for every study. They also highlight that the
Curr method has unstable performance across studies, which is another argument
against it. All methods have quite similar performance. The choice between them
will therefore depend more on the ambition and on the resources deployed for their

implementation.

47



CHAPTER 5. CHARACTERISATION AND ANALYSIS

=% Curr

—— Vor_avg
Vor_avg_dom

—x- local_corr

=»=- corr_LPDs_vor

LORpp

—
——

¥mm—m————————— x= ~«
.............. Xouo..,
U ek """"""'X""'""-"—"—'———_________-._.__"._.._.._.____
X
1 2 3 .

Studies

Figure 5.6.5: LORypp evolution across different surveillance LOR studies, for the
selected methods.
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Figure 5.6.6: Mean square error evolution across different surveillance LOR studies,
for the selected methods.
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Figure 5.6.7: Over-conservatism penalty evolution across different surveillance LOR

studies, for the selected methods.
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6 Conclusions

6.1 Final Comparisons and Scenarios for

Improvement

This work studied new methods of calibration using the SPND signal to measure
LPDya. As the current method gives a very conservative but unrepresentative
measurement, new methods sought to correct this flaw, by increasing the calibration
locality to define an optimal visibility zone for the detectors, or by attempting to use
the SPNDs collectively. This gain in representativeness came at the cost of a loss
of conservatism, but the LOR method, through the shift in the physical surveillance
or protection threshold, makes it possible to recover this conservatism, potentially

yielding an OMI compared to the current method.

For all the new methods, this gain, as well as the representativeness error and LOR;pp
values, was quantified to select the best methods in each category. The new methods
retained an advantage even in the event of failures, and this work suggested a new
method for failure management, adapted to macro-detector methods. Finally, the

transposability of the results in other studies was verified.

Table 6.1.1 summarises the methods selected and explains their advantages and
disadvantages. From this information, two scenarios for improving the use of SPNDs
seem relevant. The first is ambitious. It supposes two methods used in parallel:
the corr_LPDs_vor method for surveillance and the Vor_avg method for protection.
Thus, the physical threshold for surveillance would be shifted by the surveillance
LORypp value of corr_LPDs_vor, and the threshold for protection by the LOR;pp
value of Vor_avg. The two methods give two values of LP Dy, each compared to
its corresponding threshold. This scenario would require a great deal of preliminary

research in order to function properly. In order to optimise the performance of
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Table 6.1.1: Comparison of the selected methods

« Most efficient for
protection situations

« Compatible with both
failure managements

Method Advantages Disadvantages
v
or_avg . Simple « Dependence on high
« No precomputed values of LORypp
coefficients

local corr
« Performance close to

Vor_avg in surveillance
and protection

« Compatible with both
failure managements

+ Need of precomputed
coefficients

« Dependence on high
values of LOR;pp

Vor_avg_vor .
« Compromise between

representativeness and
conservatism

« Low dependence on
LOR;pp, close to
conservatism

« Compatible with both
failure managements

« Lower performance in
surveillance and
protection than its linear
equivalent

corr_LPDs_vor )
 Best performance in

surveillance, for most
studies

« Low dependence on
LOR;pp, close to
conservatism

» Lower performance for
some accidents

+ Need of precomputed
coefficients

+ Need of a new failure
management
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corr_LPDs_vor, its coefficient sets would be recalculated for each cycle and each EPR
model. The LORpp values of Vor_avg would also need to be recalculated to ensure
that the measurements remain conservative. Finally, it would require to change the

failure management.

The second scenario is easier to implement and would require little preliminary study.
In this scenario, a single method is used for surveillance and protection of the core. The
affine method Vor_avg_vor is chosen, as it has the advantage of producing a positive
OMI while remaining close to conservatism and weakly dependent in ZO Ry pp values. It
is also easy to implement, compatible with current failure management, and it does not
require pre-calculated coefficients. This scenario has slightly lower performance than
the first one, but these last advantages make it an ideal candidate for quickly replacing

the current method of calibrating SPNDs.

6.2 Leads for Future Research

In this work, much research has been devoted to determining an optimal visibility
zone for SPNDs. Several arguments seem to support the idea that it lies around two-
dimensional Voronoi zones and around the optimised domains concerning axial vision.
Nevertheless, more in-depth work could be carried out to determine what actually
influences the response of SPNDs, for example by using a Mont-Carlo code to simulate
the transport of numerous neutrons in the vicinity of a detector, to determine which

assemblies the neutrons reaching the SPND originate from [6] [14].

Furthermore, the study of macro-detectors seems to point to the presence of
eigenmodes in the power distribution within the core. It would be interesting to
combine the observations from this work with models of these eigenmodes in order
to further improve the collective methods for using SPNDs. More research could also
be devoted to the new management of SPND failures, for more than one malfunction,

in order to verify whether it remains viable.
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Appendix - Accidents monitored by

the SPND intrumentation

WACT — EISFWACT
Excessive Increase in Steam Flow with Average Coolant Temperature Control
Anincrease in heat removal leads to a decrease in core temperature and pressure.

An increase in reactor power is observed, with coolant temperature controlled by

control rod insertion.

WOACT — EISFwoACT

Excessive Increase in Steam Flow without Average Coolant Temperature

Control
Anincrease in heat removal leads to a decrease in core temperature and pressure.

An increase in reactor power is observed, without coolant temperature control by

control rod insertion.

SLB

Steam Line Break

An increase in heat removal from one steam generator induces a decrease in coolant

inlet temperature in one quarter of the core.
An asymmetric increase in core power is observed.
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URBWP
Uncontrolled RCCA Bank Withdrawal at Power

A sudden ejection of a control rod bank leads to an increase in core temperature and

pressure.

An increase in core power is observed.

dilwACT
Uncontrolled Boron Dilution with Average Coolant Temperature Control
A boron dilution accident induces a reactivity insertion in the core.

A rapid insertion of control rods compensates for the reactivity insertion.

dilwoACT

Uncontrolled Boron Dilution without Average Coolant Temperature Control
A boron dilution accident induces a reactivity insertion in the core.

An increase in core temperature and power is observed.

RD3
Three Rod Drops of the Same RCCA
Drop of three control rods belonging to the same cluster.

An asymmetric increase in core power, pressure, and temperature is observed.
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