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A B S T R A C T

Reaching the standards set forth for Generation IV nuclear power
is a challenging task, demanding increased resource utilization, de-
creased volumes of long-lived radiotoxic waste and increased safety
- all while being economically competitive. However, no less than six
reactor concepts have been identified as capable of fulfilling the de-
mands. Among these, the Sodium Fast Reactor (SFR), probably repre-
sents the most mature technology as more than 20 plants of this type
have been operated to this day.

One design-specific issue for the SFR is the risk of a leak inside the
steam generator, resulting in a violent sodium-water reaction. Such an
event is not catastrophic but neeeds to be detected and mitigated in a
fast and reliable way. The standard detection method today is based
on monitoring of dissolved hydrogen, which gives high sensitivity
but slow response. The possibility of using acoustic instrumentation
instead has been an active research topic since the 1970s and such a
method would indeed be able to respond much faster. Demonstrating
that it is, at the same time, robust against false alarms while detect-
ing the fairly weak and possibly unknown acoustic signals associated
with leaks has however proven to be a difficult problem.

Today, the Commisariat à l’énergie atomique et aux énergies alterna-
tives (CEA) performs research and development, notably within the
scope of the ASTRID (Advanced Sodium Technological Reactor for
Industrial Demonstration) project, with the aim of entirely eliminat-
ing the sodium-water reaction risk. This is achieved by a Brayton cy-
cle design, using a nitrogen turbine and innovative compact sodium-
nitrogen heat exchangers. In case of a leak in this system, the low
solubility of nitrogen in sodium and the high pressure in the tertiary
circuit would increase the secondary circuit pressure, locally deterio-
rate the exchanger performance and possibly result in harmful hydro-
dynamic effects. Together with the risks associated with a potential
gas leak over to the reactor vessel, this motivates the use of leak de-
tection even for a system where the chemical risk is excluded.

This thesis concerns passive acoustic detection of small leaks, pri-
marily for a SFR sodium-nitrogen heat exchanger concept, arguing
that this method is indeed suitable based on new experimental re-
sults, numerical simulations and studies on existing and novel detec-
tion algorithms. The word passive in this case refers to a monitoring
system that does not send any acoustic signals on its own, but rather
records the noise of the plant online and aims to detect leaks through
changes in this signal.
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The work is presented in five chapters, with the first being a general
introduction and the second a review of the scientific literature on the
steam generator problem. The third chapter concerns experimental
acoustics on leak-simulating nitrogen injections as well as on normal
operation noise from a mock-up sodium-nitrogen heat exchanger. The
fourth chapter is devoted to development of new detection concepts
and methods, intended to be of general interest also for other fields
where fast and reliable change detection in noisy signals is needed.
Conclusions, discussion and ideas for further research are given in
the last and fifth chapter.
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S U M M A RY I N S W E D I S H

De krav eller önskemål som ställts upp för den s.k. fjärde generationens
kärnkraft innefattar, enkelt uttryckt, att uranresursanvändningen och
säkerheten skall förbättras och mängden långlivat radioaktivt avfall
minska, samtidigt som tekniken skall vara fortsatt konkurrenskraftig
på marknaden. För att uppnå detta kommer flertalet tekniska ut-
maningar att behöva lösas. Inte mindre än sex reaktorkoncept har
dock, av det s.k. Generation IV Forum, identifierats som kapabla att
helt eller delvis uppfylla kraven. Bland dessa koncept är det antagli-
gen den natriumkylda snabbreaktorn som nått längst i fråga om teknisk
mognadsgrad eftersom drygt 20 anläggningar av denna typ redan
tagits i drift under den civila kärnkraftens drygt 50-åriga historia.

Alla tekniska lösningar har sina specifika för- och nackdelar. För
den natriumkylda reaktorn utgör risken för natrium-vattenreaktion
inuti ånggeneratorerna vid ett eventuellt läckage ett betydande kon-
struktionsspecifikt problem. Sådana incidenter är inga katastrofer i
sig men de behöver detekteras och hanteras snabbt och tillförlitligt för
att inte utsätta andra delar av anläggningen för skada. Dagens stan-
dardmetod för läckagedetektion i natriumkylda reaktoranläggningar
bygger på kemisk mätning och övervakning av vätehalten i natrium,
vilket ger en känslig metod som dock har lång och driftpunktsberoende
responstid. Möjligheten att istället använda akustiska metoder, vilket
har potential att förbättra responstiden avsevärt, har studerats sedan
1970-talet. Att då visa att mängden falsklarm kan hållas tillräckligt
låg, samtidigt som de relativt svaga och i princip okända akustiska
signaler som skulle uppstå vid ett läckage detekteras, har dock visat
sig vara en stor utmaning.

Det franska statliga forskningsorganet Commisariat à l’énergie atom-
ique et aux énergies alternatives (CEA) bedriver i dagsläget forskning
och utveckling relaterad till natriumkylda reaktorer i syfte att möta
Frankrikes framtida energibehov och uppfylla nya lagkrav om trans-
mutation av kärnavfall, främst inom projektet ASTRID (Advanced
Sodium Technological Reactor for Industrial Demonstration). Gällande
risken för natrium-vattenreaktion studerar man, för detta projekts
räkning, möjligheten att helt eliminera den genom att använda sig av
en Braytoncykel med kvävgas i turbinkretsen för energiomvandlin-
gen. Utöver en kvävgasturbin kommer man i denna design även att
använda sig av innovativa kompakta värmeväxlare mellan natrium
och kvävgas. I händelse av ett läckage i ett sådant system kommer
turbinkretsens höga tryck och den låga lösligheten for kvävgas i na-
trium att öka trycket i sekundärkretsen, lokalt sänka värmeutbytet
och riskera att skapa påfrestande hydrodynamiska effekter på kom-
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ponenten. Detta tillsammans med de nukleära risker som följer av ett
eventuellt vidare läckage av kvävgas in i reaktorkärlet gör att metoder
för läckagedetektion är av stor vikt även för detta koncept.

Denna avhandling rör metoder för passiv akustisk detektion av
små (∼ 1 g/s) läckor i natriumkvävevärmeväxlare för natriumkylda
reaktoranläggningar och argumenterar, baserat på nya experimentella
resultat, numeriska simuleringar och studier av existerande och nya
detektionsalgoritmer, för att denna metod kommer att fungera till-
fredsställande. Ordet passiv avser i detta sammanhang ett övervak-
ningssystem som inte själv sänder ut några signaler utan endast syf-
tar till att registrera bruset från anläggningen i realtid och detektera
läckor utifrån denna signal.

Arbetet presenteras i fem kapitel, där det första är en generell
introduktion till natriumkylda reaktorer och läckagedetektion och
där det andra utgörs av en studie av den vetenskapliga litteraturen
på området. De tredje och fjärde kapitlen redovisar det nya arbete
som gjorts i och med denna avhandling. Kapitel tre innehåller ex-
perimentella akustiska studier, både av läckagesimulerande uppställ-
ningar och av brus från normaldrift av en skalprototyp av natrium-
kvävevärmeväxlaren medan det fjärde kapitlet rör utveckling av nu-
meriska metoder för avvikelsedetektion. Det är min förhoppning att
det sistnämnda kan vara av intresse även inom andra områden med
behov av snabb och tillförlitlig avvikelsedetektion i brusiga signaler.
Slutsatser, diskussion och förslag för vidare arbete ges i det femte och
sista kapitlet.
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Part I

B A C K G R O U N D

An academic reactor or reactor plant almost always has the fol-
lowing basic characteristics:

1. It is simple

2. It is small.

3. It is cheap.

4. It is light.

5. It can be built very quickly.

6. It is very flexible in purpose.

7. Very little development will be required. It will use off-the-
shelf components.

8. The reactor is in the study phase. It is not being built now.

On the other hand a practical reactor can be distinguished by
the following characteristics:

1. It is being built now.

2. It is behind schedule.

3. It requires an immense amount of development on appar-
ently trivial items.

4. It is very expensive.

5. It takes a long time to build because of its engineering
development problems.

6. It is very flexible in purpose.

7. It is heavy.

8. It is complicated.

— Admiral H.G. Rickover to the U.S. Congress, 1953





The release of atomic power has changed everything except our way of
thinking ... the solution to this problem lies in the heart of mankind. If only

I had known, I should have become a watchmaker.

— A. Einstein

1
I N T R O D U C T I O N

By splitting a heavy atomic nucleus, immense amounts of energy are
released as the fragments fly away from the splitting point. In order
to use this energy in a power plant, a large number of such reactions
has to take place at a stable rate during a long period of time. In
nuclear power plants of today, this is achieved by controlling a nu-
clear chain reaction in which every splitted nucleus also emits a few
neutrons that split more nuclei, and so on. The process of splitting
the atomic nucleus is called fission, and the isotopes (commonly of
uranium and plutonium) that can sustain a fission chain reaction are
called fissile, see figure 1. Some isotopes may also capture a neutron
and become fissile after an internal nuclear reaction. These isotopes
are called fertile, with U238 becoming Pu239 as the typical example.

The global nuclear power reactor fleet today mainly consists of so-
called light-water reactors. In this reactor type, fission, mainly of U235
and Pu239 is made by thermalized neutrons, i.e. neutrons with lower
kinetic energy compared to what they have at their instant of emis-
sion. Simply put, they have lost part of their initial speed. The ther-
malization is in this reactor type ensured by hydrogen atoms in or-
dinary water that absorb kinetic energy from the colliding neutrons.
Other commercially available reactor types where thermalization is
made by graphite or heavy water (e.g. RBMK and CANDU plants
respectively) also exist.

The water circulating in the reactor is heated by the energy released
from the fissioning fuel through conduction and radiation. The reac-
tor water is therefore constantly circulated, thus serving as an energy
transport medium. In the final step, this heat is transferred, in the
form of steam, to a turbine and a generator set which produces elec-
tricity. The total of systems put in place to ensure this energy transfer
is commonly called an energy conversion system.

Keeping a light-water reactor critical (i.e. sustaining the nuclear
chain reaction) requires natural uranium to be slightly enriched in
the isotope U235 which occurs at about 0.7 % in natural uranium. The
enrichment limit of commercial light-water reactor fuel is set at 5 %,
which means that the bulk of the fuel consists of U238. The nuclear
reaction producing thermally fissionable Pu239 from this isotope is
however not very efficient for thermal neutrons. This fact leads to
one of the main drawbacks of the thermal neutron reactor technology

3



4 introduction

Figure 1: Nuclear fission

- the inefficient uranium resource utilization. Another drawback is the
creation of radiotoxic waste that has to be stored in repositories for
about 100 000 years to reach radiation levels similar to that of natural
uranium ore. Avoiding thermalization, thus using fast neutrons for
fission instead, could be a viable alternative for improvement on both
these drawbacks. At the same time, the need for uranium mining
would decrease substantially as large amounts of U238 and Pu239 are
already available as waste from enrichment plants and spent nuclear
fuel from thermal reactors.

The thermalization in light-water systems is based on the weight
similarity of hydrogen atoms and neutrons. In order to avoid ther-
malization, fast reactor designs generally use liquid metals as energy
transport medium instead of water, as these consist of heavier atoms.
The typical metals or metal alloys identified as possible options for
reactor cooling systems are lead, lead-bismuth, mercury, sodium and
sodium-potassium [67]. Using liquid metal also provides higher heat
transfer capability and thereby higher operational temperature and
thermal efficiency compared to water-cooled systems.

This thesis concerns a problem related to the specific fast reactor
design using liquid sodium as coolant - the Sodium Fast Reactor (SFR).
Since sodium reacts violently with water, which is commonly used in
the turbine circuit of power plants, this implies a risk in the case of
a leak between the water and sodium circuits. Research and develop-
ment on alternative energy conversion systems with gas turbines, e.g.
using air, nitrogen or carbon dioxide is therefore of interest, but also
for such designs, a leak between the gas and sodium circuit would
not be unproblematic.

All in all, there is a need for systems specifically designed to de-
tect leaks in SFR energy conversion systems as quickly and reliably



1.1 sodium fast reactors 5

as possible (even if requirements on detection delay might be less de-
manding for a sodium-gas system). Several technological options for
achieving such a system exist and acoustic systems have been stud-
ied for a long time due to their short response time (determined by
the speed of sound) and relative simplicity. In this thesis, the focus
is on passive acoustic leak detection systems, i.e. systems that listens
continuously for noises that would be characteristic of leaks, or sim-
ply uncharacteristic of normal background. This normal background
will on the other hand be both variable and complex. It may consist
of aeroacoustic noise, noise from fluid-structure interactions, boiling
noise (in the steam generator case) and machinery noise such as the
noise of pumps and motors. Leak noise will also consist of aeroacous-
tic noise (although generated at smaller length scales), acoustic effects
of gas bubbles and, in the steam generator case: noise generated by
the exothermic sodium-water chemical reaction. This complexity of
both background and leak noises and the tough requirements on sys-
tems for use in nuclear power plants are probably the main sources
of difficulty in the field of passive acoustic leak detection for SFRs.

Generally speaking, the problem can be translated into fast and
reliable detection of a weak stochastic signal in a basically stochastic
background noise signal. The background noise may present several
types of variations, also at normal operation. The signal to be detected
is a priori assumed to be unknown. This assumption is motivated by
the fact that acoustic signals are generated by complex processes and
influenced by their propagation path, at the same time as realistic
leak experiments in the real nuclear power plant most probably can
not be made.

In the following sections, the SFR concept with possible energy con-
version systems, physics and consequences of leaks as well as possi-
ble leak detection systems will be described in more detail. The con-
cluding section of this chapter constitutes the detailed problem spec-
ification of this thesis and includes a short discussion of the relevant
requirements to put on a leak detection system worthy of generation
IV nuclear power plants.

1.1 sodium fast reactors

1.1.1 Overview

Based on the number of plants already constructed and operated
globally, the sodium fast reactor can be said to represent the most
advanced liquid metal fast reactor (LMFR) technology available to-
day. Also, SFRs have been around since the early 1950s when the
first such designs were developed in the USA and the former Soviet
union. In fact, the first nuclear reactor ever to produce electricity was
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Figure 2: The worlds first nuclear powered light bulbs at EBR I

the sodium cooled EBR I in Idaho, powering four light bulbs, see
figure 2.

A typical SFR plant layout is shown in figure 3. The core contain-
ing the nuclear fuel is relatively flat compared to the height of the
reactor vessel in which it is immerged. Contrary to light water reac-
tor designs, the sodium circuits are not pressurized, apart from small
deviations deliberately made to ensure that any leak would flow in
the desired direction. Above the free sodium levels, chemically inert
argon is used as cover gas.

To eliminate the risk of high pressure fluid from the turbine circuit
leaking directly into the primary circuit and reactor vessel, causing
dangerous reactivity effects and chemical reaction with radioactive
sodium, SFRs are generally equipped with an intermediate coolant
circuit, transferring heat from the primary sodium over to the ter-
tiary (turbine) circuit. To do this, a sodium-sodium intermediate heat
exchanger (IHX) is used. SFRs are commonly categorized into loop type
or pool type plants depending on whether the IHXs and the primary
sodium pumps are placed inside or outside of the reactor vessel.

For heat transfer to the turbine circuit, a second set of heat exchang-
ers are used. As the turbines used in nuclear power plants tradition-
ally are steam turbines, these heat exchangers are so-called steam gen-
erators. This component thus becomes the only location in the plant
with a real risk of sodium-water reaction in case of a leak. Minimizing
or even eliminating this risk is a key issue in modern SFR develop-
ment and will be described in more detail in section 1.2.
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Figure 3: Typical layout of a sodium cooled fast reactor [Wikimedia Com-
mons]

1.1.2 Existing SFR Plants and Ongoing R&D

Twentytwo sodium fast reactors have so far been constructed and op-
erated around the world. Some notable examples being EBR I and II
(US), Phénix and Super Phénix (FR), PFR (UK), Monju and Joyo (JP),
BOR-60, BN-600 and BN-800 (RU), CEFR (CH) as well as FBTR and
PFBR (IN). Depending on definition, 3-5 of these can be classified as
operational today, the latest addition being the BN-800 or Beloyarsk 4
in Russia [101]. The next SFR to start producing electricity will prob-
ably be the PFBR in Kalpakkam, India. These new build projects to-
gether with the relatively large ASTRID project in France as well as
important R&D programs on SFR technology in China, Japan, Russia,
South Korea and USA demonstrate a continued belief and interest in
this technology.

1.1.3 Generation IV Goals and ASTRID

Future LMFR projects will undoubtedly be compared to the objec-
tives set forth by the Generation IV forum [98]. These quite general
objectives cover the topics of sustainability, economics, safety and re-
liability as well as proliferation resistance and physical protection.
Some of the more specific requirements include an effective fuel utilisa-
tion, to notably reduce the long-term stewardship burden of nuclear waste,
to have a clear life-cycle cost advantage over other energy sources, to elimi-
nate the need for offsite emergency response and be the least desirable route
for diversion or theft of weapons-usable materials. To say the least, these
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are indeed goals that both motivate and require further research and
development.

The french ASTRID (Advanced Sodium Technological Reactor for
Industrial Demonstration) project is a large R&D project that explic-
itly aims to design a plant that will meet the objectives for Genera-
tion IV reactors. The project also involves a number of international
partners and is at the moment of writing in a stage of finalizing a
conceptual design phase.

ASTRID is intended to be a pool-type SFR with about 600 MW
electric power output. Innovative design solutions studied include a
more advanced core design, a passive decay heat removal system,
electromagnetic secondary sodium pumps, improved equipment for
monitoring, inspection and repair as well as a sodium-nitrogen en-
ergy conversion system eliminating the sodium-water reaction risk.
Instrumentation development for the latter system is, as stated in the
introduction, the main driver behind this thesis, even if the developed
fault detection algorithms are intended to be useful for other systems
as well.

1.2 energy conversion systems

As stated earlier, the ultimate purpose of a nuclear power plant is
most often to convert the energy released by the nuclear reactions
into electricity. (Some cases also exist where nuclear power has been
used in district heating plants.) Almost exclusively, nuclear power
plants for electricity production use and have used steam turbines
to turn the generator set. Examples where gas turbines have been
used in connection with a nuclear heat source are extremely rare (one
example being the ML-1 experiment). The steam generator has thus
become a very common component in nuclear power plants, with
an important exception being the boiling water reactors (BWRs) that
generate steam directly in the reactor.

To cope with the sodium-water reaction issue, innovative energy
conversion systems based on gas turbines are now being proposed.
Apart from the nitrogen option studied within the ASTRID project,
also a South Korean SFR project have studied a similar system [97]
while the CO2 option has been studied both in the US and South Ko-
rea, [93]. In the following two sections, steam generators for SFRs as
well as the sodium- nitrogen heat exchanger concept of the ASTRID
project will be briefly described.

1.2.1 Steam Generators

Steam generators for PWRs may be considered as standard compo-
nents whereas SFR steam generators, for obvious reasons, are less
common. Their design basis is also somewhat different, specifically
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Figure 4: A steam generator of the Prototype Fast Reactor (PFR) [67]

due to the risk of sodium-water reaction, and the family of existing
designs is more diverse than what is the case for PWR steam genera-
tors.

The PFR steam generator module, including evaporator, steam su-
perheater and reheater is shown in figure 4. Three such modules were
distributed on the three secondary sodium loops of the plant. All
stages used a U-shaped steam tube design with the tubes welded
to tube plates. These welds, especially those below the sodium level
turned out to be somewhat problematic during the lifetime of the
plant [67].

The Phénix steam generator layout is shown in figure 5. Also in
this design there are separate stages for evaporation, superheating
and reheating. Three secondary loops with one steam generator each
were used. The sectional design with several S-shaped tubes contain-
ing only seven steam tubes each was made to reduce the potential
consequences of a sodium-water reaction and facilitate maintenance
of the component in case of such incidents.

The four steam generators of Super Phénix, see figure 6, were of
a new design with helical tube bundles. Also, the evaporator and su-
perheater were combined in the same component. Clearly, this design
did not allow for easy replacement in case of leaks or other damages,
and inspection of individual tubes was also problematic. On the other
hand, the Super Phénix steam generator was economical in terms of
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Figure 5: A steam generator of the Phénix reactor [67]
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Figure 6: A steam generator of the Super Phénix reactor [67]

material use and number of welds compared to the ones of Phénix
and BN-600 [67].

The steam generator for the newly started BN-800 plant in Russia is
a development of the sectional-modular concept used in the BN-600
plant. It has ten sections, each one containing one evaporator and one
superheater stage [99]. The design features an automatic isolation-
draining sequence for the damaged section in case of a leak.

The Indian PFBR is designed for a 500 MW electric output and uses
eight steam generators distributed on two secondary sodium loops.
These steam generators, described e.g. in [87] are of a 25 meter tall,
once-through countercurrent design with straight tubes.

The french ASTRID project also maintains R & D on the steam gen-
erator option while developing the sodium-nitrogen energy conver-
sion system in parallell. Various studies, e.g. on sodium-water reac-
tion wastage, instrumentation and modular designs are being carried
out to enhance the safety and performance of the component.
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1.2.2 Steam Generator Leaks

A leak in an SFR steam generator will start an exothermic chemical
reaction, primarily forming sodium hydroxide (NaOH) and hydro-
gen (H2), c.f. equation 1. The presence of sodium hydroxide will start
a process called caustic stress corrosion which can lead to quick leak
growth. This corrosion process together with overheating and hydro-
dynamic impact from the leak jet itself can then damage other heat
exchanger tubes in the vicinity of the leak. If this damage also causes
leaks, a chain-reacting processmay occur, as was seen in the Prototype
Fast Reactor (PFR) in Scotland during an incident in 1987 [67].

Na+H2O→ NaOH+Na2O+NaH+H2 +Q (1)

Less severe sodium-water reaction incidents occurred five times
during the lifetime of the Phénix reactor. Some damage to adjacent
tubes was seen, and in total, these incidents resulted in six months of
outage for repair and replacement work [67]. Also the BN-600 reactor
has suffered several sodium-water reaction leaks during its lifetime.
However, the modular SG design of both these plants simplified iso-
lation and replacement of the damaged sections. In particular the
BN-600 has impressive availability statistics despite its leak incidents
[67].

The Super Phénix (SPX) plant was shut down well before the end
of its planned lifetime following a government decision. No leaks
occurred during the operation of the SPX steam generators [67]. Also
the EBR II reactor served its entire lifetime (30 years) without a single
sodium-water reaction incident [102].

As a concluding remark, it can be noted that the fire occuring in
the Japanese SFR Monju in 1995, was not due to a sodium-water re-
action in a steam generator but to a leak of sodium into air from the
secondary circuit piping.

1.2.3 The Na-N2 Heat Exchanger

As stated earlier, the CEA performs at the moment of writing, within
the ASTRID project, research and development on the possibility of
replacing the steam turbine with a gas (nitrogen) turbine, to entirely
eliminate the risk of sodium-water reaction. This idea has led to the
development of a new type of compact sodium-gas heat exchanger, in
french abbreviated ECSG, for Echangeur de Chaleur Sodium-Gaz. A pos-
sible design of this component is shown in figures 7 and 8. It consists
of a large pressure vessel, containing 8 heat exchanger modules. Each
module is made up of plates with thin channels stacked onto each
other and welded together using a hot isostatic pressure welding
technique. The sodium channels have a rectangular cross-section of
about 6x3 mm2 and nitrogen channels have a quadratic cross-section
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of 2.5x2.5 mm2. The modularity of the component in theory simpli-
fies replacement in case of damage but the design solution where
modules are placed inside a pressure vessel will in practice make this
operation a quite substantial one.

Today, operating experience of sodium-nitrogen heat exchangers is
obtained in testing of smaller mock-up exchangers installed in the
DIADEMO loop at CEA Cadarache. This loop does not contain any
dedicated leak detection system but a larger leak would be noted by
abnormal operation of the nitrogen pressure controller equipment. A
larger installation called CHEOPS is also planned for construction at
CEA Cadarache. Here, large components for ASTRID will be tested
and qualified at nearly full-scale. In this installation, one single ECSG
module will also be tested, realistically mounted inside a dedicated
pressure vessel. Whether this test loop will have a dedicated leak
detection system or not is at the moment of writing an open question.
In view of the results of this thesis, a recommendation for a combined
active-passive acoustic testing and detection system will be made in
section 5.

1.2.4 Na-N2 Heat Exchanger Leaks

As the solubility of nitrogen in liquid sodium is low, a leak without
chemical reaction inside a sodium-gas heat exchanger will increase
the pressure in the sodium circuit and create bubbles, yielding a
sodium-gas mixture with new fluid properties. Consequently, a leak
will primarily have an impact on the heat exchanger performance.
However, if heat transfer is locally deteriorated, a temperature in-
crease will result, inducing thermal stress on the component. Also,
the risk of leaked gas penetrating into the primary circuit, causing a
reactivity increase, is identified as a safety related incentive to moni-
tor the system for leaks [89]. To ensure safe and efficient operation of
the heat exchanger, leak detection will therefore remain an important
task.

For nitrogen into sodium leaks, some estimates of leak rates as
function of orifice cross-section have been made in [89]. E.g. a 1 g/s
leak corresponds to a 0.035 mm2 leak orifice. As the pressure ratio
between the tertiary and secondary circuit is approximately 180 bar /
5 bar, a leak through such a small orifice will create a supersonic, un-
derexpanded gas jet. Also, since the solubility of nitrogen in sodium
is very low and the sodium channels of an ECSG are of quite small
dimension, it has been postulated that a leak will blow all the sodium
out of the affected channel almost instantaneously [89]. Apart from
locally deteriorating the performance of the heat exchanger and the
risk of gas leak into the primary system mentioned above, such a
leak may also damage the component through hydrodynamic effects
and will in the long run also increase the pressure of the secondary
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Figure 7: A possible sodium-gas heat exchanger design [CEA]
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Figure 8: Plate-channel geometry of the heat exchanger module. The mod-
ule itself is shown on the right. [CEA]

circuit. A nitrogen-in-sodium leak would, while less severe than a
sodium-water reaction, still not be a trivial incident.

1.3 leak detection instrumentation for sfrs

Leaks in steam generators are often classified by their mass flow rate
as large above 1 kg/s, intermediate between 1 g/s and 1 kg/s and small
below 1 g/s. Leaks on the order of 0.1 g/s or smaller are sometimes
denoted microleaks. The generally accepted strategy for sodium-water
reaction detection is to use pressure sensors for large leaks and chem-
ical methods for leaks that are small in the sense that the longer re-
sponse time of such methods is acceptable. This approach leaves a
gap, where leaks may be too small to be quickly detected by pres-
sure measurement but still large enough to make substantial damage
before being detected by a chemical method. This intermediate leak
range is exactly where acoustic methods are of interest.

1.3.1 Chemical Detection Systems

A chemical system for detection of sodium-water reaction is based
on continuous monitoring of the hydrogen concentration in sodium,
which will start to increase locally at the onset of reaction. The re-
sponse time is thereafter governed by the convective transport of hy-
drogen from the leak to the sensor location. This fact makes the re-
sponse time dependent on the sodium flow rate, i.e. on the operating
point of the plant.
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A few different techniques to perform this monitoring exist. Here
we will provide two examples from [69]. The first method, used in
the Phénix plant, consists of a probe based on hydrogen diffusion
from sodium into a vacuum tube through a nickel membrane. The
hydrogen concentration on the vacuum side is measured by means of
a mass spectrometer.

The second method consist of an electrochemical probe in which
hydrogen diffuses through an iron membrane, which is in contact
through a solid electrolyte, with another iron membrane. On the in-
side of this second membrane, there is a so-called reference electrode.
This system form a chemical reactor, which produces an electrical
signal, proportional to the absolute hydrogen concentration in the
sodium.

Having comparable response times, the main difference between
the methods is that the Nickel membrane method yields a relative
measurement of the hydrogen concentration and is very sensitive
to variations while the electrochemical method provides an absolute
measure of hydrogen concentration although with a somewhat lower
sensitivity.

Both the Indian PFBR and the Russian BN-800 will use / uses hy-
drogen detection systems as part of their steam generator monitoring
equipment [87], [99].

1.3.2 Acoustic Detection Systems

Acoustic systems are of interest for instrumentation of liquid metal
cooled reactor systems for several reasons, the obvious one being that
liquid metals are opaque and therefore exclude the use of optical
methods. A nice review of the acoustic instrumentation possibilities
for SFRs is given by Lennox et al. [33], specifically mentioning imag-
ing techniques, temperature measurements as well as sodium boiling
and water into sodium leak detection. These options together with
the use of ultrasonic probes for non-destructive testing of materials
may make up an important part of the instrumentation of future SFRs
according to Jadot et al. [79] and Jeannot et al. [80].

Acoustic systems are either active or passive. An active system uses
both emitting and receiving transducers, sending controlled acoustic
signals through the monitored system in order to detect variations
in basic acoustic properties such as sound speed, attenuation or reso-
nances. A passive system on the other hand uses only receiving trans-
ducers to listen to the noises emitted by the monitored system itself
in order to detect characteristic noise of leak conditions or simply
deviation from the noise of normal operation. The latter distinction
also represents an important choice when studying detection algo-
rithms, as the approach for detection of a known signal in a known
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background is not the same as for detection of any deviation from a
known background.

1.4 thesis delimitation and problem specification

The delimitation of this thesis is primarily defined by focusing on
passive acoustic methods without need for detailed leak localization.
Active methods and methods with localization capability have in fact
been studied in quite recent theses such as [72] and [90]. The latter
work is also, at the moment of writing, being continued in another
PhD thesis project in cooperation between the CEA and INSA Lyon.

Furthermore, this thesis consists of two distinct parts: One experi-
mental part, which is entirely focused on application to the sodium-
nitrogen heat exchanger concept, and one theoretical or detection
method development part, which is intended to be general. The out-
come of the latter part should therefore be applicable also to the
steam generator case, as well as to other systems where fast and reli-
able detection of change or fault through monitoring of some kind of
noisy signal is needed.

1.4.1 Problem Categorization

The problem at hand consists of continuously taking decisions on
whether a leak is present in the energy conversion system or not,
based on measurement and signal processing of acoustic signals emit-
ted by the system. The detection delay should be on the order of a
few seconds, implying that the detection system has to make new
decisions at a frequency somewhere around 1 Hz.

The above problem is, generally speaking, in the domain of pattern
recognition, which can be defined as the mapping of high-dimensional
input data (several snapshots of the acoustic signal) into a few pre-
determined discrete categories (leak or no leak). Thereafter, since the
system has to make new decisions repeatedly, the sub-domain of the
problem would be what is called classification, i.e. new observations
shall be categorized given known data. Then, since there are only two
final output categories, the problem can be narrowed down further
into so-called binary classification. Finally, since there is a fast detection
requirement, the time between the actual change point and the alarm
time becomes important, which puts us in the field of change or fault
detection.

Further characterization of the problem can be made by assuming
how much known data there is on the noises to be monitored. If both
background and leak noise would be known and without variation,
the problem would be a rather simple one. In practice, there will be
a multitude of possible background and leak noises. The impossibil-
ity of performing accident-like experiments in a real nuclear power
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plant will also put a limit on the amount of knowledge that can be
assumed for the leak noise. The background noise, on the other hand,
can be measured, but only when the plant is already in operation.
Simulations of acoustic signals are in principle possible but will be
both time-consuming and complex, especially when high-frequency
content can be expected, as is the case for high-pressure leaks through
small orifices. The main reason for this computational burden is that
high frequencies imply short wavelengths, which need high resolu-
tion in both time and space. A side remark is that also low-frequency
content may be challenging as it requires e.g. a CFD model to reach
a minimum simulation time to resolve the low frequencies.

I will assume in this work, that coarse information on typical fre-
quencies and acoustic power scaling can be obtained through experi-
mental studies of mock-up systems, use of basic aeroacoustic theory
and finite element modeling. Such information will be crucial to de-
termine which types of sensors that could be used, their number and
positioning as well as data acquisition system parameters such as
sampling rate, windowing and possibly also pre-filtering.

1.4.2 Detection System Requirements

In a publication following an IAEA specialist meeting 1990, some
requirements for acoustic leak detection within the European Fast Re-
actor (EFR) project was identified [28]. The ones that have an impact
on this thesis work are listed below:

• The sensitivity should be of the order of a few g/s.

• The detection time should be of the order of a few seconds.

• The false alarm rate should be less than one in two years.

• The unavailability should be less than 10−3.

To this list, it may be instructive to deduce a few resulting require-
ments. The unavailability and the false alarm requirements together
imply that the detection system will most probably need to be able
to recognize several normal states and handle transitions between
them. Otherwise, the unavailability criterion is mostly influencing
hardware and sensor positioning, and not so much the detection algo-
rithms. Then, as stated in the previous section, knowledge on possible
leak noises should either be omitted or very thoroughly motivated by
physics in order to facilitate licensing of the method.

For a sodium-nitrogen heat exchanger it is reasonable to assume
that the detection delay requirement for a 1 g/s leak can be increased
to one minute [91].



Think before you speak. Read before you think.

— F. Lebowitz

2
L I T E R AT U R E R E V I E W

Sound can be described as the generation and propagation of mechan-
ical vibrations in solids or fluids. In any operating industrial system,
some sound field will always be present, more or less characteristic
of the processes taking place inside it. When a new process starts
emitting sound or changing the acoustic properties of the constituent
materials, the sound field of the system will change. An ideal fault
detection system based on acoustics should at this point be able to
identify the changes associated with possibly harmful processes as
well as the changes between different states of normal operation. If
the sound field at normal operation were constant and deterministic,
this would be a rather easy task. The root of the problem is due to the
possible variations, both of the normal and anomalous state sound
fields and the fact that noises of fluid systems are due to turbulence
(and phase transitions in a system with boiling) and therefore stochas-
tic in nature. The noise of the exothermic chemical reaction between
sodium and water, which includes the acoustic effects of hydrogen
bubbles, is also a relatively complex phenomenon. An important part
of the literature on the topic of passive acoustic leak detection for
sodium fast reactors is therefore devoted to the characterization of
these noises. Since reactor system designs, measurement equipment
as well as research interests differ between different research teams,
the resulting image is not necessarily coherent.

Since it is in principle not possible to perform realistic leak exper-
iments in an operating nuclear power plant, the study of leak noises
is often performed in experimental setups, with other fluids or at
zero power. For design and licensing of an operational acoustic leak
detection system, an important issue will be how to validate such ex-
perimental data for the real case. This issue has not been discussed to
a large extent in the literature.

The literature on signal processing and change detection methods
is more based on mathematical concepts and less marked by exper-
imental conditions and system designs. On the other hand, it is of-
ten described in terms of idealized conditions. Deciding on which
method, or combination of methods, that would be most suited for
a given problem is therefore difficult. Consequently, the family of
methods tested and proposed is, as will be clear in this chapter, very
diverse.

This chapter consists of a literature review, partly of works on the
acoustics of SFR steam generators, at normal operation and in the
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case of leaks, partly on the signal processing methods proposed for
the passive acoustic leak detection problem. Since this problem has
sometimes been treated together with the problem of acoustic detec-
tion of local sodium boiling in the core of SFRs, c.f. [42], I will use
the acronym PAFD (Passive Acoustic Fault Detection) when not re-
ferring specifically to the leak detection problem, and PALD (Passive
Acoustic Leak Detection) otherwise.

2.1 normal operation and leak acoustics

Background noise from sodium-water steam generators have been
studied e.g. in the Hengelo and EBR II plants by Greene et al. [19], in
the BN-600 plant by Yughay et al. [23], in the Phénix plant by Ogier
et al. [17], for Super Phénix by Brunet et al. [24] and for the PFR as
reported by Currie in [42], to mention a few. A general conclusion
based on these works is that the acoustic noise at normal operation
of a steam generator can be attributed to a combination of (in ap-
proximate order of decreasing importance) boiling noise, flow noise,
noise from mechanical systems nearby and electrical noise from the
measurement channel. The exact contribution of each noise type will
depend on plant and component design, operating point, sensor po-
sition and instrumentation characteristics.

A reasonable first assumption for acoustic noise from a sodium-
gas heat exchanger operating on a Brayton cycle, is that the ordering
given above will (except from the excluded boiling noise) be main-
tained. Furthermore, if electromagnetic sodium pumps are used in-
stead of mechanical pumps, this part of the noise will also decrease,
leaving only flow noise, measurement channel noise and possibly
some mechanical or flow noise from the turbine, located further away
in the gas loop.

The many leak noise studies reported in the literature reflect the
complexity of these noises: close to the actual leak, there is generation
of sound waves due to vibrations in the damaged structure material,
driven by the leak flow. Further downstream, there are noise compo-
nents due to turbulence, bubble vibrations, fast local heating (in the
case of sodium water reaction) and, for supersonic flow, possibly also
shock noise [60]. Also, as the leak jet impinges on structures nearby,
this will cause a flow-induced vibration, sometimes called impinge-
ment noise. Gas bubbles in the liquid sodium will also absorb acoustic
energy with a frequency-dependent efficiency due to differences in
bubble sizes and vibration modes [2]. For a sodium-nitrogen system
consisting of small channels it has been hypothesized that there will
be no chemical reaction, and furthermore that the leaking channel
will be instantaneously emptied of sodium due to the low solubility
of nitrogen in sodium [61] [89], so depending on sensor position, the
acoustic effects of bubbles may also be less marked.
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2.1.1 Boiling Noise

Yughay et al. [18] stated that boiling noise is the most important back-
ground noise source in a SFR steam generator, with significant con-
tent in the range from 1 to 30 kHz, thereafter decreasing to consider-
ably smaller levels in the ultrasonic range. These results also take into
account the effect of wave propagation through the steam tube wall
into the liquid sodium. In the same work the authors stated that, for
a typical SG tube-bundle geometry, the SG transmitted noise below 5
kHz as if it would have been a narrow tube in the axial direction and
showed diffraction effects in the normal direction for noise above 15
kHz.

Greene et al. examined boiling noise from a prototype steam gen-
erator for conditions from non-boiling, through steam generation at
various outlet steam qualities, to superheater operation on steam only
[19]. From these data, a number of conclusions were drawn. Firstly,
the boiling noise power was found to not correlate well with param-
eters such as total heat transfer, local steam quality and local heat
flux. On the other hand, boiling noise increased with the amount of
nucleate boiling, reached a maximum as the liquid film on the steam
tube inside became too thin to sustain bubble growth and thereafter,
decreased towards a base level corresponding to pure steam flow. In
conclusion: the boiling noise was found to vary axially over the steam
generator (an observation which was confirmed on the evaporator of
the PFR [42] and on the Phénix steam generator in [77]), have a maxi-
mum at part-load conditions and decrease towards full power. For a
system without boiling, this would not be the expected tendency.

2.1.2 Flow Noise

The concept of flow noise is of large importance both for the noise
of normal background and of leaks. The term actually includes two
different phenomena: one of these is the noise generated by fluid-
structure interaction at the interface between the turbulent boundary
layer of the fluid and the solid wall of the component, giving rise to
a source of dipole type. This mechanism is a complex one, requiring
detailed numerical methods for simulation of the solution. Secondly,
there is the pure aeroacoustic noise which would be present also in a
non-bounded flow. The basic theory of the latter mechanism is due to
Lighthill [3], [4] and will be described in some detail in section 2.1.4.

An important conclusion of aeroacoustic theory is that the source
term for this noise is of quadrupole type, with an intensity scaling
as a high power (U6 to U8) with the typical flow velocity U [3] [37].
However, Greene et al. reported tests made in the EBR II steam gen-
erator, for which it was found that both sodium and steam flow noise
followed linear laws, with the acoustic pressure being proportional to
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the flow velocity [19]. A higher-power relation was on the other hand
found in [15] where the outer wall acceleration of a prototype heli-
cal coil steam generator was found to be almost linear on the decibel
scale with sodium flow rate.

The noise of sodium flow alone was measured also by Pridohl et al.
on a BOR-60 steam generator [20]. Also in this work, the flow noise
was found to influence both the spectrum shape as well as the overall
signal power with a high power law.

The difference in acoustic pressure/power relations found in differ-
ent works is probably due to differences in the relative strengths of
fluid-structure interactions and pure aeroacoustic noise for different
systems.

Finally it can be noted that the authors of [24] observed a large
increase in background noise on one of the Super Phénix steam gen-
erators from 50% of rated power up to full power. An explanation
was proposed in [77] which was based on flow noise through ven-
turis installed on water tubes on the concerned steam generator. This
episode demonstrates the tendency for flow noise to play a smaller
or larger role depending on design.

2.1.3 Auxiliary Noise

It was noted in [15] that the input signal to an accelerometer on a
steam generator might cover a very large dynamic range for all op-
erating conditions from zero to full power. Later works such as [25]
also demonstrate that the monitored frequency range for PALD might
have to be quite large. These facts, together with the relatively high
temperatures in question can be challenging from a hardware per-
spective. Careful sensor mounting and cabling [15] as well as specif-
ically designed low-noise cables [16] will all be needed to achieve
optimum performance.

The prototype system described in the latter article used a smooth-
ing signal processing algorithm to reduce the number of false alarms
due to impulsive spikes in the raw signal. Possible sources of these
spikes were identified to be mechanical shocks, thermal relaxation
noises and sampling errors. Impulsive noises were also observed in
the Phénix reactor [77], also here with thermal relaxation noise men-
tioned as a possible explanation. According to [42], impulsive noises
were also reported in the background noise of the PFR, mainly at zero
or part-load conditions. In section 4.2.5, it will be demonstrated that
the new hidden Markov model approach for detection developed dur-
ing this work can be advantageous for dealing with such impulsive
noises.

There is some discussion of steady noise from mechanical equip-
ment such as pumps and motors in the literature, e.g. for the Phénix
and Super Phénix reactors in [77]. For both of these plants it was
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noted that, at isothermal conditions (i.e. at zero steam production),
the background noise was mainly a function of sodium flow rate,
with the mechanical sodium pumps as the actual acoustic noise source.

No records have been found in the literature where the turbine is
mentioned as a source of background noise. If such noise is actually
absent, the reasonable explanation would be due to the rather large
distance separating the turbine from the steam generators.

2.1.4 Aeroacoustic Noise

Aeroacoustics concerns the generation of sound purely by fluid mo-
tion. The classic first works on the topic are two papers by Lighthill,
where he develops the so-called aeroacoustic analogy [3], [4]. The basic
principle of this analogy is rather straightforward, starting from the
conservation equations for mass and momentum:

∂ρ

∂t
+∇ · (ρv) = 0 (2)

ρ
∂v
∂t

+ ρ(v · ∇)v = −∇p+∇ · σ (3)

with ρ as the fluid density and v as the velocity field. By taking the
time derivative of equation 2 minus the divergence of equation 3, and
subtracting c20∆ρ one obtains

∂2ρ

∂t2
− c20∆ρ = ∇ ·∇ · (ρvv + (p− c20ρ)I − σ) (4)

which is easily identified as a wave equation with a source term on
the right hand side. The source term is often expressed by defining:

T = ρvv + (p− c20ρ)I − σ (5)

where T is called the Lighthill stress tensor. A similar derivation can
be made to result in a wave equation for the pressure field instead,
which then reads:

1

c20

∂2p

∂t2
−∆p = ∇ ·∇ · (ρvv +

1

c20

∂2

∂t2
(p− c20ρ− σ)) (6)

By a change of variables ρ ′ = ρ− ρ0 and p ′ = p− p0, where ρ0
and p0 denote the constant ambient density and pressure, equations
4 and 6 are valid also for the deviation variables ρ ′ and p ′.

Since no approximations are made in this derivation, these equa-
tions are exact and their solution can be written down by using the
Green function of the 3D wave equation, i.e.

ρ(x, t) =
1

4πc20
∇x · ∇x ·

∫
1

r
T(t− r/c0,η)dV(η) (7)
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where ∇x denotes evaluating the derivatives at the point x. This ap-
proach is commonly called an aeroacoustic analogy because it reformu-
lates the problem into the one of finding the acoustic field in a fictious
medium at rest.

The first term of the Lighthill stress tensor, ∇ · ∇ · ρvv, which has
quadrupole characteristics represents change in the velocity field, i.e.
turbulence. The second term (omitting the differential operators) p−
c20ρ represents a change in entropy while the last term σ represents
changes in viscous stress. The main contribution of Lighthill was
maybe the identification of the fact that the entropy and viscosity
terms are for many practical situations negligible compared to ∇ ·∇ ·
ρvv. The aeroacoustic noise source can therefore be well described
as a distribution of moving quadrupole sources with strength T . This
observation will be used in section 3.4.3 when setting up an acoustic
finite element model of noise attenuation in the ECSG module.

One drawback of the Lighthill analogy is now worth mentioning.
To actually calculate the integral of equation 7, the Lighthill stress
tensor, T , has to be modelled or simulated, which may be a demand-
ing task since the solution is in itself part of T . This counter-reaction
of the acoustic field on the flow that is causing it becomes especially
problematic for high-speed or high temperature flows where the en-
tropy and viscosity terms can not be ignored.

2.1.5 Jet Noise

A jet can be loosely defined as a fluid streaming out of an orifice,
driven by a pressure gradient. In accordance with the laws of aeroa-
coustics, the resulting turbulence creates acoustic noise whose basic
mechanism is described by the theory of Lighthill and others. For
this particular flow structure, simplifications can be made and some
practical conclusions can be drawn. The subsequent literature and
development on the topic is indeed quite rich, mostly thanks to the
interest in reducing noise from commercial and military aircraft as
well as from fans and ventilation duct systems.

Jet noise characteristics are dependent on the jet velocity. Two dif-
ferent categories, defined by subsonic and supersonic jets can be
identified. Furthermore, supersonic jets can be classified as overex-
panded or underexpanded. An overexpanded jet exits the orifice with
a lower internal pressure than the ambient pressure whereas an un-
derexpanded jet is still at higher pressure than its surroundings at the
orifice exit.

For a subsonic free jet flow, Lighthill showed that the total acoustic
intensity emitted by the quadropole sources in a free-field scales as

I ∼ ρ0
U8

c50

(
D

r

)2
(8)
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where ρ0 and c0 are the density and the sound velocity of the fluid
respectively, U is the typical mean flow speed, D is the typical jet di-
mension and r is the distance from the jet to the listening point. For
wall bounded flows in rectangular geometry, another scaling expres-
sion was derived by van Herpe and Crighton [37], assuming that the
mean flow speed was clearly subsonic, i.e. producing frequencies so
low that only the fundamental acoustic mode of the channel could
propagate:

P ∼ ρ0
U7

c30

D3

ν
(9)

where P is the acoustic power emitted by a volume of dimension D3

and ν is the kinematic viscosity of the fluid. This relation will be used
to make a crude estimate of leak source signal-to-noise ratio in section
3.4.1.

Lighthill also introduced a typical frequency, related to the size of
the noise generating turbulent eddies for which equations 8 and 9
are valid. This raises the question of how intensity is distributed over
other frequencies. This topic was reviewed and investigated further
by Zaman and Yu in [21] where the power spectral density of sub-
sonic jets from several experiments was studied as function of the
dimensionless Strouhal number. This number is defined by

St =
fD

U
(10)

where f is the frequency. As was shown by Ffowcs-Williams [6], there
is a directional component to the jet noise intensity as well, but over-
all, the typical subsonic jet PSD is a parabolic shape on the decibel
scale with main frequency at a Strouhal number of approximately
0.25 [21].

For supersonic jets, two new acoustic effects enter, due to the for-
mation of shock waves in the jet flow: So-called screech tones, at one
or a few narrow frequency bands, and broadband shock noise [39]. The
overall intensity of the jet noise also increases above the subsonic es-
timate of equation 8. Empirical results are presented e.g. in an article
by Fisher et al. [14]. Broadband shock noise generally has a typical
frequency around St = 0.5 [39]. Screech tones are highly directional
but can often be observed at shallow angles and slightly below the
typical frequency of the broadband shock noise [39].

Some simple estimates of leak jet noise can be made using the re-
lation in equation 10. For water/steam injection in sodium, one may
use the parameters for the onset of critical jetting mode given by Kim
et al. in [70], where a jet is formed at a leak orifice of about 0.2 mm
diameter, yielding a water/steam velocity of 100 m/s. This is clearly
a subsonic jet and its peak frequency would according to [21] be situ-
ated somewhere around 125 kHz. It is plausible that such noise is the
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main source of the spectral content found at the end of the spectra
presented in [70].

For the ECSG at ASTRID conditions, the pressure ratio between
the nitrogen and sodium side of the component will be about 36. A
typical leak orifice size for a leak of 1 g/s is then about 0.1 mm in di-
ameter, yielding an underexpanded supersonic jet [89]. The speed of
sound in nitrogen at these conditions is about 500 m/s. In the turbu-
lent mixing part of this jet flow, the typical dimension will be consid-
erably larger than the leak orifice and the typical flow velocity will be
subsonic. Again, using a peak Strouhal number of 0.25 according to
Zaman [21], a dimension of 0.5 mm and a typical velocity of 400 m/s
yields a typical frequency for turbulent mixing noise around 200 kHz.
An interesting observation is that wavelengths on the order of the
channel dimensions of 3x6 mm, will correspond to frequencies of 83
and 167 kHz respectively. It is thus motivated to make an hypothesis
that the generated leak noise will in fact resonate with the nitrogen-
filled leaking sodium channel. This hypothesis is investigated (and
validated) experimentally in section 3.2.

2.1.6 Bubbles

Acoustic noise from bubble dynamics during a sodium-water reaction
was described by Ying and Scott already in 1970 [11]. They used a
linear model for freely vibrating gas bubbles in a compressible fluid,
yielding an oscillating frequency f given by

f =
1

2πa0

√
3γp∞
ρ0

(11)

where a0 is the initial bubble radius, γ is the ratio of specific heats of
the gas, p∞ is the fluid pressure at infinity and ρ0 is the fluid density
(without gas bubbles). The relation is shown in figure 9 for nitrogen
bubbles in sodium at 1 bar and 315 ◦C. Note that this analysis only
describes the fundamental vibration mode, i.e. where the bubble ra-
dius is oscillating uniformly over the bubble. Many other modes are
possible, but the analysis of these modes is not treated here. Equation
11 ignores surface tension and the authors of [11] therefore included a
numerical analysis taking this into account. An example of a surface
tension correction model is found in [1].

Ying and Scott also used a reaction kinematic analysis to determine
the initial bubble radius. The basic mechanism described by this anal-
ysis is that bubble growth stops when the bubble size locally prevents
water and sodium from coming into contact, thus interrupting the hy-
drogen production. The theory was compared to recordings from wa-
ter reaction experiments performed at room temperature and at 315
◦C [11]. At the higher temperature, an oscillation frequency of about
850 Hz was predicted and their experimental data indeed showed
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Figure 9: Resonant frequency model of the fundamental vibration mode of
nitrogen bubbles in liquid sodium at 1 bar and 315 ◦C based on
equation 11.

a peak at 800 Hz, which corresponds to bubbles of about 5 mm ra-
dius. The authors also demonstrated the presence of a so-called frying
noise at about 2 kHz, due to the fast fluid expansion caused by the
heat released in the chemical reaction.

Yughay et. al. [18] studied acoustic effects of water leaking into
sodium for a larger span of frequencies compared to [11] which only
focused on audible noise. They pointed out that there is also absorp-
tion or dissipation of acoustic energy on hydrogen bubbles. In total,
the overall damping coefficient for interaction between an acoustic
wave and a bubble will be the sum of thermal, radiating and viscous
losses, i.e.

δ = δT + δr + δv (12)

where the first terms heats the bubble, the second term represents
acoustic energy which is scattered or re-radiated by the bubble and
the last term represents losses due to liquid flows induced around
the bubble.

Yughay et. al. also noted that bubbles will shrink as hydrogen is
dissolved in the sodium, and that the jet noise at the leak together
with the chemical reaction between water and sodium, leads to a
complex non-stationary sound field [25]. The leak orifice shape may
also evolve over time due to caustic stress corrosion. These facts
implies that the relative contributions of the different noise sources
will change over time and one cannot a priori expect the water-into
sodium leak noise to possess any predominant frequencies.

In a heat exchanger where nitrogen leaks into sodium, no noise
from chemical reactions or fast heating will be expected. Jet and im-
pingement noises as well as the effects of bubble dynamics will still
be present. The solubility of nitrogen in sodium is very low, which
implies that bubbles created can have a more stable size over time.
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For the nitrogen-in-sodium leak case, it is therefore plausible that the
leak noise might be less complex compared to the water-in-sodium
case. Also, there will be no caustic stress corrosion, so the leak noise
will, a priori, not show the same type of long-term evolution as a
water in sodium leak.

One may note that both hydrogen and nitrogen are diatomic gases,
and therefore have the same γ in equation 11. Thus, under similar
operating parameters, the difference in bubble noises during a leak
between a sodium-water and a sodium-nitrogen system will mainly
be due to bubble size differences. For a small leak, directly injecting
nitrogen into sodium, the bubbles would probably be significantly
smaller than in the case where water is injected and hydrogen bub-
bles are created in a secondary chemical process, thus yielding higher
frequencies according to equation 11. E.g., bubbles of 0,5 mm radius
and smaller would correspond to frequencies above 7 kHz without
the surface tension correction and somewhat higher with this correc-
tion.

2.1.7 SNR Estimates

An important quantity related to the detectability of leak signals is
the signal-to-noise ratio or SNR, expressed in decibel [dB] and defined
by

SNR = 10log10
Ps

Pbg
(13)

where Ps is the power of the signal to be detected and Pbg is the
power of the background noise. For additive signals, such as the ones
obtained in the synthetic mixing benchmark examples used in [42],
the SNR can be easily calculated directly from the definition. As seen
in section 2.1.6, acoustic signals of real leaks will however be affected
by the bubbles generated in the liquid as these absorb acoustic energy
in an unpredictable way, thus making the SNR estimate intrinsically
difficult. Furthermore, it was demonstrated by the present author, e.g.
in [88] and [96] that different signals have different detectable SNRs.
This means that a signal which is not very similar to the background
noise, i.e. has significant content in frequency bands where the back-
ground is fairly weak will be possible to detect at lower SNR com-
pared to a signal which is more similar to the background noise.

The sensitivity requirement of 1 g/s for a SFR SG leak detection sys-
tem was in the IAEA report of 1997 [42] translated into a requirement
on smallest SNR for the signal that has to be detected, resulting in a
estimate of -17 dB. This estimate was made on the basis of measure-
ments both on actual steam generator noise and of sodium-water leak
and reaction noise from test setups. Given the abovementioned obser-
vations, together with the fact that different setups will most certainly
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have different frequency responses, the relevance of the IAEA esti-
mate seems questionable. For the ECSG concept, no full-scale back-
ground noise data exist, so any SNR estimate for this case needs to
be made by general physics reasoning or modeling instead. This is
also the intent of section 3.4 of this work.

2.2 signal processing

Change or fault detection generally relies on creating a model of the
studied signal and there is a multitude of ways to create such models.
More specifically, change or fault detection methods basically consist
of parameter estimation of a model used as a filter which is applied
to the measured signal [53]. The output signal from such a filter is
called a residual and will, in the ideal case, be a white noise type sig-
nal which deviates at the onset of change or fault. In its simplest form,
when the deviation magnitude crosses some pre-defined threshold, a
change is said to be detected. The model in this setting, is a mathemat-
ical representation of relations between stochastic and deterministic
components of in- and output signals of the monitored system. Ex-
amples include AR, ARMA and state space models, which may have
more or less clear physical interpretations in terms of the underlying
system dynamics.

When considering acoustic signals from a heat exchanger or steam
generator, the relation between system input (e.g. flow rates, temper-
atures and pressures) and output signals (from acoustic transducers
placed on the system) will, as found in the previous sections, orig-
inate from stochastic processes such as turbulence and boiling. Pro-
cesses with many degrees of freedom such as fluid structure-interaction
and non-linear effects such as bubble resonance will also play an im-
portant role. Furthermore, the source signal may be distorted by wave
propagation in a complex environment, creating multiple reflections,
attenuations, and possibly also interference effects. The resulting com-
plexity is probably the main reason why input-output models are
rare or non-existing in the literature on SFR PALD, whereas AR mod-
els are more common. Only one work using an adaptive filter, [47],
is known to the present author. On the other hand, non-parametric
models, i.e. models that are independent of assumptions on the sys-
tem dynamics, such as the fourier transform, power spectral density
and wavelet transform are very common.

An alternative viewpoint to the change detection formalism is the
one used in pattern recognition, where the measured signal is decom-
posed into several signals, called features. These features are then fed
into a classifier which assigns a pre-defined category to the measured
signal. At some point, the classifier will also compare some sort of
residual to a threshold (repeatedly for decisions between more than
two categories), and in this setting the residual is often called a dis-
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criminant instead. In fact, for binary classification, it can be shown that
a single threshold device is in some respect (when detection delay is
not considered) an optimal classifier [73].

In the following sections I will describe signal models, features and
classifiers found in the literature on SFR PAFD. It can be noted that
some works use the term feature for the signal being compared to a
threshold, while the word discriminant would perhaps have been a
better choice.

2.2.1 Basic Statistics

Perhaps the most straightforward way of describing a stochastic sig-
nal is through its basic statistics, calculated in the time domain. The
mean and variance, important concepts in their own right, are defined
by

µ = E[xn] , σ2 = E[(xn − µ)2] (14)

where E denotes the expectation operator. Acoustic signals are gener-
ally analyzed as having zero mean so the relevant changes will mainly
appear in the variance or in higher order moments, defined by

µk = E[(xn − µ)k] (15)

A standardized moment is obtained by normalizing a higher order mo-
ment with the standard deviation raised to the same power, i.e.

µ̂k =
E[(xn − µ)k]

(E[(xn − µ)2])
k/2

(16)

Another basic statistic used in acoustic signal processing is the
zero-crossing rate, which simply counts the number of times a signal
changes sign during a specified time interval. The zero-level is in this
case being used as a threshold. Examining some higher order mo-
ment and setting the threshold at some other value yields a type of
pulse-counting technique.

Some works on the PAFD problem using the type of statistical mea-
sures described above are the ones of Pridohl et al. [20], Hessel et al.
[51], Oriol and Grivelet [45] and Hartert et al. [84].

For multivariable signals Xi, the generalization of the variance is
the covariance matrix C, defined by

C
(
Xi,Xj

)
= E

[
(Xi − µXi)

(
Xj − µXj

)]
(17)

where µXi is a vector of mean values. The covariance matrix can e.g.
be used to calculate the so-called Mahalanobis distance, or the type
of features used by Srinivasan and Singh in [29], [34], [56] and by
Ramakrishna in [71] as well as by the present author in [88].
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2.2.2 Power Spectral Density

A measure of the power spectral density of a signal x(t) is generally
obtained starting from the Fourier transform, which can be written

x̂(f) =

∫∞

−∞
x(t)e−j2πftdt (18)

Since signal energy, according to the Parseval theorem, is propor-
tional to the square of the integral of the Fourier transform, a power
(i.e. energy per time) spectral density can be formally defined by tak-
ing the limit of an expectation value

PSD = lim
T→∞

E


 1
T

∣∣∣∣∣

∫T

0

x(t)e−j2πftdt

∣∣∣∣∣

2

 (19)

where T is the length of the signal. A basic way of estimating the
power spectral density X(f,N) of a time-discrete signal x(tn) based
on a finite time window of length N samples at sampling frequency
fs is given by

X(f,N) =
1

fsN

∣∣∣∣∣
N−1∑

n=0

x(tn)e
−j2πfn

∣∣∣∣∣

2

(20)

which is called the periodogram. This measure has two main draw-
backs: firstly, it does not converge to the true PSD whenN approaches
infinity, and secondly it has so-called spectral leakage, meaning that
some of the true power in a frequency band will instead appear in
adjacent frequency bands. A common way of overcoming both these
drawbacks is the Welch method [8] which consists of using a window-
ing function h(tn), splitting the time window into overlapping sub-
windows of length Ns and calculating the final PSD estimate over
several expressions of the form

Xw(f,N) =
1

fsNs

∣∣∣∣∣
Ns−1∑

n=0

x(tn)h(tn)e
−j2πfn

∣∣∣∣∣

2

(21)

This method will be used throughout this thesis for PSD estimates.
The PSD or other Fourier analysis based methods are very common

for analysis of acoustic signals and have been used in SFR PAFD
algorithms e.g. in the works of Srinivasan and Singh [29], Srinivasan
et al. [34], Srinivasan et al. [56], Rofe and Ledwidge [46], Ramakrishna
et al. [71], Kim et al. [70], Beauseroy et al. [82], Henrot et al. [85],
Cassar et al. [83] and in the works of the present author [88], [94] and
[95]. Some objections to the use of spectral methods have been raised
in the work of Pridohl et al. [20], i.e. claiming that basic statistics
measures in the time domain would be sufficient, but the underlying
reasoning of this criticism is not entirely convincing to the present
author, for reasons that will be clear in chapter 4.
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2.2.3 Wavelet Transform

The wavelet transform, e.g. described in [81], is a relatively recent
signal processing technique. The general continuous wavelet transform
of a signal x(t) can be written

WX(a,b) =
∫T/2

−T/2
x(t)h

(
t− b

a

)
dt (22)

where h(t) represents a mother wavelet. The parameters a and b are
the scaling and translation coefficients of the mother wavelet, result-
ing in the child wavelet ha,b(t). Allowing these coefficients to take on
any value (thereby the name continuous wavelet transform) yields a
quite heavy representation of x, which is not necessary to store full
information on the signal. Instead, the discrete wavelet transform can be
used. Here, the scaling and translation coefficients a and b are fixed
at values given by

hj,k(t) =
1√
2j
h

(
t− k2j

2j

)
(23)

where j and k are positive integers. Note that for a finite and time-
discrete signal x(tn), this approach reduces the number of samples
produced at each new scale defined by j by a factor of two, a proce-
dure known as downsampling of the signal. For a signal of length 2N

samples, the maximum number of decomposition levels is N, and for
a quite general family of mother wavelets h(t), this decomposition
will indeed contain full information of the original signal [81].

It should be noted that the output of the DWT on a sliding window
is actually matrix-valued. In order to obtain a feature sequence which
is vector-valued, most works calculate a norm over the time dilations,
i.e.

WXd(a) = ||WX(a,b)||d (24)

for example, using the ordinary vector norm

WX2(a) =

√∑

b

WX2(a,b) (25)

or a maximum modulus norm

WXmax(a) = max
b

[
WX2(a,b)

]
(26)

These vector valued outputs can then be compared, in the same way
as the components of a power spectral density or fourier transform,
but some information on the signal is of course lost.

Wavelet transform based methods have been used for the SFR PALD
problem e.g. in the works of Rofe and Ledwidge [46], Liu et al. [62],
Ramakrishna et al. [71], Kalyanasundaram et al. [87] and the present
author [88].
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2.2.4 Autoregressive Model

A general autoregressive (AR) model of order p for a time-discrete
signal xn = x(tn) is defined by

xn =

p∑

k=1

ckxn−k + εn (27)

where εn is a stochastic noise term. The AR model coefficients ck
can be determined from measurements of the signal xn−k through a
linear system of equations called the Yule-Walker equations [58].

An autoregressive moving average (ARMA) model is created by
adding an input noise dependence to the AR model, i.e.

xn =

p∑

k=1

ckxn−k + εn +

q∑

k=1

dkεn−k (28)

Contrary to the AR model, the coefficents of an ARMA model can
not be determined by a straightforward algorithm.

In change detection, AR models are often used to calculate a resid-
ual called the prediction error, given by

en = xn − x̂n (29)

where xn and x̂n are the measured and predicted values of the signal,
respectively.

The PSD can also be estimated from the AR coefficients according
to

X(f) =
σ2

∣∣1−∑pk=1 cke2πikf
∣∣2 (30)

where σ2 is the variance of the driving noise ε.
AR or ARMA models have been used for the SFR anomaly detec-

tion problem by Hayashi [43], Hoogenboom [44], Kalyanasundaram
et al. [87], Beauseroy et al. [82], Hartert et al. [84] and Cassar et al.
[83].

2.2.5 Adaptive Filter

An adaptive filter can be described as a signal model that is repeat-
edly updated, based on new measurements and parameter estima-
tion. Using the formulation from Gustafsson, [53] a general paramet-
ric model of a system, predicting output x̂n, from the input signal un
and the noise contribution εn, can be written

x̂n = G(q,~c)un +H(q,~c)εn (31)
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where G and H are functions of the lag operator, i.e. qun = un+1,
parametrized by the parameter vector ~c. Note the structural similarity
with the ARMA model of equation 28.

If we denote the measured output from the system with xn, then
the residual is, as above, en = xn − x̂n. In adaptive filtering, the
model is now updated from the former, by the linear transformation

~cn+1 = ~cn +Knen (32)

The update is done by some optimization algorithm such as least
mean squares or recursive least squares [53]. It can be noted, that this
approach, in addition to measuring the output from a system, also
needs a measurement of an input signal, sometimes called a refer-
ence signal. This implies that the method needs input from two sen-
sors whose measurements have some correlation. An adaptive filter
technique was used by Yughay et al. [47], in which they instead used
earlier values of the output as reference signal, i.e. basically replacing
equation 31 with equation 28.

2.3 detection or classification

2.3.1 Change or Fault Detection

As stated earlier, online change or fault detection relies on repeatedly
creating a residual or discriminant which is examined for change. A
lot of the richness of the online fault detection literature is explained
by different ways of calculating the discriminant. The filter viewpoint
used by Gustafsson [53] can be recast in a general scheme described
below, which is useful for categorizing SFR PAFD methods.

Generally, given a time discrete signal x(tn), measured on a system
that at some point may change state from 0 to 1, I denote the corre-
sponding signals with x0 and x1. The discriminant will be created
from a transform TRANSF or model of the signal, i.e.

X(fj) = TRANSF[x(tn)] (33)

Then, by applying TRANSF on sliding time windows numbered by
m the discriminant d(m) is created according to a procedure called
DISCd.

d(m) = DISCd[x(tn), x0, x1,X(fj,m),X0,X1] (34)

I.e. DISCd may use the measured signal, its transform as well as
transforms of the known example signals x0 and x1, denoted with
X0 and X1. Gustafsson [53] makes the distinction between one-model
approaches, in this notation given by

d(m) = DISCd[x(tn),X0] (35)
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and two-model approaches

d(m) = DISCd[x(tn),X0,X(fj,m)] (36)

A special type of two-model approach used commonly in the liter-
ature on PALD for SFRs, which will also be studied further in this
work, is the spectral distance approach, given by

d(m) = DISCd[X0,X(fj,m)] (37)

In pattern recognition, the procedure DISCd includes the interme-
diate step where a vector of features, generally of smaller dimension
than X is created

F(m) = F[x(tn),X(fj,m),X0,X1] (38)

or, if only information on the normal state X0 is used:

F(m) = F[x(tn),X(fj,m),X0] (39)

This feature vector is then fed into a classifier CLASS which calculates
the discriminant, i.e.

d(m) = CLASS[F(m)] (40)

The classifier is generally trained on historic data by some optimiza-
tion algorithm.

Given a discriminant function for binary classification, there are at
least two main ways to analyze it depending on which general perfor-
mance criterion that is being used. Maybe the most intuitive way is
to fix a threshold and base the decision on whether the discriminant
is below or above this threshold. This approach can be shown to be
optimal if the task is to perform the classification with a minimal risk
[73] where the risk can be explained as the cost of taking the wrong
decision. This cost does not have to be the same for the two classes.

As stated earlier, the minimum risk criterion does not state any-
thing on the time it takes to reach a decision. In online change or fault
detection, it may be more relevant to consider a maximal false alarm
rate and require the method to achieve the shortest possible detection
delay for this false alarm rate. One classic method for achieving this is
the CUSUM algorithm, described e.g. in [32]. For detection of change
in mean of a Gaussian process, this algorithm amounts to repeated
calculation of the sum

Sn =
1

σ

n∑

m=1

(xm − µ) (41)

which will fluctuate around zero before change in the mean µ and
start to drift up- or downwards at onset of change. In the Gaussian
case, a change of unknown magnitude is detected by an algorithm
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that can be visualized as a so-called V-mask of specified height h and
slope k which is superposed onto the signal of equation 41 [32]. The
design parameters of this V-mask (h and k) can (once again for a
Gaussian process) be related to the desired detection performance by
the relations [55]

k =
δσ

2
(42)

h = k
2

δ2
ln
(
1−β

α

)
(43)

where δ is the desired deviation to detect, expressed in standard de-
viations σ and α / β are the acceptable false and missed alarm rates
respectively.

2.3.2 The Energy Detector

The basic method for detecting an unknown signal in stable noise
is the energy detector [9]. In its simplest form it corresponds simply
to monitoring the expectation value of the squared signal, i.e. the
variance for a zero mean signal, which gives us the method of Pridohl
et al. [20]

d(m) = DISCd[x(tn)] = E[x
2(tn)] (44)

The theoretical maximal performance of this detector is bounded by
an ideal case where both the length and the spectral location of the
signal to be detected are known . Also, this detector is only optimal
if both the noise and the signal to be detected are white Gaussian,
as is clear from the results in appendix C. This fact leaves room for
improvement on real-world signals that in general lack these charac-
teristics.

When the signal model values are proportional to the power in
frequency bands, such as for the PSD, a measure of the energy during
the time-window m is given by

E(m) = DISCE[X(fj,m)] =
∑

j

X(fj,m) (45)

where the sum is taken over all frequency bands up to the Nyquist
frequency. If the changes to be detected can also be due to energy
absorption, as is the case with gas bubbles in a liquid released due to
a leak, it may be more useful to monitor the energy deviation D from
the mean transform X0

D(m) = DISCD[X(fj,m),X0(fj)] =
∑

j

|X(fj,m) −X0| (46)
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Finally, it might be of interest to use a componentwise normalization,
i.e.

D̂(m) =
∑

j

X(fj,m) −X0(fj)

X0(fj)
(47)

The procedure of componentwise normalization X(fj)/X0(fj) is for
PSDs and other types of spectra sometimes referred to as whitening.

The PSDSUM discriminant, proposed by Srinivasan et al. [56] is
a variant of the energy detector of equation 45, summing only over
a subset of the frequency bands chosen beforehand based on knowl-
edge on where the leak noise would be relatively strong. These works
seem however not to have considered the possibility of acoustic ab-
sorption.

2.3.3 Principal Component Analysis

PCA represents a way of finding linearly independent variable com-
binations in data, corresponding to new variables that better describe
the underlying mechanism generating the data. The method can be
briefly described as follows [92]: for a large number N of measure-
ments of size M one creates the M by N matrix X. The goal is now to
find a linear transformation

Y = PX (48)

such that the covariance matrix of Y is diagonal. Through results of
linear algebra it can be found that this is accomplished when the rows
of P are the eigenvectors of the covariance matrix

C =
1

M
(X − µ)T (X − µ) (49)

The eigenvectors of C are called the principal components of X.
Principal component analysis has been applied to the SFR PALD

problem e.g. by Yughay et al. [47], Oriol and Grivelet in [45], Beauseroy
et al. in [82] and Cassar et al. in [83]. As a final remark it could be
noted that for a one-class setting, i.e. when only the normal state is
known, applying PCA will lead to focusing on features that are char-
acteristic of the normal state but not necessarily of the noises to be
detected.

2.3.4 Support Vector Machines

A support vector machine (SVM) is a method for binary classification
of multidimensional, i.e. vector valued, data points. A thorough in-
troduction to the method is given e.g. in [48]. We will here follow the
explanation given in [59], denoting a data point by Xi and its class by
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Figure 10: Linear separation in support vector machines [59]

Yi ∈ [1,−1]. Note that the index i is enumerating the data points, not
the vector components. The basic idea is to separate the two classes
by a (hyper)plane such that the margin to the points closest to the
plane is maximized, see figure 10. In the case where such separation
is not possible, the method can be extended by introducing a penalty
factor C on the error ∆i for points that are not correctly classified. The
separating plane, defined by its normal vector w and an offset vector
b is then found by solving the following optimization problem, i.e.
training the SVM:

minimize
1

2
wTw +C

l∑

i=1

∆i (50)

subject to Yi
(
wTφ(Xi) + b

)
> 1−∆i , ∆i > 0 (51)

Here, φ(Xi) is a function mapping the data points into a higher di-
mensional data space, allowing classification also by curved hyper-
planes. The mapping is not explicitly used, but rather expressed in a
so-called kernel function expressing the distance between data points.
For example, a linear kernel function is given by

K(Xi, Xj) = XTi Xj (52)

while a so-called radial basis kernel function is given by

K(Xi, Xj) = e−γ||X
T
i Xj||2 , γ > 0 (53)
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SVMs have been applied to the present problem only recently, in
the works of Beauseroy et al. [82] and Henrot et al. in [85]. In general,
SVMs are often used in classification tasks where data on all possible
classes are known, which is also the approach taken in the two works
cited here. However, it is possible to apply SVMs also in a one-class
classification setting, i.e. using only information on normal operation.

Support vector machines will not be studied further in this thesis.

2.3.5 Artificial Neural Networks

Artificial neural networks can be described as computing methods in-
spired by the functioning of brain neurons. They consist in general of
a large number of nodes, corresponding to neurons, with weighted
interconnections. The nodes are organized in layers - one input layer,
one output layer and a number of hidden layers in between. The struc-
ture can be depicted as in figure 11.

Figure 11: Schematic view of an artificial neural network [Wikimedia com-
mons]

The scalar input x to a given node is in general transformed from
the vector of input values by a weighted sum

x =
∑

j

wjuj (54)

where uj are the node inputs and wj their relative weights. The node
activation state is a number that is roughly binary but, close to the
node threshold, described by some activation function of x. A node is
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said to be activated, when its activation function exceeds its thresh-
old. The simplest example of an activation function is the Heaviside
function, which has two possible output values and changes between
them depending on wether the input is above or below the thresh-
old. Other common (non-binary) activation functions are the logistic
function

f(x) =
1

1+ e−x
(55)

and the hyperbolic tangent function

f(x) =
ex − e−x

ex + e−x
(56)

The connection weights wj are optimized for known input-output
combinations, by mimizing a cost function of the weights w, gener-
ally using some sort of gradient descent algorithm, i.e. training the
network.

Some examples of neural network applications to the present and
similar problems, are found in the works of Yughay et al. [47], Hessel
et al. [51] and Kim et al. [70]. These works use training data both on
the normal and abnormal states, but neural networks can be applied
also in a one-class classification setting.

Artificial neural networks will not be studied further in this thesis.

2.3.6 Hidden Markov Models

Hidden Markov models (HMMs) represent a concept that can be used
for modeling of non-stationary stochastic signals which has been ap-
plied to several problems, perhaps with the biggest success in auto-
matic speech recognition. The possibility to use them for the SFR PALD
problem was mentioned in an internal CEA document already in
1997, [45] but the idea was pursued for the first time by the present
author [95].

The HMM concept will here be briefly described, basically follow-
ing the paper by Rabiner, [27]. A Markov chain is a process that evolves
in time over a discrete number of states and where the probability of
being in a given state at a given time is only depending on the pre-
ceding state, i.e. not the whole history of earlier states. Formally, a
sequence of states sn, is a Markov chain if the following probability
relation holds for all times m and states s.

P(sm+1|sm, sm−1, ..., s0) = P(sm+1|sm) (57)

The right hand side should also be independent of time, i.e. there is a
matrix of transition probabilities [aij > 0] describing the probability
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of passing from state i to state j during one timestep. If the total
number of possible states is S, it is required by definition that

S∑

j=1

aij = 1 (58)

If the states are directly observable, such as e.g. the weather on a
given day, the process is called an observable Markov process. On
the other hand, one might imagine a system where such direct in-
formation is not available. In this case, each state will instead be ex-
pressed by another stochastic variable, F(m), that can be observed.
As a simple example: imagine a person sitting behind a curtain with
three urns containing different collections of coloured balls. At each
time step, the person chooses an urn (a state) and then passes the
ball to the observer on the other side of the curtain. The observer
will not know the sequence of urn choices but he or she may cal-
culate probabilities for given state sequences, given the sequence of
coloured balls that he/she receives. This scenario corresponds to a
hidden Markov process. A model of this system contains the number of
urns, the ball colour distribution for each urn, the transition matrix
for the urn choices and an initial probability vector for the first urn
choice. Denoting the transition matrix with A, the output probabil-
ity distribution with B and the initial state probability vector with π,
the complete parametrization of a hidden Markov model can then be
written

λ = (A,B,π) (59)

An output probability distribution model often used with HMMs are
so-called Gaussian mixture models or GMMs, defined by

B(F) =
G∑

g=1

wg
1

(2π)K/2
√

detCg
e−

1
2 (F−µg)TC−1

g (F−µg) (60)

where Cg is the covariance matrix of the variable vector. The weights
wg are normalized to obtain

G∑

g=1

wg = 1 (61)

There are three basic problems related to hidden Markov models:
the first consists of training a model, given an observed sequence, i.e.
finding the model parameters λ = (A,B,π) that best describe the
observed sequence. This is done by likelihood maximization using
the Baum-Welch algorithm. The second problem concerns estimation
of the hidden state sequence given an observed feature sequence and
will not be treated further here.
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Table 1: Overview of typical methods applied in the SFR PALD literature.

Reference Signal model Feature Classifier

[20] - Variance Threshold

[34] PSD Covariance matrix Threshold

functions

[44] AR Prediction error Threshold

[70] PSD Selected components ANN

[84] PSD Full PSD SVM

[85] Statistics, AR Selected (by PCA) SS-DFKNN

components

[94] PSD Combined HMM

The third problem consists of, when presented a new feature se-
quence F(m), calculating a conditional probability P(F(m)|λ). If we
denote F(mi) = Fi this probability can, by Bayes rule, be written as

P(F1, ..., FM|λ) = P(F1|λ)P(F1|F2, λ)...P(FM|F1, ..., FM−1, λ) (62)

which can in fact be calculated exactly by a recursive algorithm. In
practice, the logarithm of equation 62 is used in order to avoid prob-
lems with small numbers [73]. After training a model on normal op-
eration data, this log conditional probability can be used as a dis-
criminant for fault detection. The length of the feature sequence used
in equation 62 will then determine a lower bound for the detection
delay.

HMMs were introduced for the SFR fault detection problem for
the first time by the present author in [95] and [96]. They have been
applied to other fault or anomaly detection problems, e.g. by Smyth
in [38], in which a combination of HMMs and ANNs is investigated.

2.3.7 Summary

As a summary of this chapter, some interesting works on the SFR
PALD topic using different methods can be categorized according to
table 1. Note that, in accordance with the thesis delimitation given in
section 1.4, spatial focusing methods such as beamforming and active
acoustic methods are excluded.



Part II

T H E S I S

The thesis consists of two parts: One experimental part
and one part dedicated to development of new detection
concepts and methods. The experimental part is entirely
focused on the Na-N2 heat exchanger application while
the method development part is intended to be more gen-
eral.

Based on the literature review of chapter 2, some key re-
search areas have been identifed. One important starting
point simply consists of acknowledging the fact that it will
be hard to motivate a detection system which assumes de-
tailed information on the noise to be detected. This means
that either, the detection algorithm has to be based only
on recognizing the noise of normal operaton and detect-
ing deviations from this, or else the information on leak
noise characteristics used by the algorithm needs to be
based on solid experimental data or physical reasoning
which makes it justifiable also for the real power plant to
be monitored.

Therefore, the experimental part of the thesis has been fo-
cused on obtaining both 1) leak-like data combining re-
alistic materials, operating conditions and geometry, as
well as 2) background-like data of an ECSG-like system
undergoing operating point changes. Furthermore, an es-
timate of what the acoustic leak SNR will actually be in
an ASTRID-like system configuration is made and used to
estimate the spacing of sensors needed. The leak SNR esti-
mate is based both on the data obtained in the experimen-
tal part of this thesis, verified by theoretical arguments
and on a finite element model of acoustic wave propaga-
tion in the ECSG geometry.

The next part adresses development of methods capable
of detecting deviations from one or several known normal
states with good performance in terms of detection delay
and ROC. It focuses on spectral distance measures and
suitable features for describing non-stationarity of signals,
thereby creating novel feature sequences for change detec-
tion with HMMs. Both the new and the traditional meth-
ods are then compared over the large and varied dataset
compiled during this thesis work.





One person’s data is another person’s noise.

— K.C. Cole

3
A C O U S T I C E X P E R I M E N T S F O R T H E
S O D I U M - N I T R O G E N S Y S T E M

The main reason for developing a sodium-nitrogen heat exchanger
for a SFR is to eliminate the risk of sodium-water reaction in case
of a leak, i.e. increase safety. On the other hand, good economic per-
formance also needs to be demonstrated to ensure the viability of
the design. This performance is not identical to thermodynamic ef-
ficiency, but also includes the level of normal maintenance required,
often expressed in terms of availability, as well as the reparability in
case that damage should occur.

The purpose of all experiments related to leaks in the sodium-
nitrogen heat exchanger should be to contribute to the goals outlined
above. The key areas of interest are (with main goal within parenthe-
ses):

• Absence of chemical reaction (safety)

• Knowledge on leak hydrodynamic effects (safety)

• Fast detection ability (safety, repairability)

• Low false alarm rate (availability)

• Leak location and leak rate estimation (safety, availability, re-
pairability)

The first point is more of a formality as no chemical reaction is ex-
pected and it has indeed been verified during the acoustic experi-
ments included in the present thesis. Studying the hydrodynamic
effects of a leak may contribute to the specification of a maximum
detection delay but is not included here. Fast detection ability and
low false alarm rate can be achieved if the leak noise characteristics
are A) relatively different from the background noise and/or B) has
a high SNR [88]. The typical noise characteristics from small leaks
has therefore been studied in two of the experimental works of the
present thesis, see sections 3.1 and 3.2. The SNR has been studied us-
ing a combination of aeroacoustic theory, the experimental results of
section 3.2 and a finite element model of acoustic wave propagation
through the module in the normal direction. This work has lead to
a novel method for estimating a conservative leak SNR and thereby
determining a required spacing of acoustic sensors on the module
surface, section 3.4.

45
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For monitoring of the ECSG, which has a modular design, one de-
sign requirement is that identification of the leaking module should
be possible. This capability will be assumed to be fulfilled by using
(at least) one PALD system per module. Leak rate estimation is not
judged to be possible with PALD methods but might be achieved by
active acoustic or electromagnetic systems [89].

Finally, since it has been judged necessary to be able to use the one-
class classification approach and run the PALD system during operat-
ing point changes, an effort has also been made to record background-
like noise including operating point changes for a mock-up sodium-
nitrogen heat exchanger, see section 3.3. These recordings are in sec-
tion 4.2.5 used as a base for superpositioning of leak-like noise record-
ings of sections 3.1 and 3.2 as a demonstration of the new methods
presented in this thesis.

3.1 noise of small underexpanded n2 jets

This experiment was designed to study various basic aspects of small
nitrogen leaks into sodium at typical SFR conditions. It had three
main goals: The first was to demonstrate that sodium and nitrogen
do not react chemically at these conditions. Secondly, as the pressure
ratio between the nitrogen and sodium sides of an ECSG will be rela-
tively large, c.f. section 1.2.4, a leak through a small orifice is assumed
to create a supersonic underexpanded jet [89]. To study such jets, a
CFD model is at the moment of writing being developed at CEA and
the second goal of the experiment was to provide validation data for
this model.The third goal, which is the one of main interest for the
present thesis, was to characterize the aeroacoustic jet noise gener-
ated. The relevant jet noise theory, detailed experimental setup and
the obtained results will be described in sections 3.1.1 to 3.1.3

The experiment was financed by the CEA but carried out at Ar-
gonne National Laboratory (US) using an installation named SNAKE.
The present author participated in planning, execution and analyses
of the acoustics part of the experiment.

3.1.1 Underexpanded Jet Theory

The structure of underexpanded jets is described e.g. in [75], and I
will coarsely follow this description here. The imagined surface sepa-
rating the jet region where no mixing occurs from the region where
mixing does occur, is called the potential cone. For the supersonic un-
derexpanded jet, which I consider in the following, this cone is also
a surface separating supersonic from subsonic flow. Inside the cone,
a shock cell structure is present. This shock cell structure is at the
origin of so-called broadband shock noise generation [39]. For high
driving pressures, the first cell shock cell ends with a so-called Mach
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disc and the jet Mach number is maximal just upstream of this disc.
Immediately downstream of the disc, the Mach number is below 1. If
the driving pressure is high enough, the Mach number will again in-
crease axially downstream of the first Mach disc until the next Mach
disc, and so on. A typical fully expanded jet Mach number Mj can be
calculated from the following relation

Mj =

√√√√ 2

γ− 1

((
Pa

P0

) 1−γ
γ

− 1

)
(63)

where P0 is the reservoir pressure, Pa is the ambient pressure and γ is
the ratio of specific heat capacities. The corresponding fully expanded
jet diameter Dj is related to the nozzle exit diameter De according to

Dj

De
=

(
1+ (γ− 1)M2

j /2

1+ (γ− 1)M2
d/2

) γ+1
4(γ−1) (

Md

Mj

)1/2
(64)

where Md is a nozzle design-specific Mach number. I will follow the
hypothesis of [89] and assume that the nozzles used in these experi-
ments were cylindric or convergent, i.e. having their narrowest cross-
section at, or close to, the exit and therefore take Md = 1.

The nozzle-pressure ratio which expresses the ratio between a point
at the nozzle exit Pe and the ambient pressure Pa, can be calculated
by

Pe

Pa
=
P0
Pa

(
1+

γ− 1

2
M2
d

) γ
1−γ

(65)

The length of the potential cone can be approximated by a correla-
tion of Lau and Morris [75]

xp

De
= 0.8+ 5M2

j (66)

and the diameter of the Mach disc can be approximated by a correla-
tion of Antsupov [75]

DM
De

=
5

2
log10

(
Pe

Pa

)
−
3

4
(67)

With these relations, it is now possible to express both the typical
velocity and dimensions of the jet, which should be sufficient for the
acoustic analysis to follow.

Jet noise power spectral density is often expressed as function of
the frequency f, typical velocity U and typical dimension through the
dimensionless Strouhal number, defined by [21]

St =
fD

U
(68)
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A typical supersonic jet noise spectrum consists of three main com-
ponents; so-called turbulent mixing noise, which is a subsonic phe-
nomenon, and two supersonic acoustic phenomena called broadband
shock noise and screech tones. Turbulent mixing noise generally has a
main frequency at St = 0.25 and broadband shock noise is generally
found around St = 0.6 with possible screech tones between the two
[39]. For screech tones, it has been proposed that they appear with a
fundamental frequency fs given by

fsDj

Uj
=

0.67√
M2
j − 1


1+ 0.7Mj√

1+ γ−1
2 M2

j

(
T0
T∞

)1/2



−1

(69)

where j indices denote parameters for a fully expanded jet, T0 is the
reservoir temperature of the jet and T∞ is the ambient temperature
[39]. The ratio of these temperatures is in turn calculated by

T∞
T0

=

(
1+

γ− 1

2
M2
j

)−1

(70)

It should be noted that there is also a clear angular dependency
of the jet noise PSD relative to the jet flow axis. However, in a finite
reflective geometry (which is clearly the case for the experiments de-
scribed here) the measured noise at a given point will consist of a
superposition of noises initially emitted in different directions.

3.1.2 Experimental Setup

The main component of the SNAKE experiment is a cylindrical steel
vessel, figure 12, which can be filled with liquid sodium and pressur-
ized with argon. Controlled gas injections can be performed through
an injector with a small nozzle at the bottom of the vessel. The vessel
and injector are shown in some detail in figure 13. Heaters and pres-
sure regulators permitted (relatively slow) control of vessel pressure
Pa, driving injection pressure P0, vessel temperature Ta and nitro-
gen temperature. Nitrogen injections were performed both into pure
argon gas (dry injections) and into liquid sodium (wet injections). A
small argon purge flow through the injection nozzle was ensured at
all times during wet injection tests to prevent lliquid sodium from
entering the gas line.

The equipment used for acoustic measurements is listed in table
2. To decrease the heat load on the acoustic transducers, they were
placed at the end of stainless steel waveguides fixed to the test vessel.
These waveguides were 30.5 cm in length and tapered towards the
transducer end to limit the formation of standing waves. The acous-
tic recordings were made at a 2.5 MHz sampling rate, which was the
maximal rate of the acquisition system used. The base acoustic sen-
sor position was at the same axial level as the nozzle exit. In some



3.1 noise of small underexpanded n2 jets 49

Figure 12: Geometry of the SNAKE experiment vessel.

Figure 13: Close-up on the SNAKE injection nozzle.
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Table 2: Acoustic recording equipment used in SNAKE experiments.

Component Type

Transducer Mistras WSα

Filter Mistras 100-1200 kHz bandpass

Amplifier Mistras 2/4/6

Connector BNC 2110

Acquisition system NI 6132 DAQ

measurements two acoustic sensors were used, with the second be-
ing positioned about 20 cm above the first, i.e. further downstream
from the nozzle.

In order to visualize hydrodynamic effects and increase general
understanding of the experiment behaviour, injections were also per-
formed in a setup of identical dimensions consisting of an open borosil-
icate glass vessel with water replacing liquid sodium and with air
at atmospheric conditions replacing the slightly pressurised argon.
Acoustic recordings were made with the same equipment in both se-
tups.

3.1.3 Results

The measured thermodynamic conditions of four dry injections per-
formed through the 75 µm nozzle in the steel vessel are given in table
3 with corresponding instrument uncertainties. The ambient vessel
temperature was 360±2.7 ◦C in all cases. Test 0, adjusted to a mini-
mal flow rate, was used to provide an acoustic base line. For the fol-
lowing cases, typical Mach numbers, sound velocities and resulting
flow velocities were calculated at the ambient vessel temperature us-
ing equation 63 and an online nitrogen properties calculator software
[100]. The results, with uncertainties deduced from the instrument
uncertainties, are given in table 4. These measurements have a rather
high accuracy. The flow speed calculations however, are made assum-
ing a cylindrical nozzle shape while electron microscope imaging of
the nozzles showed however that the nozzle was rather slightly con-
ical. Also, in the ideal case, the typical flow speed is only valid at
some a priori unknown coordinate (close to the end of the potential
cone) where the jet is fully expanded.

The PSD estimates X of the measured raw signals were whitened
by dividing componentwise with the estimate of the base line PSD
X0, i.e.

XW(fj) =
X(fj)

X0(fj)
(71)
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Table 3: Measured conditions for dry injections through the 75 µm nozzle
into the steel vessel.

Case P0 [bar] Pa [bar] dm/dt [g/s]

0 6.9 ± 0.01 1.71 ± 0.002 3.5*10−3 ± 1%

1 37.2 ± 0.04 1.78 ± 0.002 1.3*10−2 ± 1%

2 72.0 ± 0.07 2.00 ± 0.002 4.4*10−2 ± 1%

3 155.0 ± 0.16 2.06 ± 0.002 5.6*10−2 ± 1%

4 180.0 ± 0.18 2.16 ± 0.002 8.2*10−2 ± 1%

Table 4: Estimated typical conditions for dry injections through the 75 µm
nozzle into the steel vessel.

Case Mj [-] cj [m/s] uj [m/s]

1 2.63 ± 0.001 509 ± 1 1339 ± 0.5

2 2.99 ± 0.001 509 ± 1 1520 ± 0.5

3 3.49 ± 0.001 509 ± 1 1777 ± 0.5

4 3.56 ± 0.001 509 ± 1 1813 ± 0.5

Whitened power spectral densities measured by two WSα sensors de-
noted A & B at different heights are shown in figure 14. The A sensor
was placed at the axial level of the nozzle exit while the B sensor was
placed a few centimeters above, i.e. downstream of the nozzle. The
structure of these spectra show a slight resemblance to the two main
noise sectors of supersonic jet noise (low speed turbulent mixing and
broadband shock noise) with, in between, one or two sharper peaks
that could be due to screech tones. Identifying a lower principal fre-
quency of 200 kHz with the typical Strouhal number of 0.25 for low
speed mixing (which occurs at subsonic speed), the typical dimen-
sion of the region of the jet emitting this noise can by equation 68 be
estimated to be sligthly below 0.25 ∗ 500/200000 ≈ 0.6 mm, which is
about eight times the diameter of the nozzle. This value is judged to
be reasonable for the mixing region outside the potential cone for a
strongly underexpanded jet.

For broadband shock noise and screech tones, the noise generating
mechanisms are more intricate and less well understood. Using equa-
tions 65 and 67, the diameter of the first Mach disc for injections 1-4
can be estimated to 0.1-0.3 mm. while the correlation of equation 66
give potential cone lengths of 3-5 mm. Taking a typical broadband
shock noise Strouhal number of 0.6, identifying it with a typical fre-
quency around 600 kHz from the measured spectra and typical (su-
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Figure 14: Whitened PSDs at the two WSα sensors measured during dry
injections with the 75 µm nozzle in the steel vessel. The up-
per/lower panels correspond to the A/B sensors respectively.
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personic) velocities between 500 and 1000 m/s, this would correspond
to typical dimensions between 0.5 and 1 mm. Since these values lie
between the dimensions predicted for the Mach disc diameter and
the potential cone length, they are reasonable for noise generated by
structures inside the jet.

Using the relations of equations 69 and 70 together with parame-
ters calculated in the above analysis, the fundamental screech tone
frequencies predicted for injections 1-4 becomes 1000, 760, 530, and
510 kHz respectively. What is experimentally observed on the other
hand, rather than peaks shifting frequency depending on the injec-
tion condition, are strong peaks situated constantly at 460 kHz (and
possibly also at 350 kHz), independently of injection pressure. The
amplitude of the peaks relative to the rest of the spectrum are quite
different on sensors A and B, pointing towards a directional noise
source. All in all, given that screech tones are not very well under-
stood, but known to interact strongly with their environment [39], it
is possible that the observed peaks can be due to screech tones.

A measure of the acoustic power heard by a given sensor was ob-
tained by summing over the whitened PSD, i.e.

PM ∼
∑

j

XW(fj) (72)

A theoretical measure of the acoustic power generated by the injection
flow is expressed by the following hypothesis, c.f. equation 9

PT ∼

(
ρu2

2
uA

)
τME (73)

where the parenthesis containing the density ρ, velocity u and cross-
section area A, is simply a measure of the kinetic energy of the flow.
The parameter, τ is used as an acoustic "efficiency" factor, M is the
Mach number and E is an unknown exponent. I include the factor
1/2 in τ and use the fact that ρuA equals the mass flow rate, which
is measured experimentally. To close the expression, I will use the
values of uj and Mj from in table 4 and obtain

PT ∼
dm

dt
u2j τM

E
j (74)

For the 75 µm injections in the steel vessel at dry condition, the best fit
was obtained with E = 1 and the resulting measured versus predicted
acoustic powers is shown in figure 15. From the uncertainties of tables
3 and 4 it was estimated that the uncertainty in PT would amount to
about 1-2% if τ were known. The uncertainty of the acoustic sensor
is not exactly known, but generally, it lies in the range of 5 to 30%. In
figure 15, an error bar for the measured acoustic power corresponding
to 20% is used. Taken into account that sound power should ideally
be measured by an array of sensors, it is clear that a large part of
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Figure 15: Measured versus predicted acoustic power for dry injections with
the 75 µm nozzle in the steel vessel. Diamonds correspond to
results for the A sensor and squares correspond to results from
the B sensor. The best linear fit was obtained for E = 1.

the uncertainty of this section is in the acoustic power measurement.
The fact that the best fit was obtained with E = 1 shows that the
measured power at the acoustic sensor positions in these experiments
do scale as velocity raised to the fourth power, i.e. higher than the
kinetic energy of the flow, but lower than the case from free field jet
noise theory. The most probable explanation for this would be that
the jet noise is also acting as a driver for acoustic vibration of the
relatively large experiment vessel, introducing significant attenuation
and reflection while propagating from the generation point inside a
small jet.

Measured and calculated conditions of four wet injections performed
through the 75 µm nozzle in the steel vessel are given in tables 5 and
6 with corresponding uncertainties. The ambient vessel temperature
was 370±2.7 ◦C in all cases. The sodium depth was maintained at 40
cm above the nozzle exit prior to injection start. The first test, adjusted
to minimal flow rate, was used to provide an acoustic base line. The
power spectral densities measured by the two WSα sensors during
wet 75 µm injections are shown in figure 16. Compared to the dry
condition, a new source of acoustic energy from 0-20 kHz is appear-
ing, probably due to oscillations of larger bubbles and/or the free
sodium surface. Also a significant part of the acoustic energy is now
absorbed, most likely by nitrogen bubbles, invalidating the measured
acoustic power versus theoretical aeroacoustic power study made for
the dry injections.

Measured and calculated conditions of four dry injections performed
through the 300 µm nozzle in the glass vessel are given in tables 7 and
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Figure 16: Whitened PSDs at the two WSα sensors measured during wet
injections with the 75 µm nozzle in the steel vessel. The up-
per/lower panels correspond to the A/B sensors respectively.
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Table 5: Measured conditions for wet injections through the 75 µm nozzle
into the steel vessel.

Case P0 [bar] PA [bar] dm/dt [g/s]

0 8.0 ± 0.01 2.16 ± 0.002 8.2*10−4 ± 1 %

1 38.2 ± 0.04 1.20 ± 0.001 4.7*10−3 ± 1 %

2 71.6 ± 0.07 1.72 ± 0.002 1.0*10−2 ± 1 %

3 152.0 ± 0.15 2.05 ± 0.002 6.0*10−2 ± 1 %

4 180.0 ± 0.18 2.10 ± 0.002 6.9*10−2 ± 1 %

Table 6: Estimated typical conditions for wet injections through the 75 µm
nozzle into the steel vessel.

Case Mj [-] cj [m/s] uj [m/s]

1 2.90 ± 0.001 513 ± 1 1490 ± 0.5

2 3.08 ± 0.001 513 ± 1 1582 ± 0.5

3 3.48 ± 0.001 513 ± 1 1785 ± 0.5

4 3.58 ± 0.001 513 ± 1 1838 ± 0.5

8 with corresponding uncertainties. The ambient vessel temperature
was 25±2.5 ◦C in all cases. The first test, adjusted to minimal flow
rate, was used to provide an acoustic base line.

Spectra of the injections are shown in figure 17. As before, an acous-
tic power correlation was tested using equations 72 - 74. In these mea-
surements, the best fit was found with E = 2 as shown in figure 18.
The reason for the higher Mach number dependency compared to the
tests in the steel vessel is not clear, but it has been observed that the
linear fit is only slightly better for E = 2 compared to E = 1 so the
result may simply be influenced by the coarseness of the method.

Finally, some examples of power spectral densities measured at wet
conditions both in sodium and water, are shown in figures 19 - 21. The
corresponding thermodynamic conditions are found in appendix A,
section A.1. Typical frequencies for turbulent mixing noise are some-
what lower for the larger nozzle, as expected. It is clear that gas bub-
bles absorb a lot of the acoustic energy. For the sodium cases in the
steel vessel, this effect is even more marked.

Overall, the SNAKE experiments have shown that, when forcing ni-
trogen through a small (< 1 mm) orifice at temperature and pressure
ratio conditions corresponding to those of the ECSG, significant aeroa-
coustic noise is generated in a frequency band from 50 to 800 kHz. If
screened by bubbles, this noise can be severely attenuated, especially
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Table 7: Measured conditions for dry injections through the 300 µm nozzle
into the glass vessel.

Case P0 [bar] PA [bar] dm/dt [g/s]

0 4.8 ± 0.01 Atm 6.6*10−2 ± 1 %

1 9.6 ± 0.01 Atm 1.1*10−1 ± 1 %

2 19.8 ± 0.02 Atm 2.3*10−1 ± 1 %

3 29.6 ± 0.03 Atm 3.4*10−1 ± 1 %

4 39.7 ± 0.04 Atm 4.6*10−1 ± 1 %

5 49.4 ± 0.05 Atm 5.8*10−1 ± 1 %

6 59.5 ± 0.06 Atm 7.0*10−1 ± 1 %

7 69.9 ± 0.07 Atm 8.3*10−1 ± 1 %

Table 8: Estimated typical conditions for dry injections through the 300 µm
nozzle into the glass vessel.

Case Mj [-] cj [m/s] uj [m/s]

1 2.13 ± 0.001 352 ± 1 750 ± 0.5

2 2.60 ± 0.001 352 ± 1 913 ± 0.5

3 2.86 ± 0.001 352 ± 1 1006 ± 0.5

4 3.05 ± 0.001 352 ± 1 1074 ± 0.5

5 3.20 ± 0.001 352 ± 1 1126 ± 0.5

6 3.33 ± 0.001 352 ± 1 1171 ± 0.5

7 3.44 ± 0.001 352 ± 1 1211 ± 0.5
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Figure 17: Whitened PSDs at the two WSα sensors measured during dry
injections with the 300 µm nozzle in the glass vessel. The injec-
tion pressures are, counting the spectra from above 70, 60, ... , 20
and 10 bar. The upper/lower panels correspond to sensors A/B
respectively.
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Figure 18: Measured versus predicted acoustic power for dry injections with
the 300 µm nozzle in the glass vessel. Diamonds correspond to re-
sults for sensor A and squares correspond to results from sensor
B. The best linear fit was obtained for E = 2.
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Figure 19: Whitened PSDs at one WSα sensor measured during wet injec-
tions with the 300 µm nozzle in the glass vessel.
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Figure 20: Whitened PSDs at one WSα sensor measured during wet injec-
tions with the 75 µm nozzle in the glass vessel.
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Figure 21: Whitened PSDs at one WSα sensor measured during wet injec-
tions with the 300 µm nozzle in the steel vessel.
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in the sodium case, however still maintaining relatively high levels
between 50 and 250 kHz. The fact that high frequency noise attenua-
tion in this eperiment was found to be worse for sodium compared to
water is a reminder of care when interpreting acoustic experiments
where sodium is replaced by water.

The typical frequencies of the measured noise are consistent with
jet noise theory. Also, there is a Mach number dependency of power
1-2 i.e. a typical velocity scaling of U4 - U5 of the measured acoustic
power which is lower than for a free field jet noise and as expected
for this kind of setup.

Finally, the experiment verified the hypothesis that there is no chem-
ical reaction between sodium and nitrogen at the studied conditions.

3.2 n2 injection in a narrow channel geometry

3.2.1 Purpose and Theory

Given the absence of chemical reaction, the narrow channel geome-
try of the ECSG and the low solubility of nitrogen in liquid sodium;
a leak (> 1 g/s) in a sodium gas heat exchanger will blow all the
sodium out of the leaking channel almost instantaneously [89] and
create the following long-term acoustic effects:

• Supersonic jet noise at the leak location (primary leak noise).

• Subsonic jet noise as the leak jet expands and drives a gas flow
through the channel (secondary leak noise).

• Acoustic absorption and reradiation by nitrogen bubbles in larger
sodium volumes downstream of the leaking channel exit.

• Characteristic acoustic response of the system as (at least) one
channel is filled with nitrogen instead of sodium.

The purpose of this experiment is to determine a typical frequency
range for the leak noise and verify/falsify the specific effects listed
above. As noted in the previous section, realistic jet noise replication
first and foremost requires realistic dimensionand a realistic ratio
of upstream/downstream pressures. Since this experiment was per-
formed at ambient conditions, i.e. lowering the downstream pressure
from 5 to 1 bar, the injection pressure was lowered accordingly from
180 to 36 bar.

3.2.2 Experimental Setup

To imitate a small part of the sodium-nitrogen heat exchanger geome-
try, a stainless steel experiment section containing 11 rectangular 3x6
mm cross-section channels in one plane was fabricated. The length
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Figure 22: NISC experiment section.

of the section (including the channels) was 280 mm. Into the middle
channel, a small orifice of approximately 0.14 mm2 cross-section was
made, simulating a leak. On the outside of this orifice, a short connec-
tor tube for connection to a gas line was located. The experiment was
named NISC for Nitrogen Injection in Sodium Channel.

The experiment section was fabricated from one single steel block,
using the electroerosion technique, allowing for a geometry without
any welds. The simulated leak orifice was deliberately not made cir-
cular as this would have been an unrealistic leak shape. The NISC
experiment section is shown in figure 22 and the leak orifice is shown
in figure 23.

The experiment section was installed in a water circuit named IKHAR
at CEA/Cadarache, allowing a variable volume rate of water to flow
through its 11 channels. The ends of the piece was fitted in collec-
tors with back and front panels made from plexiglass, allowing for
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Figure 23: The NISC experiment injection orifice seen as a black dot at the
bottom of the connector tube.
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Table 9: Measured conditions for the first set of dry injections.

Case P0 [bar] dm/dt [g/s]

0 Ambient 0

1 3.0 ± 0.04 0.1 ± 0.04

2 8.0 ± 0.04 0.2 ± 0.04

3 12.0 ± 0.04 0.2 ± 0.04

4 15.0 ± 0.04 0.3 ± 0.04

5 20.0 ± 0.04 0.4 ± 0.04

6 26.0 ± 0.04 0.5 ± 0.04

7 29.7 ± 0.04 0.6 ± 0.04

8 36.0 ± 0.04 0.7 ± 0.04

visual observation of gas bubbles exiting the "leaking" channel. The
connector tube was connected to a gas line, pressurized from a ni-
trogen bottle, initially at 180 bar. On this gas injection line, pressure,
flow rate and temperature sensors were installed, as well as valves
for flow rate and injection pressure control. At different positions on
the "back" of the experiment piece, acoustic sensors were attached
and connected to two digital data acquisition systems. The full instal-
lation is shown in figure 24. The reason for using two systems was
that acoustic sensors both for low (<30 kHz) and high (< 650 kHz)
frequencies were used. The alternative of recording low frequency
channels with the high frequency acquisition system would limit the
maximal recording length due to a memory limitation and generate
unnecessarily large files for low-frequency data.

Gas injections were performed both at dry conditions (with air in-
stead of water in the mock-up) and at wet conditions with water flow-
ing at three different rates through the mock-up.

3.2.3 Results

Measured and calculated jet conditions for a first set of dry injections
are given in tables 9 and 10. The first test was used to provide an
acoustic base line. The ambient pressure PA and temperature T∞ was
not measured, but estimated to 1 bar and 20 ◦C.

Acoustic power spectral densities measured during the first set of
injections at dry condition by the high-frequency sensors are shown
in figure 25. All high-frequency sensors were in this test placed over
the leaking channel, the first opposite to the injection position and
the other two at increasing distance from the first.
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Figure 24: NISC experiment piece installed on the IKHAR circuit.



66 acoustic experiments for the sodium-nitrogen system

0 200 400 600 800 1000 1200
0

10

20

30

40

50

f [kHz]

lo
g 

X
w
 [d

B
]

0 200 400 600 800 1000 1200
0

10

20

30

40

50

f [kHz]

lo
g 

X
w
 [d

B
]

0 200 400 600 800 1000 1200
0

10

20

30

40

50

f [kHz]

lo
g 

X
w
 [d

B
]

Figure 25: Whitened PSDs at the three S9215 sensors measured during the
first set of dry injections (Tables 9-10). The upper/middle/lower
panel refer to the sensor at the injection point/middle/far end of
the experiment piece.
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Table 10: Estimated typical conditions for the first set of dry injections.

Case Mj [-] cj [m/s] uj [m/s]

1 1.36 ± 0.02 349 ± 1 474 ± 9

2 2.01 ± 0.01 349 ± 1 703 ± 5

3 2.27 ± 0.01 349 ± 1 794 ± 5

4 2.42 ± 0.01 349 ± 1 843 ± 6

5 2.60 ± 0.01 349 ± 1 908 ± 5

6 2.77 ± 0.01 349 ± 1 967 ± 6

7 2.86 ± 0.01 349 ± 1 998 ± 5

8 2.99 ± 0.01 349 ± 1 1042 ± 6

Table 11: Measured conditions for wet injections.

Case P0 [bar] dm/dt [g/s]

0 Atm 0

1 3.0 ± 0.04 0.1 ± 0.04

2 8.0 ± 0.04 0.2 ± 0.04

3 12.0 ± 0.04 0.2 ± 0.04

4 15.0 ± 0.04 0.3 ± 0.04

5 20.0 ± 0.04 0.4 ± 0.04

6 26.0 ± 0.04 0.5 ± 0.04

7 29.9 ± 0.04 0.6 ± 0.04

8 36.0 ± 0.04 0.7 ± 0.04

The above tests were then repeated at wet condition. Measured and
calculated jet conditions are given in tables 11 and 12.

Acoustic power spectral densities measured at wet condition at the
three locations along the leaking channel are shown in figure 26. In
figures 25 and 26, it is of interest to note the appearance of resonances
at 60 and 120 kHz in the whitened spectra. In some cases, higher and
lower harmonics of these frequencies are also visible. With a sound ve-
locity in nitrogen of 349 m/s, the observed resonances correspond to
wavelengths of 0.003 and 0.006 mm, which are the dimensions of the
rectangular experiment section channels. The hypothesis proposed in
section 2.1.5, i.e. that the aeroacoustic noise of a small leak jet can
resonate with a nitrogen-filled sodium channel, is thereby validated.
In an ECSG at nominal conditions of the ASTRID plant, i.e. 400 ◦C
and 5 bar at which c0 = 525 m/s, these resonances would be shifted
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Figure 26: Whitened PSDs at the three S9215 sensors measured during wet
injections (Tables 11-12). The upper/middle/lower panel refer to
the sensor at the injection point/middle/far end of the experi-
ment piece.
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Table 12: Estimated typical conditions for wet injections.

Case Mj [-] cj [m/s] uj [m/s]

1 1.36 ± 0.02 349 ± 1 474 ± 9

2 2.01 ± 0.01 349 ± 1 703 ± 5

3 2.27 ± 0.01 349 ± 1 794 ± 5

4 2.42 ± 0.01 349 ± 1 843 ± 6

5 2.60 ± 0.01 349 ± 1 908 ± 5

6 2.77 ± 0.01 349 ± 1 967 ± 6

7 2.86 ± 0.01 349 ± 1 998 ± 5

8 2.99 ± 0.01 349 ± 1 1042 ± 6

Figure 27: Measured vs. theoretical acoustic power at the three S9215 sen-
sors for the first set of dry injections. The best linear fit was ob-
tained for E = 3.

to about 87.5 and 175 kHz, depending on the local conditions in the
leaking channel. Making an assumption that few or no other mech-
anisms in the plant are able to create broadband noise above e.g. 50
kHz suggest that this would be a suitable region for passive acoustic
(small) leak monitoring. The monitored region should extend at least
up to 750 kHz to include the possible leaking channel resonances as
well as the full broadband shock noise.

Again, the power measured by the three high frequency sensors at
dry and wet conditions are shown as function of theoretically calcu-
lated power according to equation 74 in figures 27 and 28. The best
linear fit was for these (dry condition) data obtained with E = 3 cor-
responding to a velocity scaling of U6.
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Figure 28: Measured vs. theoretical acoustic power at the three S9215 sen-
sors for wet injections, shown with interpolating curves for clar-
ity.

Measured vs. theoretical acoustic power for a second set of dry
injections are shown in figure 29. The best linear fit was for these
(dry condition) data obtained with E = 3 corresponding to a velocity
scaling of U6. The corresponding jet conditions and spectra are given
in appendix A, section A.2.

3.3 noise of a na-n2 heat exchanger mock-up

3.3.1 Purpose and Theory

Following the system design strategy outlined in the beginning of
part 2, this study concerns acoustic noise from normal operation of
a sodium-nitrogen heat exchanger. At the moment of writing, only a
few smaller mock-ups of such heat exchangers have been built. The
channel dimensions, materials and manufacturing methods of these
mock-ups are representative of the full-scale ECSG module, which
a priori implies that the generated noise will have some similarity
with the full-scale case. As no boiling occurs, the noise will be made
up partly of flow-induced vibration and partly of aeroacoustic noise.
The relative importance of these two phenomena is difficult to pre-
dict. The aeroacoustic turbulent mixing noise of nitrogen flowing at
13 m/s in quadratic channels of 2.5 mm side, would correspond to
a typical frequency (St ≈ 0 .25) around 1.3 kHz. For liquid sodium
flowing at 0.6 m/s through an even larger channel of 3x6 mm, the
highest possible typical frequency obtained through the same reason-
ing would be around 50 Hz, which will be very difficult to distin-
guish from the electrical net oscillation. It can therefore be assumed
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Figure 29: Measured vs. theoretical acoustic power at the three S9215 sen-
sors for the second set of dry injections. The best linear fit was
obtained for E = 3.

that any noticeable contribution from sodium flow would be of the
type of flow-induced vibration.

An operational passive acoustic fault detection system should ide-
ally be able to recognize several states of normal operation as well as
the transition between them. This functionality has not been explic-
itly demonstrated in the literature so it was judged to be of particular
interest to record such transitions.

3.3.2 Experimental Setup

The sodium-nitrogen heat exchanger module mock-ups are tested in
the DIADEMO loop at CEA/Cadarache. In this loop, the heat ex-
changer is placed inside a gas tight vessel filled with argon. Acoustic
measurements were made using an accelerometer placed on a flange
outside of this vessel. At this position, the accelerometer was at a
distance of about 0.5 m from, but mechanically coupled to, the heat
exchanger. The recordings were made on the heat exchanger mock-up
denoted 1 bis.

The accelerometer was fixed to the flange by use of a small clamp.
This fixation method is known to change the frequency response of
the sensing element as a whole, notably by lowering the resonant fre-
quency. As the resonant frequency is specified to be > 24 kHz for
standard mounting techniques of the accelerometer used, a guess is
that this resonance was shifted to a frequency well below 20 kHz
for this setup. In this study we were mainly interested in qualitative
and relative measurements, so the transducer characteristics were of
less importance as long as they remained stable during the measure-
ments.
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Table 13: Acoustic recording equipment

Component Model

Accelerometer PCB 357B61

Charge amplifier Bruel & Kjær 2635

Acquisition system Agilent U2542A

Acquisition software Agilent measurement manager

Table 14: Recorded operating points

Recording Start Intermediate End

1 Na: 0.4 m3/h - Na: 0.6 m3/h

N2: 84 g/s - N2: 84 g/s

2 Na: 0.6 m3/h - Na: 0.8 m3/h

N2: 84 g/s - N2: 84 g/s

3 Na: 0.8 m3/h - Na: 0.2 m3/h

N2: 84 g/s - N2: 84 g/s

4 Na: 0.2 m3/h - Na: 0.2 m3/h

N2: 84 g/s - N2: 57 g/s

5 Na: 0.2 m3/h Na: 0.2 m3/h Na: 0.4 m3/h

N2: 57 g/s N2: 84 g/s N2: 84 g/s

The accelerometer was connected by a short cable (0,5 m) to a
charge amplifier, which relayed the signal to a cable of several me-
ters and into a data acquisition system. This system consisted of an
AD-converter, a modular data acquisition system and a personal com-
puter. Some details of the equipment used are specified in table 13.

After start-up of the DIADEMO loop, a total of five recordings were
made, containing noise both of steady state operating points and tran-
sitions between them. An operating point here signifies operation at
constant sodium and nitrogen flow rates. The timing of recordings
and operating point changes was made such that the end state of one
recording was the start state of the next recording. The pause time be-
tween recordings was not measured, but ranged from a few seconds
to a few minutes. The sampling frequency of all recordings was set
to 200 kHz. Flow rate data of the recordings are given in table 14.
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Figure 30: Raw signal of all DIADEMO recordings.

3.3.3 Results

The concatenated raw signal of all five recordings is shown in figure
30. From 1000 s and onwards, there are a number of impulsive noises
appearing in the signal. The origin of these is not easily identifiable.
Possible reasons might include thermal relaxation clicks due to tem-
perature changes or mechanical impact noises from the DIADEMO
loop itself or other equipment nearby. Impulsive events were also ob-
served in the Phénix and PFR steam generators [96] [94], so it seems
reasonable to assume that they are indeed part of what can be ex-
pected to be a normal background.

Welch power spectral density estimates of the starting operating
points in recordings 1-5 for three different frequency ranges are shown
in figure 31. The influence of the electrical net at 50 Hz is clear and
the accelerometer seems to not record anything above 40 kHz. The
sodium pump used in the DIADEMO loop is of electromagnetic type
and is not assumed to create any significant noise. The nitrogen cir-
culator turned at 500 and 350 Hz during these experiments (for 84
and 57 g/s respectively) which may accout for some of the peaks in
the low-frequency parts of the spectra. Apart from these observations,
the interpretation of the spectra is not evident. They seem to consist
mainly of resonances and harmonics with broadband regions from
5 to 10 kHz and from 25 to 35 kHz. Any low frequency turbulent
mixing noise, which would appear from 0 to 2 kHz seems to have
been too weak to be observed with certainty at the accelerometer po-
sition. The conclusion is that the measured noises are mostly due to
flow-induced vibration.

A spectrogram of all recordings based on Welch PSD estimates is
shown in figure 32. The spectrogram is normalized with respect to the
PSD at the beginning of recording 5. The calculated time-frequency
resolution is 1 s x 1 Hz. The operating point changes are clearly visible
and the recordings are therefore judged to be satisfactory from this
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Figure 31: Welch PSDs of starting operating points in recordings 1-5 in dif-
ferent frequency ranges.
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Figure 32: Time-frequency evolution of all DIADEMO recordings. Record-
ing breaks are marked by black lines.

Table 15: Typical flow conditions at normal operation of the ECSG.

Parameter Sodium Nitrogen

Pressure [bar] 5 180

Temperature [◦C] 400 400

Density [kg/m3] 850 83

Kinematic viscosity [m2/s] 7.1∗10−7 4.1∗10−7

Mean flow velocity [m/s] 0.5 11.8

Sound speed, c0 [m/s] 2350 570

point of view. Further analysis of these recordings from a detection
capability perspective is presented in section 4.2.5.

3.4 small leak snr estimates for the ecsg

3.4.1 Source SNR Estimate

At nominal power, the ASTRID design uses 12 ECSGs to exchange
heat between approximately 6400 kg/s of sodium and 6500 kg/s of
nitrogen. One ECSG contains eight modules of about 16800 nitrogen
channels and 8400 sodium channels each. Each module is made up
of two submodules containing half of these channels. The inlet/outlet
temperatures for sodium are 530/345 ◦C and 310/515 ◦C for nitrogen.
By taking 400 ◦C as a typical temperature, typical values for the pa-
rameters of equation 9 can be taken from [74] and [100]. These values
are collected in table 15.

The typical frequency for turbulent mixing noise is given by a
Strouhal number of 0.25 [21]. The flow speeds calculated above will
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then correspond to a typical frequency of 30 Hz for the sodium chan-
nel (typical dimension 5 mm) and 1310 Hz for the nitrogen chan-
nel (typical dimension 2.5 mm). Now, consider a base volume of
2.5x2.5x2.5 mm3 in a nitrogen channel. The acoustic power gener-
ated by this volume is denoted PN2 . The acoustic power generated by
the same volume in a sodium channel is denoted PNa. According to
equation 9 , their emitted acoustic power ratio becomes

PNa
PN2

=
ρ0,Na

ρ0,N2

νN2
νNa

(
UNa
UN2

)7(
c0,N2
c0,Na

)3
(75)

By inserting the values of table 1, the following is obtained

PNa
PN2

≈ 2.1 ∗ 10−11 (76)

i.e. the turbulent noise intensity emitted by a base volume in a sodium
channel will be negligible compared to that of a base volume in a
nitrogen channel, mainly due to their mean flow velocity difference.
When estimating generated sound power over the entire module, also
the volumetric factor

VNa
VN2

=
3 ∗ 6
2.5 ∗ 2.5

1

2
≈ 1.4 (77)

has to be taken into account (assuming that the sodium and nitro-
gen channels on average have the same length). Since this factor is
of order one, the turbulent flow noise in sodium channels can be ne-
glected also over the whole module. In summary, the aeroacoustic
noise of the heat exchanger module can be expected to come mainly
from the nitrogen channels, with a typical frequency slightly above 1
kHz. Apart from this, the nitrogen and sodium flows will also gener-
ate flow-induced vibration, as described in the DIADEMO data. An
important question is how much power this vibration will contain
compared to the pure aeroacoustic noise. For the basic SNR estimate
made here, which considers a leak signal in a frequency range well
above that of the flow-induced vibration, it is judged that this mechan-
sim is still of minor importance.

Now, I assume that in case of a leak of 1 g/s, the typical nitrogen
flow parameters at about 5 bar in one nitrogen-filled sodium channel
will be approximately as in table 16 where UL is a typical mean flow
speed in the nitrogen-filled sodium channel The aeroacoustic inten-
sity ratio of a base volume at these conditions compared to that of a
base volume at normal operating conditions will then be

PN2,L

PN2
=
2.5
83

4.1 ∗ 10−7
1.3 ∗ 10−5

(
UL
11.8

)7(
570

525

)3
≈ 0.001

(
UL
11.8

)7
(78)

I now denote the total volume in which UL is a typical velocity with
VL. Since aeroacoustic background noise from the sodium channels
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Table 16: Typical flow conditions in the vicinity of the leak inside a sodium
channel.

Parameter Nitrogen

Pressure [bar] 5

Temperature [◦C] 400

Density [kg/m3] 2.5

Kinematic viscosity [m2/s] 1.3*10−5

Mean flow velocity [m/s] UL

Sound speed, c0 [m/s] 525

has been shown to be negligible, the aeroacoustic intensity ratio, only
due to subsonic turbulent mixing noise, in case of a leak into one
sodium channel is

PL
PN2

=
PN2,L

PN2

VL
VN2

≈ 0.05
(
UL
11.8

)7
VL
VN2

(79)

By taking the aeroacoustic emission signal to noise ratio as

SNR = 10log10
PL
PN2

(80)

and then studying UL values from 0.3c0 to 0.9c0 and VL values from
0.1 (leak noise is emitted by a smaller volume than the base cube in
the nitrogen channel) to 10 (leak noise is emitted by a volume larger
than the nitrogen channel base cube) one finds that the correspond-
ing emission SNRs range from 30 to 90 dB. The corresponding SNR
surface as function of typical leak noise emitting volume (relative to
the nitrogen channel base volume VN2) and Mach number is shown
in figure 33.

In the immediate vicinity of the leak, the flow is assumed to be
highly supersonic and underexpanded so that also the effects of broad-
band shock noise and possibly screech tones are added at frequencies
above that of the turbulent mixing noise. In summary, if these noise
effects are taken into account, it is probable, given e.g. the experimen-
tal results of [14], that the SNR estimates above can be increased by a
few additional dB in the frequency region where supersonic jet noise
effects can be expected (400 - 800 kHz). Also, the results of the exper-
iments performed in the present work show that the high frequency
noise does not necessarily propagate well through the bubbles of the
SNAKE experiment or the thin channel geometry of the NISC exper-
iment. SNR attenuation will therefore be treated in some more detail
in the two following sections. The problem will be composed into one
axial propagation part, i.e. along the axis of the heat exchanger chan-
nels, and one normal propagation part, perpendicular to the channel
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Figure 33: Aeroacoustic source SNR as function of relative volume and typ-
ical Mach number of leak noise generating region.

axis. The former will be experimentally evaluated and the second will
be evaluated through numerical simulation.

3.4.2 Axial Propagation Attenuation

The decrease in SNR due to axial propagation in the ECSG is, some-
what crudely, estimated directly from the NISC experiments, c.f. sec-
tion 3.2. In most cases, two identical high-frequency sensors were
placed 28 cm from eachother, the first being situated above the injec-
tion point. The axial SNR attenuation can then be estimated by

∆SNRA(p0) = 10

(
log10

P1(p0)

P1bg
− log10

P2(p0)

P2bg

)
(81)

where p0 is the driving injection pressure, and P1 / P2 is the mea-
sured acoustic power at sensor positions 1 and 2 respectively. The
obtained data for the axial attenuation α = ∆SNRA/0.28 in dB/m
are plotted in figure 34. There is a clear dependency on the driving
injection pressure. Given the shape of the spectra shown in section
3.2.3, a plausible reason is that the axial attenuation of leak noise has
a relatively strong frequency dependence in the ECSG geometry. For
a pressure ratio of 36, which is a reasonable value for ASTRID con-
ditions, an axial attenuation of 20 dB/m results from figure 34. Com-
plementing measurements showed even higher attenuations, towards
30 dB/m, but with a large spread in the data.

During the NISC experiments, tests were performed where a high-
frequency acoustic transducer was mounted on an aluminium struc-
ture further (about 1 m) downstream of the experiment mock-up. No
noise change was however detected on this sensor during injections.
Given that the collector geometry of the ECSG is more intricate than
that of the NISC experiment setup it seems improbable that any high-
frequency leak noise would survive the propagation through the leak-
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Figure 34: Axial attenuation estimates from NISC experiments.

ing sodium channel, bubbly regions at the exit and further down-
stream. A definitive answer to this question however requires more
research and will be left unanswered here. Instead, the possibility of
relying on leak noise propagation through the channel plates of the
ECSG will be studied in the following section.

3.4.3 Normal Propagation Attenuation

In the direction parallell to the ECSG module channels (named the
axial direction), there is translational symmetry and the problem of
wave propagation in the normal direction can therefore be modeled in
two dimensions as a first approximation. The environment encoun-
tered by the acoustic wave propagating in this direction will consist of
a periodic structure of steel, sodium and nitrogen channels. The wave
will be diluted, attenuated, reflected and possibly also diffracted be-
fore reaching the surface of the module. The SNR attenuation of this
case was studied using finite element modeling in the acoustic-solid
interaction module of the COMSOL multiphysics software.

Three basic model structures were set up. Model 1 corresponded
to the normal case, where only the nitrogen channels generate aeroa-
coustic noise (c.f. section 3.4.1), and model 2 described the leak case,
i.e. with one sodium channel filled with nitrogen and an additional
noise source simulating the leak. For the leak case, two variants were
studied: One where the leak was placed in the middle channel, which
is the worst case for a design where acoustic sensors can be placed
on both sides of the module, and one where the leak was placed in
a corner channel, which is the worst case for a design with acoustic
sensors on only one side of the module.
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Table 17: Normal propagation model parameters.

Quantity Model type Value

Sodium, acoustic attenuation Constant 3.6x10−7 Np/m

Nitrogen, acoustic attenuation Constant 0.1 Np/m

Steel, acoustic attenuation Isotropic 0.02

loss factor

Background source size Quadrupole 0.0005 m

Background source strength Quadrupole 0.0001 N/m

Leak source size Quadrupole 0.0001 m

Leak source strength Quadrupole 1 N/m

The model was simulated in the frequency domain for frequencies
ranging from 10 to 500 kHz to cover the spectral range where signifi-
cant content was observed in the SNAKE and NISC experiments, c.f.
sections 3.1 and 3.2. At these frequencies, the shortest wavelengths
are of the order of 0.9 mm (in nitrogen), so the maximal node size
of the computational mesh was set to 0.1 mm to resolve the high fre-
quencies without problem. (A test with maximal node size reduced
by 25% was performed, verifying that the solution had converged.)
This level of spatial resolution made the model quite large, so instead
of simulating the full size of an ECSG module, a parametric study
was made in which models of several smaller sizes were simulated
and the required SNR results were later extrapolated to the larger
case. The 11x11 middle and corner leak models are shown in figure
35.

The acoustic sources were taken to be quadrupole sources, in ac-
cordance with aeroacoustic theory. The strengths of the noise sources
should ideally follow the relation given by section 3.4.1, and the
leak source should be of somewhat smaller dimension than the nitro-
gen channel sources. However, since there is considerable uncertainty
about the typical velocities and dimensions of the leak jet, the source
parameters were chosen somewhat more coarsely. The quadrupole
source strenghts and dimensions as well as the acoustic attenuation
models used for steel, liquid sodium and nitrogen are summarized
in table 17. Note that the source strengths were set up as constants,
i.e. independent of frequency. This implies that the spectra generated
by the model will solely represent the wave propagation response
for a pure white noise. To obtain more realistic SNR estimates, these
responses should be componentwise multiplied by whitened source
spectra, e.g. from the SNAKE or NISC experiments.

On the surface of the module, the average kinetic energy density
K, at the model borders were evaluated. The resulting K-spectra rep-



3.4 small leak snr estimates for the ecsg 81

Figure 35: Normal wave propagation models for 11x11 sodium channels
with leak in the middle (upper panel) and corner (lower panel)
channel.
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Figure 36: Normal propagation spectra for the 11x11 model for middle (up-
per panel) and corner (lower panel) leaks.

resenting propagation of the (white) background and leak noises re-
spectively for the 11x11 models are shown in figure 36. The resonant
frequencies for normal operation at 230 and 460 kHz are due to stand-
ing waves in the nitrogen channels. It is not likely that they will ac-
tually be excited by the normal operation of the ECSG since this is
expected to generate much lower frequencies. On the other hand, it
is interesting to note the appearance of leak resonances, for both leak
positions, at 110, 190 and 290 kHz. The acoustic sound pressure level
results at these frequencies are shown in figure 37.

The leak noise propagation SNR was calculated for each model size
using equation 13 i.e.

SNR = 10log10

∑
f

(
Klk(f) −Kbg(f)

)
∑
f Kbg(f)

(82)
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Figure 37: In-channel sound pressure level fields at identified leak operation
resonance frequencies.
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The kinetic energy densities Kbg/lk were in this study evaluated in
two ways: firstly as before, as spatial averages over the right and bot-
tom borders of the model (c.f. figure 35, upper panel) denoted SNRx
and SNRy with average SNRAvg. Secondly, the kinetic energy den-
sities were evaluated at two points located on the right and bottom
borders of the model, close to the lower right corner, i.e. at maximal
distance from the leak source (shown in figure 35, lower panel). The
SNR values resulting from these corner points is denoted SNRx,c and
SNRy,c with average SNRAvg,c. These values were used to calculate
the average SNR overestimate relative to an suboptimal sensor posi-
tion c in a direction xn, ∆SNRxn,c by

∆SNRxn,c = SNRxn − SNRxn,c (83)

or for the average case

∆SNRAvg,c = SNRAvg − SNRAvg,c (84)

In a case without acoustic attenuation, the leak noise power will,
by energy conservation, theoretically decrease with model size with
an inverse square law relationship, i.e. Ps ∼ N−2. This is also true for
the measured background noise power Pbg, which on the other hand
originates from all nitrogen channels whose number scales asN2. The
inverse square law-based SNR should therefore in total, c.f. equation
13, roughly scale as SNR ∼ log(N−2). Taking attenuation into account
by using a correction on the exponent, a possible expression for the
measured SNR as a function of squared model size N2 can be written

SNR(N2) = −10(1+ δ) ∗ log10(N
2) + I (85)

where a term for the minimal case SNR, I has been added. In fact,
in the 2D model used here, the inverse square law is replaced by
a 1/r-law. However, since the channels are of fixed length, and we
are studying SNR which contains distance scaling both for leak and
background noise, the scaling in the normal direction becomes the
same in 2D as in 3D, i.e.

(
Ps

Pbg

)

3D

∼
1/N2

N2/N2
=

1

N2
=

1/N

N2/N
∼

(
Ps

Pbg

)

2D

(86)

The SNRs for a middle channel leak, obtained from spatial aver-
aging over the model borders as function of the squared number of
sodium channels are shown in figure 38. The values are fitted to the
logarithmic law of equation 85 For the middle leak case, δ ≈ −0.1 and
I ≈ 47 dB, while for the corner leak case, δ ≈ 0.2 and I ≈ 49. The cur-
rent design of the ECSG includes a rectangular 35x120 channel size.
Assuming that the module is monitored by square cross-sections as
in the model studied here, the SNRs are extrapolated to a size of
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Figure 38: SNR as function of middle leak model size. Upper panel - simu-
lated model sizes, lower panel - extrapolation of the average case
to ECSG submodule size.

352 = 1225 channels, showing that the normal propagation SNR loss
will be about 30 or 35 dB depending on whether sensors are allowed
on both sides or not. These numbers imply that 120/35 ≈ 4 sensors
are used over the width over the module. The axial spacing of sensors
will be treated in section 3.4.4.

The SNR of the smallest model cases studied, i.e. with only 1 sodium
channel, was about 48 dB. According to the source estimates in sec-
tion 3.4.1 the smallest case SNR should theoretically lie somewhere
between 30 and 90 dB. In future research, an acoustic propagation
model can probably be tuned to fit an experimentally obtained value.
The value found by the model depends on the quadrupole source
strengthts and attenuation coefficients used.

By taking whitened PSDs from the NISC experiment and multi-
plying them componentwise with the propagation spectra from the
model, the SNR of the smallest case increased by about 30 dB, sim-
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Figure 39: SNR as function of corner leak model size. Upper panel - simu-
lated model sizes, lower panel - extrapolation of the average case
to ECSG submodule size.
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ply due to the fact that the background noise (from the IKHAR loop)
did not produce any significant content in the high frequency region
where the injection noise was mainly located. The most favourable
SNR found in the IKHAR NISC experiment however, was about 30
dB, indicating that the loss at the interface between the monitored
component and the sensor plus instrumentation noise removes an-
other 30-40 dB. Modeling the component-sensor transmission is in-
deed an important area of improvement for this problem. Also, switch-
ing to the true rectangular geometry of the ECSG will increase the
accuracy of the model.

Since the SNR estimates of figures 38 and 39 are made as line aver-
ages over the model borders, a complementing study was made for
the corner leak case, where the SNRs were also evaluated at virtual
sensor points close to the opposing corner (shown in figure 36). The
discrepancy between these point estimates and the border average es-
timates ranged between 0 and -8 dB for the model sizes studied here,
but did not present any clear trend towards larger model sizes.

3.4.4 Estimate of Resulting SNR

The above estimates give a basic understanding of the relation be-
tween emitted aeroacoustic noises and their attenuation during prop-
agation through an ECSG module. It was, in section 3.4.2, judged
unlikely that a leak would survive propagation through the leaking
sodium channel, the ECSG collector geometry and the bubbly region
at the channel exit. For sensors placed on the surface of the module
on the other hand, the following expression for the measured SNR is
proposed

SNR = SNRS −∆SNRSys −∆SNRN −∆SNRAvg,c −∆SNRA (87)

where SNRS is the source SNR, as estimated in section 3.4.1, ∆SNRA
is the SNR loss due to sound propagation in the axial direction, c.f.
section 3.4.2, ∆SNRN is the SNR loss due to propagation in the nor-
mal direction, c.f. section 3.4.3 and ∆SNRSys is the SNR loss due to
other noises in the measurement chain.

Making the hypothesis of a small leak producing an underexpanded
jet through a small orifice, the SNAKE and NISC experiments have
shown that this jet will produce noise mainly between 100 and 800
kHz. It is not likely that the background noise of the plant will have
any significant contributions in this frequency range and we will base
the following reasoning on this fact.

The combination SNRS−∆SNRSys, in the NISC experiments (which
includes the component-sensor transmission and instrumentation noise
discussed in the previous section) seemed to result in values around
30 dB. Since the sensor fixation, i.e. acoustic transmission between the
experiment section and the transducer in the NISC experiment was
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not optimized (while still using cables of several meters in length),
this is probably a conservative value. Furthermore, taking conserva-
tive ∆SNRN and ∆SNRAvg,c estimates from the previous section of
35 and 8 dB respectively and an axial attenuation of about 25 dB/m,
the resulting SNR as function of the axial distance dsz between a leak
and acoustic sensor becomes

SNR = −13− 25 ∗ dsz [dB] (88)

A synthetic noise mixing and detection study, appendix C, section C.6,
shows that detection e.g. at -35 dB after a few seconds is at the limit
but fully possible for these injection signals when using an ultrasonic
sensor, thanks to the significant injection noise content in the high-
frequency region. This implies that an axial sensor spacing of slightly
less than 1 m would be required.



Innovation basically involves making obsolete
that which you did before.

— J. Abraham

4
R E S E A R C H A N D D E V E L O P M E N T O N D E T E C T I O N
M E T H O D S

This chapter concerns research and development on possible algo-
rithms for passive acoustic fault detection in sodium fast reactors.
The methods presented are general in nature and could therefore be
of interest also for fault detection in other noisy signals, e.g. also for
passive acoustic boiling detection which is another SFR related re-
search topic [42].

4.1 developed concepts

Compared to the theoretical prerequisites for optimality of the matched
filter and the energy detector, a number of facts supports the idea
of using other approaches for real-world problems such as the one
under investigation in this thesis. First and foremost, the signal to
be detected, the leak noise, can not be treated as known in any de-
tail, which makes application of a matched filter difficult. Secondly,
both background and leak noises are not white and not necessarily
stationary on the time scale needed for fast detection. Finally, the
background and leak noises may not be additive when the effect of
acoustic absorption on gas bubbles from the leak is important.

As noted in the literature review, c.f. section 2.2, system models
such as Kalman filters or state-space models have not been judged
suitable for the SFR PALD topic, while residuals based on spectral
distances or AR model prediction errors have been very common. In
the following, I will investigate the general spectral distance option in
some detail, categorizing spectral distance and covariance measures
in sections 4.1.1 and 4.1.2. This categorization will be instructive in
order to relate the various methods already proposed in the litera-
ture to each other as well as to identify possible new approaches. In
sections 4.1.3 and 4.1.4, I will introduce such approaches by using
and modeling the time evolution of spectral distance measures, no-
tably by hidden Markov models, whose application represent a novel
contribution to the SFR PALD topic.

89
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4.1.1 Base Spectral Distance Measures

The methods presented in this section basically have only one and the
same free parameter: the sliding window length. There might how-
ever be transform specific parameters, such as subwindow and over-
lapping distances for the Welch PSD estimate, and mother wavelet
specifications for wavelet decompositions. The influence of these pa-
rameters has not been explicitly studied.

In order to visualize the concept of spectral distance measures, it
is useful to regard the transformed signals X(fj) as vectors. These
vectors may in general have quite large dimension, but the following
reasoning, presented in two dimensions, is general.

I assume that the background noise of a normal operation state can
be described by one single average transform vector X0 and denote
the result of the transform in the current sliding window m by X(m).
The residual vector is thereby XR(m) = X(m)−X0. (Note that if X is a
Welch PSD estimate [8], the sliding window length will be partitioned
into subwindows by the estimating algorithm, but the resulting trans-
form is an average which represents the entire window m.) To detect
deviations from the normal state without assuming any information
on the signal to be detected, four basic spectral distance measures can
now be identified. These four base measures are shown in figure 40.

Figure 40: Vector interpretation of transforms and spectral distance mea-
sures from the normal state X0.
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These measures correspond to different physical entities depending
on the transform F and the vector norm used. E.g. the measure E(m)

which in the general case can be written

E(m) = ||X(m)|| (89)

becomes an energy detector when F is a PSD estimator and the vector
norm is the Manhattan norm, i.e.

EE(m) = ||X(m)||1 =
∑

j

X(fj,m) (90)

i.e. we are summing up the power in all frequency bands of the PSD,
which is proportional to the total energy carried by the signal.

The measure D is a generalization of a residual energy detector,
since the normal state vector X0 is subtracted.

D(m) = ||XR(m)|| (91)

Note that D may be a better change detector than E in presence of
acoustic absorption. The case depicted in figure 40 indeed shows a
signal X(m) for which the energy along the first dimension has in-
creased while the energy along the second dimension has decreased.

The measures P and N simply come from measuring the lengths
of a decomposition of the measured transform X(m) in components
parallell and orthogonal to the (unitary) base state vector X̂0, i.e.

P(m) = X(m) · X̂0 (92)

N(m) = ||X(m) − P(m)X̂0|| (93)

Note that a pure signal power change in a stationary signal would, for
a PSD estimate, only manifest itself in P and not in N, whereas the
opposite would be true for a pure spectral change with maintained
signal power. It is also important to note that both the E and P de-
tectors can have poor performance for certain signals since they can
change in both the positive and the negative direction and thus also
risk ending up in between, i.e. at zero change.

This framework is useful for categorizing methods proposed in the
literature. The PSDSUM discriminant, proposed by Srinivasan and
Singh in [35], is a variant of the EE measure used on the PSD, where
the sum in equation 90 is taken only over those spectral components
fj where the leak state is assumed to be relatively strong compared
to the normal state. Identifying these components of course requires
some information or assumptions on possible leak noise, but this ap-
proach is still more realistic than the detailed information required to
use a matched filter.
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In [46], Rofe and Ledwidge proposed a direct spectral distance and a
normal spectral distance, which correspond to D and N with the usual
vector norm. Furthermore, if the transform F is a squaring opera-
tion followed by a projection onto a given subspace, then the twice-
squaring method of [43] corresponds to E with a square norm.

The autoregressive model prediction error method, can in this frame-
work be descibed as constructing the distance measure in the time
domain, after estimating X0 on an earlier part of the signal. I.e. a pre-
diction x0 is created by applying F−1 to X0 and the prediction error,
used e.g. by Kalyanasundaram in [87], is written

Dpe(m) = ||x− x0||2 =

√∑

n

(x(tn) − x0(tn))
2 (94)

where x0 is the signal predicted by the model X0 and the sum is taken
over the samples located at times tn during the sliding window m.

I will denote vector norms as absolute, abbreviated by a i.e.

||[X(fj)||p,a =

∣∣∣∣∣∣
∑

j

Xp(fj)

∣∣∣∣∣∣

1/p

(95)

and as whitened, abbreviated by w if they are componentwise divided
by the normal state X0 i.e.

||X(fj)||p,w =

∣∣∣∣∣∣
∑

j

(
X(fj)

X0(fj)

)p
∣∣∣∣∣∣

1/p

(96)

The sums are in the following always taken up to the Nyquist fre-
quency if not specified otherwise, i.e. assuming no information on
frequency bands where the leak signal would be particularly strong.
It will be demonstrated in sections 4.2.3 and 4.2.4 that the choice of
whether absolute vs. whitened norms are used, influences detector
performance significantly (and differently) for different transforms
and different datasets. This is a conclusion that seems obvious if the
monitored system is seen as a finite impulse response filter through
which the leak noise siganl is passed on its way to the sensor. Never-
theless, it has seldom been touched upon in the scientific literature on
the SFR PALD topic while it is very important for the generalizability
of the presented methods.

4.1.2 Spectral Covariance Measures

The covariance matrix

C
(
X(fi),X(fj)

)
= E

[(
X(fi) − µX(fi)

) (
X(fj) − µX(fj)

)]
(97)
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where µ is a vector of mean values from a set of observations of X,
has also been used for creating spectral change detection discrimi-
nants. Scalar functions of the covariance matrix, such as the trace and
determinant were studied in [29], with the determinant showing the
best performance as measured by detection margin. In this case, the
µX(fi/j) of equation 97 are constant during detection while the X(fi/j)
values are updated in each new sliding window. It should be noted
that the covariance matrix based discriminants, compared to spec-
tral distance discriminants, introduce one additional free parameter
which is the number of sliding windows over which to take the ex-
pectation value of equation 97. The authors of [56] used it in the same
way as the PSDSUM discriminant, i.e. by applying it to a subset of all
spectral components, where leak noise was expected to be dominat-
ing. On the other hand, only the computational power limits the use
of the full covariance matrix.

In an article by the present author from 2013 [88], some new dis-
criminants created from the covariance matrix were introduced. The
main reasoning was that the determinant is given by the product of
the eigenvalues, i.e.

det C =

N∏

i=1

λi (98)

Inspired by the fact that the eigenvalues are the diagonal matrix en-
tries in the eigenbasis, another discriminant was introduced which is
the product of squared diagonal elements in the first basis (i.e. the
variances). This discriminant will be denoted DPCM and can be writ-
ten

DPCM =

N∏

i=1

Cii (99)

It was shown in [88] that this discriminant performed better in terms
of detection margin than the trace and the determinant, both for the
PSD and the continuous wavelet transform when applied to spectral
components selected beforehand.

The approach used in the previous works consists in calculating a
covariance of the spectral content in different frequency bands, while
averaging over several time windows. It is also possible to perform
the ’transposed’ operation, i.e. to calculate the covariance of the trans-
form components for different sliding windows, while averaging over
the frequency bands. In sections 4.2.3 and 4.2.4, this new option is ex-
amined in detail, including parametric studies over the covariance
matrix size. During these studies it became evident that the extreme
dynamics created by the covariance matrix functions required work-
ing with whitened norms to be usable for large matrices.
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4.1.3 Spectral Deviation Monitoring

Instead of selecting a subset of spectral components beforehand, as
in the PSDSUM, a new approach was proposed by the present author
in [94]. This method is based on storing a number of observations of
the (whitened) residual XR from consecutive sliding windows.

XR(m+ 1, ...,m+M) = (X(m+ 1, ...,m+M) −X0)/X0 (100)

where the division is made componentwise for each m +N value.
The resulting XRs are used to repeatedly create an ordered set Jmax,
containing indices of K maximal deviation components, i.e.

Jmax(m) =
{
j|XR(fjk ,m) > XR(fjk+1 ,m),k = 0, ...,K− 1

}
(101)

Finally, after storing M consecutive sliding window observations, a
residual is calculated by taking the median (over m) of each one of
the XR(fj ∈ Jmax) components and summing up the result:

d =
∑

j∈Jmax

[
median
m∈1,...,M

XR(fj,m)

]
(102)

for new sequences of M sliding windows. This residual is thus based
only on the K components of recently maximal deviation from the
normal background.

The time evolution of the maximal deviation components Jmax it-
self, carries information on the state of the system, as illustrated in
figure 41, where the time evolution of the first three components of
Jmax(m) is shown in an acoustic recording from the PFR steam gener-
ator, containing four argon injections. Note that since the maxima are
changing and the PSD has a discrete number of frequency bands, the
evolution of Jmax will have a discrete jump structure. It is of interest
to find a feature sequence that takes into account the non-stationary
evolution of the signal, as this can potentially increase detection per-
formance, compared to stationary approaches, and introduce the pos-
sibility of new functionality where operating point changes can be
handled more naturally. In section 4.1.4, the Jmax(m) set will indeed
be used to create such a feature sequence which will be modeled by
a hidden Markov model.

4.1.4 Hidden Markov Model Detectors

4.1.4.1 Features for HMMs

In speech recognition, the features often used are based on so-called
mel frequency cepstrum coefficients (MFCCs). These features are in some
respect imitating the way in which humans hear sounds and are fore-
most used for recognition and analysis of speech or music. Since I am
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Figure 41: Argon injection recording PFR41, accelerometer signal from
waveguide 2. Spectrogram and time evolution of top three de-
viation frequencies.

here interested in industrial type noises which will be analyzed by a
computer with the aim of fast and reliable detection of deviations
from known noise patterns, there seems to be a motive to explore
other features. Given a general transform X(fj) of a time discrete sig-
nal, one could in principle feed the model parameters directly to the
HMM, i.e.

Fk(m) = X(fk,m) (103)

where all or a subset of the possible components fj may be used.
In an acoustic application with need for high frequency data and

short detection delays, using e.g. the full power spectral density would
be computationally heavy. Also, the full information might not be
needed to perform the task of detecting unknown noises. I will there-
fore focus on creating features that contain sufficient information to
perform the detection online without need for extreme computational
resources and, modeled by an HMM, perform better than the energy
detector on non-additive and non-stationary signals.

Condensing some of the thoughts from the literature study and the
introduction of this chapter, a good feature for HMMs that should be
used for change or fault detection in a one-class classification setting
should have the following characteristics

• It should contain at least the same information as the energy
detector.

• It should be as sensitive as possible to both acoustic absorption
and emission.

• It should contain a part which describes non-stationary time
evolution structure.
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The residual energy detector of equation 91 and the covariance ma-
trix diagonal product of equation 99 fulfills the first two requirements
(given that the covariance matrix is also calculated on XR). The max-
imum deviation position vector Jmax of equation 101 fulfills the last
requirement, and its components, ordered by k, will be denoted jk.
Based on this, I will now introduce a general class of combined fea-
tures based on

FkA(m) = XE/D(fjk ,m) (104)

and

FkB(m) = jk(m) +α log(||XE/D(m)||p + 1) +β log
∏

i

Cii
C0,ii

(105)

where

XE(m) =
X(m)

X0
(106)

and

XD(m) =
X(m) −X0

X0
(107)

In other words, the first part of the feature vector are the actual val-
ues of the maximal whitened deviations from the normal state X0,
while the second part is a combination of the positions of the maxi-
mal deviations, the residual energy detector and a matrix normalized
DPCM discriminant (i.e. C0,jj are the values of Cjj for the known
background noise). To ensure that the two latter terms of equation
105 cover approximately the same domain as the first, I propose that

α =
jmax

2σXE/D
and β =

jmax

2σC
(108)

where jmax is the length of the full transform X and where σXE/D and
σC represents is the standard deviation of the second/third terms
(without α or β factors) respectively. This is in line with (and some-
what more general than) the method proposed in [96].

4.1.4.2 Discriminants from HMMs

The usual discriminant used when working with HMMs is the loga-
rithmic conditional probability (LP) that a feature sequence F is gen-
erated by the model λ (c.f. equation 62) i.e.

LP = logP(F1, ..., FM|λ) =logP(F1|λ)+

logP(F1|F2, λ)+

logP(FM|F1, ..., FM−1, λ)

(109)

where the shortened notation Fm = F(m) is used.
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I will also examine the possibility of using a prediction error (PE)
discriminant for HMMs. I.e. by generating a feature sequence Fλ from
the trained model and in each sequence of sliding windows enumer-
ated by m calculating a squared residual of the measured F and pre-
dicted Fλ sequences

PE =
∑

k,m

(Fk(m) − Fλ,k(m))2 (110)

4.2 detector studies

The literature on passive acoustic leak detection for sodium fast reac-
tors has often been based on empirical studies of what works best on
data from experimental setups. Since these setups as well as measure-
ment equipment and areas of expertise and interest are different in
different research teams, several different detector methods have con-
sequently been proposed. A reactor developing organization however
will have to make a choice between all these methods, i.e. comparing
them, without being able to perform leak experiments in the actual
reactor. Therefore, it is of prime interest to compare detectors in a
coherent way over several datasets and aim towards a detector that
work well in all or most of them. During the scope of this thesis,
the CEA and the experimental work described in chapter 3 has be-
come a very interesting set of data, both from real SFR plants at zero
and full power, as well as from new experimental setups simulating
both normal and leak operation of sodium-nitrogen energy conver-
sion systems. Using the categorization of section 4.1.1 and novel dis-
criminants for detection proposed by the present author, the perfor-
mance comparison of traditional and new approaches on these data
is intended to be a novel contribution to the subject in itself.

In cases where computation times are reported, they were mea-
sured when running the algorithms in MATLAB 7.12.0 (R2011a) on
a computer with a 64 bit Windows 10 operating system, a 2,5 GHz
processor and 32 GB of RAM.

To facilitate visual comparison in this section, all plotted discrimi-
nants will be normalized to have zero mean and variance one in their
training region, then denoted dn. Furthermore, the corresponding cu-
mulative sum sn, will be used to visualize the performance, i.e.

sn(m) =

m∑

j=0

dn(j) (111)

In cases where autoregressive models are used, they are set up with
the aim of having a PSD estimate, c.f. equation 30, which is as close
to the Welch PSD estimates as possible, i.e. the model order is chosen
as to obtain a small distance

εAR = ||PSDAR − PSDWelch||2 (112)
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For these cases, ε(m)-studies where m is the autoregressive model
order are found in appendix B.

The base discriminants P and N will not be reported in this study
since they are based on the same information as E and D. It was
however verified that they did not show better performance than E
or D in any case. To sum up some of the notation that will be used
in the coming sections: A base discriminant or a part of a feature will
be described by a (absolute) or w (whitened) according to the choice
of equation 95 or 96, with E or D according to the choice of equation
106 or 107, and with a number to indicate the value of p used in
calculation of the vector norm. E.g. a whitened energy detector using
the Manhattan norm is denoted wE1.

4.2.1 Performance Measures

I will denote the average output of d in a background region of the
signal with d0 and in a detection region with d1. The discriminative
power of d(m) is measured by the difference between these numbers
and the variances V0/1 = E[(d− d0/1)

2]. A measure that was quite
commonly used for detector comparison in [42] is the detection mar-
gin DM, given by

DM = 20log10

(
d1
d0

)
(113)

However, this measure does not take the variances V0/1 into account,
which may be misleading since these are of importance for the false
and true alarm rates. Since d(m) is constructed from the multivari-
ate function X(fj), V0/1 will depend on the variances of and covari-
ances between the X(fj) variables. For noises of normal or abnormal
operation in a nuclear power plant (which may not even be built),
estimating these numbers is more or less impossible.

Two better and more modern performance measures for detectors
are their true and false alarm rates (Pta and Pfa), often co-displayed
in a so-called Receiver Operating Characteristic (ROC) curve, [65].
The area under the ROC is a common scalar measure for compar-
ing detectors. The shape of the ROC curve is in general dependent on
the signal to noise ratio (SNR) as well as the complexity of the detec-
tor (basically the number of samples x(tn) used per detector output
sample).

In the studies presented here, ROC curves were created for the
studied discriminants by manually identifying one background noise
region and one injection region in the studied signal, then sliding a
threshold over the discriminant responses in these regions and count-
ing the number of false and true alarms. The area under the ROC is
defined as the area between the obtained curve and the Pfa = Pta
line, which is the ROC for a detector which is basically a 50-50 ran-
dom choice between alarm or no alarm. The area is normalized to
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be zero for the latter case and 1 for the perfect discriminant, i.e. one
without false and missed alarms.

For detectors that have maximal area under the ROC curve, which
is in fact often obtained in the datasets studied here, this measure
can not be used to distinguish performance. Also, the ROC is, in the
above approach, constructed by studying detection response of the
discriminant for different thresholds. However, it is known that the
quickest detection, given specified true and false alarm rates, is not
achieved by a single threshold approach, but with methods along the
lines of the cusum and V-mask algorithm [32]. I therefore propose to
use the cumulative sum change angle θ as a complementing measure
for detection performance:

θ = arctan
sn(mend) − sn(mch)

mend −mch
(114)

where mch denotes the change time and mend is a later time during
the signal to be detected. This means that θ measures the angle by
which the s(m) sequence deviates at onset of change. The underlying
rationale is that the higher the angle, the less time will be needed
to accumulate sufficient certainty that a change has indeed occurred.
Note that this measure will be positive for a discriminant changing
in the positive direction at the onset of change, such as a spectral dis-
tance from normal measure, and negative for a discriminant changing
in the negative direction at the onset of change, such as a conditional
probability of a background noise HMM.

4.2.2 Datasets

The datasets used for comparison are described in tables 18 - 22. The
DIADEMO dataset will uniquely be used as background noise in syn-
thetic mixing as it does not contain any injections. As described in
section 3.3, a novelty of this dataset is that it includes operating point
changes.
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Table 18: PFR data

Monitored system PFR steam generator at zero power

Injected medium Water or argon

Injected in Sodium

Injection pressure range 50 - 170 bar

Nozzle diameters 0.5 mm and 1.0 mm

Injection rate range 2 - 8 g/s

Acoustic transducer ENDEVCO 7704-A-17

Transducer positioning On waveguide

Sampling rate 2.048 kHz

Table 19: Phénix data

Monitored system Phénix steam generator at full power

Injected medium Argon

Injected in Sodium

Injection pressure range 5 - 8 bar

Nozzle diameter > 1 mm

Injection rate range 10 - 15 g/s

Acoustic transducer ENDEVCO 7704-A

Transducer positioning On waveguide

Sampling rate 51.2 kHz

Table 20: DIADEMO data

Monitored system Na-N2 heat exchanger mock-up

Injected medium -

Na flow rate range 0.2 - 0.8 m3/h

N2 flow rate range 57 - 170 g/s

Acoustic transducer PCB 357B61

Transducer positioning Directly on structure

Sampling rate 200 kHz
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Table 21: SNAKE data

Monitored system 1 Steel cylinder

Monitored system 2 Borosilicate glass cylinder

Injected medium Nitrogen

Injected in (system 1) Sodium or Argon

Injected in (system 2) Water or Air

Injection pressure range 5 - 180 bar

Nozzle diameters 0.075 mm and 0.280 mm

Injection rate range 0.01 - 0.8 g/s

Acoustic transducer Mistras WSα

Transducer positioning On waveguide

Sampling rate 2.5 MHz

Table 22: NISC data

Monitored system Flat steel section penetrated by

11 rectangular 3x6 mm channels

Injected medium Nitrogen

Injected in Water or Air

Injection pressure range 2 - 57 bar

Equivalent nozzle diameter 0.41 mm

Injection rate range 0.1 - 1.2 g/s

Acoustic transducer PAC S9215

Transducer positioning Directly on structure

Sampling rate 2.5 MHz
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Figure 42: PFR40, accelerometer signal at waveguide 6. Solid rectangle
- background noise training region, dashed rectangles - back-
ground testing regions, dash-dotted rectangle - injection testing
region.

4.2.3 PFR 1997 - Ar in Na

This version of the PFR dataset, digitalized and resampled by the
CEA [45], has relatively low sampling frequency and the recordings
were made at zero reactor power, i.e. the background noise is not
representative for full power operation. In this study, the recording
with the weakest signal found in the dataset is studied. This recording
contains one argon injection with an estimated flowrate of less than 1
g/s and posed problems e.g. for the method presented in [84].

The raw signal on waveguide 6, with training and testing regions
highlighted, is shown in figure 42. Three different time-frequency
analysis techniques (transforms) were studied: a Welch PSD estimate
with 40% subwindow length and 20% subwindow overlap (WP4020),
a discrete wavelet transform with Haar mother wavelet (DWT) and
a PSD estimate based on an autoregressive model, c.f. equation 30,
of order 51 (ARP51). This model order is justified in appendix B.
The Welch PSD estimates of the background and injection noises are
shown in figure 43 and the time-frequency evolution of the recorded
signal, represented by the Welch PSD on 1 s sliding windows, is
shown in figure 44.

As a first study, the base discriminants were studied on 1 s sliding
windows for the three time-frequency functions with respect to area
under ROC, integrated change angle and computation time per sam-
ple. Norms with P = 1, 2, 3,∞were studied, as well as normalizations
according to equations 95 - 96. The autoregressive model prediction
error (AR51PE) discriminant was included for comparison.

Whitening the PSD estimates according to equation 96 (abbrevia-
tion w) yielded better results in all cases. For the DWT, absolute out-
put (abbreviated a) yielded the better performance. Discarding the
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Figure 43: PFR40,Phénix 7 bar, Welch PSD estimates of the accelerometer
signal at waveguide 6 for background and background+injection
noise.
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Figure 44: PFR40, time-frequency evolution of the accelerometer signal at
waveguide 6, based on the Welch PSD estimate.
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Table 23: PFR40, base discriminant performance on selected transforms for
1 s sliding windows.

Method AROC [-] θ [◦] tcpu [µs/S]

wE1, WP4020 0.98 78 1.3

wD1, WP4020 0.98 80 1.3

wE1, ARP51 0.98 80 1.7

wD1, ARP51 0.98 83 1.7

PE, AR51 0.94 73 1.4

aE1, DWT 0.95 73 4.4

aD1, DWT 0.95 72 4.4
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Figure 45: PFR40, whitened D1 on WP4020 PSD estimate.

worse-performing variants, the best results of this study are listed
in table 23. The remaining findings are that the Welch PSD estimate
resulted in the best discrimination per computation time, while if
studying detection performance only, it was roughly the same for
all studied time-frequency techniques, with the ARP51 slightly better
in terms of change angle θ. The normalized discriminant and cumu-
lative sum of the best (in terms of θ/tcpu) variants of table 23 are
shown in figures 45 and 46.

Secondly, the detection performance versus sliding window length
for the base discriminants of table 23 was investigated. The results
for the best discriminants from each transform type in table 23 are
shown in figure 47. All discriminants show an asymptotic behaviour,
i.e. reaching maximal area under ROC as the sliding window length
increase. For this particular signal example, most methods was found
to reach maximal or nearly maximal area under ROC for a sliding
window length of about 2 s.
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Figure 46: PFR40, cumulative sum of the discriminant in figure 45.

Figure 47: PFR40, area under ROC (upper panel) and θ (lower panel) as
function of ∆t for the winning discriminants of each transform
type in table 23.
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Table 24: PFR40, covariance matrix discriminant performance for selected
transforms with 0.06 s (128 samples) sliding windows and covari-
ance matrix averaging length of 16 windows.

Method AROC [-] θ [◦] tcpu [µs/S]

wDPCM, WP4020 0.97 82 19

wTRCM, WP4020 0.80 59 19

wFMD, WP4020 0.87 73 19

wDPCM, ARP51 0.96 73 31

wTRCM, ARP51 0.89 62 31

aDPCM, DWT 0.92 75 21

aTRCM, DWT 0.81 56 21

wFMD, DWT 0.86 68 21
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Figure 48: PFR40, AROC winner from table 24 (whitened DPCM on Welch
PSD estimate).

Secondly, the performance of the covariance matrix discriminants
for the three time-frequency functions on 0.06 s sliding windows and
a covariance matrix averaging length of 16 windows (corresponding
to one second of data in total) were studied. Whitening the PSD es-
timates according to equation 96 yielded better results while for the
DWT, absolute output was better. The better-performing results are
given in table 24. The normalized discriminant and cumulative sum
of the best variant of table 24, Welch PSD estimate with 0.06 s (128
samples) sliding windows and covariance matrix averaging over 16
windows are shown in figures 48 and 49.

A parametric study on the performance of the DPCM discriminant
as function of sliding window length and covariance matrix averaging
length using the Welch PSD estimate was then performed. The results
are shown in figures 50. An important technicality of the computation
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Figure 49: PFR40, cumulative sum of the discriminant in figure 48.

procedure used here is that new covariance estimates were made for
every new time step, while requiring data from several steps back in
time. This implies that even if the output frequency was set to fO, the
frequency of independent output is given by fO/(∆t ∗M), where we
will denote the denominator calculated response time. In figure 51, the
results of figure 50 are shown for cases where the calculated response
time is below 4 seconds and for the θ results a requirement of area
under ROC > 0.99 is also added. By comparing tables 23 and 24 it is
found that the covariance matrix-based discriminants do not provide
any advantage for this signal example.

Finally, the performance of various HMM discriminants was inves-
tigated, using the generic feature calculation schemes (c.f. equations
104 - 107):

F1,kA(m) = XE/D(fjk ,m)

F1,kB(m) = jk +α1 log(||XE,D(m)||p + 1)
(115)

F2,k(m) = jk +α2 log(||XE,D(m)||p + 1) (116)

F3,kA(m) = XE/D(fjk ,m)

F3,kB(m) = jk +α2 log(||XE,D(m)||p + 1) +β log
∏

i

Cjj

C0,jj

(117)

F4,k(m) = jk +α2 log(||XE,D(m)||p + 1) +β log
∏

i

Cjj

C0,jj
(118)

The sliding window length was set to 0.03 s (64 samples) and the co-
variance matrix averaging length to 32 windows. The model size was
minimal, using only one maximum, two Markov states and two Gaus-
sians, thereby denoting this model HMM64_122. Other model sizes
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Figure 50: PFR40, area under ROC (upper) and θ (lower) as function of ∆t
and M for DPCM on the Welch PSD.
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Figure 51: PFR40, area under ROC (upper) and θ (lower) as function of ∆t
and M for DPCM on the Welch PSD with calculated response
time < 4 seconds. For the θ results, a requirement on AROC >
0.99 is added.
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Table 25: PFR40, HMM64_122 discriminant performance for various meth-
ods.

Time-frequency Methods AROC [-] θ [◦] tcpu [µs/S]

WP4020 F1, wD2, LP 0.97 -75 35

WP4020 F2, wD2, LP 0.96 -71 33

WP4020 F3, wD2, LP 1 -85 38

WP4020 F3, wD2, PE 1 -88 46

WP4020 F4, wD2, LP 1 -87 40

WP4020 F4, wD2, PE 1 -88 48

0 50 100 150 200 250 300 350 400 450
−10

0

10

20

30

40

50

t [s]

d n [σ
]

 

 

WP4020,F
4
,wE2,HMM64_122,PE

Figure 52: PFR40, HMM discriminant with highest θ from table 25 (predic-
tion error of HMM64_122 using F4 on WP4020 PSD estimates
with wE2).

were also tested, however without significantly affecting performance.
The resulting areas under ROC for a number of method combinations
are listed in table 25. The best normalized HMM discriminant from
table 25 with corresponding cumulative sum are shown in figures 52
and 53. It is clear that the HMM with F3 or F4 features increased the
performance in terms of area under ROC and θ compared to the base
discriminants.

The time spent in background noise before injection in the record-
ing studied here (as in all recordings in the PFR dataset) was about
60 s, which is not judged to be sufficient to statistically determine
a threshold corresponding to the extremely low false alarm rates re-
quired by a commercial system for fault detection in a nuclear power
plant.

By listening to the actual recording and inspecting the spectrogram,
it is found that a new weak noise appears at about 56 s, while the
full injection noise seems to start at 60 s. This could be due to some
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Figure 53: PFR40, cumulative sum of the discriminant in figure 52.
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Figure 54: PFR40, detector signals based on wD1 and prediction error of
HMM64_122.

normal anomalous noise of the plant, noise from the injection mech-
anism or an injection that begins earlier than specified. The wE1 dis-
criminant of figure 45 is sensitive to the early noise change while the
HMM64_122 discriminant of figure 52 is more or less ignorant of it.
Thereafter, the HMM discriminant reacts more clearly to the full in-
jection noise. Applying the same V-mask with k = 5 and h = 50 to
the cumulative sums of figures 46 and 53, which yields the detector
signals shown in figure 54 where the HMM method reacts quicker,
as expected from its larger θ. The injection can however be detected
quicker by applying a narrower mask. In this case, the wD1 has a
shorter response time at the cost of a false alarm, both due to its
reaction to the pre-injection anomalous noise, figure 55.

As a final note, the covariance and HMM based detector methods
(as opposed to the base discriminants), are based on PSD estimates
having much lower frequency resolution than the best base discrim-
inant cases (which are achieved for long sliding windows, i.e. high
frequency resolution). This means that these methods, to reach sim-



112 research and development on detection methods

0 50 100 150 200 250 300 350 400 450
0

0.5

1

1.5

t [s]

D
E

T
 [−

]

 

 

WP4020,wD1
WP4020,F

4
,wE2,HMM64_122,PE

Figure 55: PFR40, detector signals based on wD1 and prediction error of
HMM64_122 using a narrower V-mask.

ilar or higher discrimination, instead make use of information from
the time evolution of the power in larger frequency bands of the sig-
nal. This fact demonstrates that there is indeed information in the
non-stationary characteristics of the signal, i.e. the background noise
is not stable over time, and it is possible to use this fact to increase
detection performance.

4.2.4 Phénix 2009 - Ar in Na

In 2008 and 2009, a series of tests were carried out in the Phénix
SFR plant with the aim of studying feasability of a passive acoustic
leak detection system for the steam generators. During these tests,
leaks were simulated by performing argon injections in a sodium inlet
line to the steam generator. Five acoustic sensors of type ENDEVCO
7704 A were placed on sodium lines connected to the steam generator
according to figure 56. Here we will study one recording from these
tests, containing an argon injection with 7 bar driving pressure. The
secondary sodium line pressure was around 4 bars at the injection
point and the injection orifice diameter was on the order of a few mm,
resulting in an estimated injection flowrate of about 10 g/s. Here we
will only study the 7 bar injection on sensor 1 in figure 53. A more
comprehensive study has been reported in [95].

The raw signal on sensor 1, with training and testing regions high-
lighted, is shown in figure 57. As in the PFR example signal, three dif-
ferent time-frequency analysis techniques were studied: the discrete
wavelet transform with Haar mother wavelet and two PSD estimates;
the latter based on the Welch method (WP) [8] and the former based
on an autoregressive model of order 121 (ARP121). This model order
is justified in appendix B. The ARP121 PSD estimates of the back-
ground noise and background+injection noise are shown in figure
58. (For this figure they were used for clarity as they are naturally
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Figure 56: Schematic view of the Phénix steam generator indicating approx-
imate positions of the five acoustic sensors and argon injection
system used in the 2008-2009 tests.
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Figure 57: Phénix 7 bar, accelerometer signal at waveguide 1. Solid rectan-
gle - background noise training region, dashed rectangle - back-
ground testing region, dash-dotted rectangle - injection testing
region.
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Figure 58: Phénix 7 bar, autoregressive model PSD estimates of the
accelerometer signal at sensor 1 for background and back-
ground+injection noise.

smoother than the Welch PSD estimates.)The time-frequency evolu-
tion, represented by the Welch PSD on 1 s sliding windows is shown
in figure 59. Contrary to the PFR40 signal, it is clear from figures 58
and 59 that acoustic absorption is present in parts of the spectrum.

As for the PFR40 case, the area under ROC, cumulative sum change
angle and computation time per sample for the four base discrimi-
nants on the three time-frequency functions and the autoregressive
prediction error (AR121PE) for 1 s sliding windows were first stud-
ied. The result is listed in table 26. Similarily to the results obtained
on the PFR40 signal, the Welch PSD estimate gave the best discrimi-
nation per computation time.

A dissimilarity compared to the PFR40 example is the apparition of
a discriminant changing in the unexpected direction, since the AR121
background noise model prediction error in fact decreases at the on-
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Figure 59: Phénix 7 bar, time-frequency evolution of the accelerometer sig-
nal at waveguide 1, based on the Welch PSD estimate.

Table 26: Phénix 7 bar, base discriminant performance on selected trans-
forms for 1 s sliding windows.

Method AROC [-] θ [◦] tcpu [µs/S]

wE3, WP4020 1.00 85 0.4

wD3, WP4020 1.00 85 0.4

aD1, DWT 1.00 74 0.6

aD2, DWT 0.96 73 0.6

wE3, ARP121 1.00 85 1.6

wD1, ARP121 1.00 84 1.6

PE, AR121 0.92* -72* 1.3

set of injection (marked * in table 26). This effect is probably due to
the presence of acoustic absorption in some frequency bands as noted
above. The normalized discriminant having the highest θ of table 26
with corresponding cumulative sum is shown in figures 60 61.

Next, the performance versus sliding window length for the base
discriminants of table 26 was investigated. Results for the best dis-
criminants for each transform are shown in figure 62. All discrimi-
nants but the one based on DWT coefficient magnitudes showed an
asymptotic behaviour, reaching maximal area under ROC already for
very short sliding windows.

The performance for the covariance matrix discriminants for the
three transforms (corresponding to one second of data in total) are
given in table 27. The normalized discriminant having the highest θ of
table 27 with corresponding cumulative sum, DPCM for the WP4020
PSD estimate, is shown in figures 63 and 64. The deviation at about
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Figure 60: Phénix 7 bar, wE3 on WP4020 PSD estimate.
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Figure 61: Phénix 7 bar, cumulative sum of the discriminant in figure 60.

Table 27: Phénix 7 bar, covariance matrix discriminant performance for se-
lected transforms with 0.11 s sliding windows and a covariance
matrix averaging length of 9 windows.

Method AROC [-] θ [◦] tcpu [µs/S]

wDPCM, WP4020 1.00 82 0.8

wTRCM, WP4020 1.00 78 0.8

wFMD, WP4020 0.82 62 0.9

wDPCM, DWT 0.85 70 1.9

wTRCM, DWT 0.68 49 1.9

wDPCM, ARP121 1.00 81 3.3

wTRCM, ARP121 1.00 78 3.7

wFMD, ARP121 0.81 63 4.0
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Figure 62: Phénix 7 bar, area under ROC (upper panel) and θ (lower panel)
as function of ∆t for the winning discriminants of each transform
type in table 26.



118 research and development on detection methods

0 50 100 150 200 250 300
−5

0

5

10

15

20

25

30

t [s]

d n [σ
]

 

 

WP4020, wDPCM

Figure 63: Phénix 7 bar, discriminant with AROC = 1 and highest θ from
table 27 (DPCM on WP4020 PSD estimate with 0.11 s sliding win-
dows and M = 9.
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Figure 64: Phénix 7 bar, cumulative sum of the discriminant in figure 63.

150 s after injection start has been explained by the effect of oscillating
argon bubbles returning after one lap in the secondary circuit [95].

The results from a full parameter study on sliding window length
and covariance matrix averaging length for the WP4020 transform
are shown in figure 65. The results for the subset of discriminants
having a calculated response time below 4 s and an AROC > 0.99
are displayed in figure 66. Also here, most parametrizations reach
AROC = 1.

Finally, the performance of a minimal HMM using the WP4020
transform and the features defined by equations 115 - 118 was inves-
tigated. The results for parametrizations with 1 s calculated response
time are listed in table 28.

By listening to the recording and inspecting the spectrogram, it is
found that the injection noise starts at 30 s, as a low frequency whistle.
6-7 seconds later, the argon bubbles passing the acoustic sensor create
a much larger noise change. By applying the same V-mask with k = 5
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Figure 65: Phénix 7 bar argon injection, area under ROC (upper) and θ

(lower) as function of ∆t andM for DPCM applied to the WP4020
PSD.

Table 28: Phénix 7 bar, HMM122 discriminant performances for tw = 0.05 s
(2560 samples) sliding windows and M = 20 windows. The results
are ordered by decreasing ratio of area under ROC to computation
time. For discriminants with AROC = 1, their θ values are listed
to allow comparison.

Time-frequency Features AROC [-] θ [◦] tcpu [µs/S]

WP4020 F1, wE2, LP 1.00 -89 1.3

WP4020 F1, wD2, LP 1.00 -89 1.3

WP4020 F2, wE2, LP 1.00 -88 1.3

WP4020 F2, wD2, LP 1.00 -87 1.3

WP4020 F3, wD2, LP 1.00 -89 1.4

WP4020 F3, wD2, PE 1.00 89 1.5

WP4020 F4, wD2, LP 1.00 -89 1.3

WP4020 F4, wD2, PE 1.00 89 1.5
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Figure 66: Phénix 7 bar argon injection, area under ROC (upper) and θ

(lower) as function of ∆t andM for DPCM applied to the WP4020
PSD and an calculated response time below 4 seconds. For the
mmd results in the lower panel, a requirement on AROC > 0.99
is also added.
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Figure 67: Phénix 7 bar, HMM122 discriminant with high θ from table 28
(Welch PSD estimate with F3, wE2 and PE).
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Figure 68: Phénix 7 bar, cumulative sum of the discriminant in figure 67.
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Figure 69: Phénix 7 bar, detector signals based on wE3 and HMM2560_122.

and h = 50 to the cumulative sums of figures 61 and 68, it is in fig-
ure 69 demonstrated that both methods are capable of detecting the
actual injection start, although with the HMM-based algorithm hav-
ing a 1 s shorter detection delay. As in the PFR case, the background
noise before injection is not entirely stable, which makes the cumula-
tive sums of the base and covariance discriminants react earlier than
the HMM discriminants. In the long term, the HMM discriminants
give a clearer response to the actual injection noise, as seen in their θ
values.

4.2.5 Operating Point Changes - DIADEMO

In this study, the DIADEMO dataset is used to study discriminant
behaviour on acoustic noise from a system which is undergoing op-
erating point changes. As no injections or leaks are present in the
raw DIADEMO data, synthetic or leak-like noise from injection ex-
periments was superposed onto the recordings to simulate such con-
ditions. Contrary to the real case and the cases studied in the two
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previous sections, this superposition permits the SNR to be explicitly
calculated.

The raw signal recorded in the DIADEMO loop is shown in figure
70. The sampling rate of the signal is 200 kS/s and the length of the
signal is 1861 s (≈ 31 minutes).

Based on the results of sections 4.2.3 and 4.2.4 as well as on experi-
ence from articles published during this thesis work, only three basic
types of discriminants are studied here, all based on the Welch PSD:
The whitened base discriminants wE1 and wD1 as well as the LP and
PE discriminants using the F2 feature of equation 116. The focus is
instead on superposing several leak-like noises at different SNRs and
different times in the signal.

The superposition method was the following: The injection signal
was first resampled to 200 kS/s to correspond to the sampling rate
of the DIADEMO recording, i.e. ignoring all signal content above 100
kHz. Then, a whitened injection PSD X1W was calculated according
to equation 106. This whitened PSD was componentwise multiplied
with the average PSD of the DIADEMO background noise X0, to sim-
ulate the response of the DIADEMO system to a leak-like noise, i.e.

X1(f) = X1W(f)X0(f) (119)

Finally, a signal x1(t) with randomized phase was created from X1(f),
using the same method as in [94] This signal could then be added at a
controlled SNR to the DIADEMO background noise signal according
to

x(t) = x0(t) + k ∗ x1(t) (120)

The injection noises used were: a white Gaussian noise (WGN), a 36
bar, 0.7 g/s wet (in water) injection from the NISC experiment c.f.
section 3.3 (NISC36) and a 82, 0.6 g/s bar wet (in sodium) injection
from the SNAKE experiment c.f. section 3.2, figure 19. The injection
times and training regions are summarized in table 29 For calcula-
tion of the base spectrum X0 and training of the background noise
HMM, the three training regions were concatenated into one single
training data vector. Including training data from the latter part of
the raw signal containing impulsive noises was found to deteriorate
performance.

The results were evaluated using area under ROC and θ and listed
in table 30. The background noise testing region for the area under
ROC is taken to be the full signal minus injection and training regions.
The θ values on the other hand, are calculated only from injection
start to injection stop.

The time-frequency evolution of the signal with superposed WGN
at -10 dB is shown in figure 71. The wE1 as well as LP discriminant
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Table 29: Partition of the DIADEMO signal in the presented analyses.

Type tstart [s] tstop [s]

BG training 0 60

Injection 75 125

Injection 275 325

BG training 396 456

Injection 575 625

BG training 822 882

Injection 1350 1400
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Figure 70: DIADEMO signal with WGN superposed at -10 dB with training
regions marked by dashed rectangles.
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Table 30: Discriminant performance for various signals superposed onto the
DIADEMO background noise.

Signal Method AROC [-] θ [◦]

WGN, -10 dB wE1,wD1 0.98 83 (90,90,90,65)

WGN, -10 dB F2,wE1,LP 0.99 87 (88,88,89,81)

WGN, -10 dB F2,wE1,PE 0.99 87 (89,89,89,81)

WGN, -10 dB F2,wD1,LP 1.00 88 (89,89,89,85)

WGN, -10 dB F2,wD1,PE 1.00 88 (89,89,89,85)

WGN, -15 dB wE1,wD1 0.97 80 (88,89,88,55)

WGN, -15 dB F2,wE1,LP 0.96 81 (85,86,87,65)

WGN, -15 dB F2,wE1,PE 0.95 76 (83,86,86,48)

WGN, -15 dB F2,wD1,LP 0.98 85 (88,87,88,80)

WGN, -15 dB F2,wD1,PE 0.91 79 (83,85,86,62)

NISC36, -8 dB wE1,wD1 0.98 85 (90,90,90,72)

NISC36, -8 dB F2,wE1,LP 1.00 88 (89,89,90,85)

NISC36, -8 dB F2,wE1,PE 1.00 89 (90,90,90,86)

NISC36, -8 dB F2,wD1,LP 1.00 89 (90,89,89,87)

NISC36, -8 dB F2,wD1,PE 1.00 89 (90,90,90,88)

NISC36, -12 dB wE1,wD1 0.98 83 (90,89,89,63)

NISC36, -12 dB F2,wE1,LP 0.98 86 (88,88,89,78)

NISC36, -12 dB F2,wE1,PE 0.98 86 (88,89,89,76)

NISC36, -12 dB F2,wD1,LP 1.00 88 (89,89,89,84)

NISC36, -12 dB F2,wD1,PE 1.00 88 (89,89,89,84)

ANL82, -4 dB wD1 0.98 84 (90,90,90,67)

ANL82, -4 dB F2,wE1,LP 0.99 87 (88,88,89,81)

ANL82, -4 dB F2,wE1,PE 0.99 87 (89,89,89,81)

ANL82, -4 dB F2,wD1,LP 1.00 88 (89,89,89,84)

ANL82, -4 dB F2,wD1,PE 1.00 88 (89,89,89,85)

ANL82, -8 dB wD1 0.98 81 (89,89,89,59)

ANL82, -8 dB F2,wE1,LP 0.97 82 (86,87,88,69)

ANL82, -8 dB F2,wE1,PE 0.96 77 (83,87,87,52)

ANL82, -8 dB F2,wD1,LP 0.99 85 (88,88,88,78)

ANL82, -8 dB F2,wD1,PE 0.91 78 (81,86,87,58)
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Figure 71: Time-frequency evolution of the signal in figure 70.

of the HMM1000_122 using the F2 feature on wE1 are shown in fig-
ure 72. Corresponding cumulative sums and detection signals after
applying V-masks are shown in figures 73 and 74. It is clear that the
HMM improves performance significantly over the operating point
changes, especially for the impulsive noise part of the signal.
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Figure 72: Discriminants on the signal in figure 70.
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Figure 73: Cumulative sums of the discriminants in figure 72.
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Figure 74: Detector signals based on application of V-masks to the cumula-
tive sums in figure 73. The true injection regions are shown by
dashed rectangles.



Adesso che ho perso la vista, ci vedo meglio e di più.

— Cinema paradiso

5
C O N C L U S I O N S

5.1 summary of the problem

To build sodium fast reactors to Gen IV standards it is, among other
things, of importance to quickly and reliably detect all identified ac-
cident precursors, i.e. incidents that may lead to more serious plant
conditions. One classic accident precursor for a SFR using a steam tur-
bine and steam generators, is a leak inside the steam generator, lead-
ing to a violent sodum-water reaction. Within the ASTRID project,
the CEA is at the moment of writing doing extensive research with
the goal of replacing the steam turbine and the steam generators by
a nitrogen turbine and compact innovative sodium-gas heat exchang-
ers. Also for such an heat exchanger, a need for leak detection has
been identified, however with significantly larger allowed response
time (∼1 minute) compared to a sodium-water system where response
times of a few seconds will be desired.

Leaks can a priori be detected in several ways, perhaps most in-
tuitively by chemical monitoring of the leaking substance or a reac-
tion product. This approach, i.e. monitoring hydrogen dissolved in
sodium resulting from a sodium-water reaction, has been the refer-
ence method for leak detection in SFR steam generators. On may also
think of other leak detection options in liquid sodium, e.g. based on
electromagnetics or radioactive tracers. Large leaks may be detected
through the pressure changes they create. Acoustic methods have a
large advantage in the fact that information travels at the speed of
sound, independently of operating point of the plant. (Note however
that acoustic methods may, depending on design, become operating
point dependent e.g. if they rely on convective transport of leaked
bubbles through the system to the sensor position [96].) Acoustic
methods may be active, i.e. using both emitters and receivers, or pas-
sive, i.e. using only receiving acoustic sensors. The latter case is the
topic of this thesis, i.e. a system that listens to the noises produced
by the plant and, based on this, takes decisions on whether a leak is
present or not.

This thesis contains two main fields of research. Firstly, experimen-
tal acoustics on setups simulating both normal and leak operation
in sodium-gas heat exchangers. Here it has been of interest to in-
clude operating point changes in the normal operation noise as well
as leak-like noise generated at different conditions in the data. The

129
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second research field of this thesis concerns methods and algorithms
for change detection in noisy and non-stationary signals. This part is
intended to be of interest both for sodium-water and sodium-nitrogen
systems, as well as for other applications where quick and reliable
fault detection is needed. Special attention has in this part been fo-
cused on developing methods that do not explicitly use any infor-
mation on possible anomalous noises, but rather learns the noises of
normal operation and detects all deviations from this noise.

5.2 contributions of this thesis

First of all, new experimental acoustic data, specific for the ASTRID
ECSG sodium-nitrogen application, have been obtained during this
work. These data are generated in systems that to a smaller or larger
extent mimic some feature of the ASTRID ECSG system. The dataset
includes both normal-operation-like and leak-like noises, as well as
several different thermodynamic and/or geometric conditions. The
leak-like data have shown that a small leak (0.01 - 1 g/s) at the
planned operating conditions will likely produce sub- and supersonic
jet noise in a frequency band ranging from 50 to 800 kHz, either in
the full band or in large parts of it. It has also been observed in the
SNAKE experiment that large parts of the emitted noise spectrum
can be absorbed on nitrogen bubbles in larger sodium volumes.

In the NISC experiment, high-frequency leak-like noise was mea-
sured at 30 dB at the injection position, using an S9215 acoustic trans-
ducer and a sampling rate of 2.5 MS/s. Theoretical and numerical ar-
guments presented in this work suggest that after propagation through
the ECSG geometry, this noise will be subject to considerable atten-
uation. Also, the axial propagation of leak noise, i.e. in the direction
parallell to the sodium channels in the ECSG, is not fully understood,
placing an uncertainty on the total attenuation and thereby on the
number of sensors needed.

Concerning change detection algorithms, there is some discrepancy
between the methods and results presented by the SFR PALD commu-
nity and those of the general signal processing and change detection
community: It is well known, at least by experts in the latter field, that
SNR, true and false alarm rates and detection delay are connected in a
constant trade-off, e.g. lowering the false alarm rate will often lead to
increased response time or required SNR. A related, often overlooked
basic fact, which has been demonstrated in this thesis and some of its
references, is that the lowest possible SNR at which a signal is de-
tectable according to some criterion, is very much dependent on the
relative shapes of the background and signal PSDs. This implies that
care should be taken when comparing results of detection methods
applied to signals from different systems, using different transducers,
having different sampling rates etc.
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Not many works in the literature on SFR PALD use a pure one-
class classification method, i.e. assuming no or very little information
on the characteristics of possible leak noise. This is on the other hand
done from start to end in this thesis. All methods presented here rely
on learning only the normal background noise and detecting faults
as deviations from this noise. Deviations are basically distance mea-
sures, and signal models on sliding windows (such as PSD spectra)
are basically lists of numbers, i.e. vectors, so a natural starting point
has been to characterize and investigate spectral distance measures.
For a stationary signal that can be whitened, i.e. a filter can be ap-
plied to generate white noise residuals, the optimum detector is the
energy detector, i.e. simply monitoring the energy of the residual sig-
nal. Consequently, it is not easy to beat the performance of a whitened
energy detector. However, if it can be done, it would be by using the
non-stationary properties of the signal and hidden Markov models
represent excellent models for doing this. Since they are based on
discrete states, it is also possible that they are suitable also for recog-
nising several normal operating points.

The last, but not least important, contribution of this thesis is the
proposal and investigation of a generic set of new feature calcula-
tion methods, designed especially for using hidden Markov mod-
els as change detectors on industrial noise signals. It has also been
shown that the detection performance for unknown changes can be
increased beyond that of the whitened energy detector, demonstrat-
ing both that the signals have a slight non-stationarity and that this
non-stationarity can be used to our advantage.

5.3 discussion

One important assumption behind this work regards the shape of
small leaks. To create high-frequency jet noise the leak has to be of
small dimension and thereby, driven by the pressure gradient, result
in high flow speed. It is an interesting question whether 1 g/s can leak
from nitrogen to sodium in another way, e.g. through a long porous
structure where the cas would rather bubble out at several positions.
This question has been adressed in internal CEA reports, proposing
that leaks that do not produce jets are however unlikely.

After adressing the question of what noise type will be generated,
it is natural to turn to the question of acoustic wave propagation. In
this thesis, the propagation path normal to the channel axis has been
investigated numerically in some detail, finding that the attenuation
is substantial, but not overwhelmingly large. The SNR variance over
the surface did not present any clear trend but it was assumed that
placing a sensor in a suboptimal position relative to the leak would
remove at most a few dB.
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One drawback of the model used in the normal propagation analy-
sis is that the steel structure is assumed perfectly homogeneous. Since
the ECSG modules are most probably going to be manufactured us-
ing a hot isostatic pressure welding technique, this assumption is de-
pendent on the quality of the weld. If the welding quality is good,
there should in principle not be any interfaces left between the plates
making up the exchanger module to generate unpredicted acoustic
reflections. This assumption merits further research once larger mock-
ups have been manufactured.

The axial propagation through the 3x6 mm sodium channels has
not been extensively studied in this work. Measurements during the
IKHAR NISC experiment suggest that it can be quite large in the
ultrasonic frequency band of interest here, on the order of 30 dB/m,
but these measurements have shown a large variation. All in all it
seems to be of interest to continue studies on acoustic attenuation
in the ECSG module and at the interface between the module and
acoustic sensor. These studies could, in view of the results presented
in this thesis, be focused on frequencies from 50 to 800 kHz.

Concerning detection algorithms and limiting the topic to passive
acoustic methods, an obvious and important question is whether there
exists some more appropriate signal processing or classification method
than the hidden Markov model approach proposed here. If the as-
sumption of unknown leak noise is kept, the results presented here
have shown that there is information in the non-stationary evolution
of the background noise that can be used (e.g. by HMMs) to increase
detection performance somewhat beyond that of the whitened en-
ergy detector. However, the largest advantage of the HMM approach
probably appears when dealing with operating point changes and
it is reasonable to assume that this is also where other classification
methods could improve performance. E.g. support vector machines
or artificial neural networks or even more recent methods can still be
of interest in this respect.

If some data on possible leak noise can be credited, this information
can be used also in the HMM method, simply by training HMMs on
leak noise. Alternatively, if the information is limited to specifying
optimal frequency bands, this could also be easily implemented. The
observation made in this work of sodium channel resonances that are
activated only by leak jet noise is a strong indicator that this could be
an interesting and simple line of improvement.

Regarding the proposed HMM approach, more work could be de-
voted to the feature sequence calculation. Some different versions
have been investigated here, but it is fully possible that some other
feature would capture the detection problem even better. Then, it is
still an open question how to properly parametrize the HMMs even
if some parametric studies have been made in publications of the
present author. In many cases, it seems that a subwindow length
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around 0.01 s is appropriate and that it is sufficient to use only a
small number of Gaussians and Markov states. Both log probability
and prediction error discriminants are possible, but the former seems
to have somewhat more stable results. Finally, to set a threshold or
to parametrize a V-mask it will be instructive to study the output
distribution on normal background noise in some detail.

Finally, some further research on acoustic sensors and their associ-
ated setup might be needed in order to ensure that the system sur-
vives the pressure and temperature environment of the ECSG during
the specified lifetime. Several iterations might be needed to obtain a
sensor design and positioning which has the desired detection perfor-
mance while still surviving the plant environment.





Part III

A P P E N D I C E S





A
A P P E N D I X A - C O M P L E M E N T I N G E X P E R I M E N TA L
D ATA

a.1 snake experiment

Thermodynamic conditions for tests whose spectra are shown in fig-
ures 19 - 21 of the thesis are given in tables 31 - 36.

Table 31: Measured conditions for wet injections through the 300 µm nozzle
into the glass vessel.

Case P0 [bar] T [◦C] PA [bar] dm/dt [g/s]

0 Atm - Atm -

1 36.3 ± 0.04 100 ± 2.5 Atm 3.6*10−1 ± 1%

2 72.1 ± 0.07 109 ± 2.5 Atm 7.1*10−1 ± 1%

3 177.0 ± 0.18 128 ± 2.5 Atm 1.7 ± 1%

Table 32: Estimated typical conditions for wet injections through the 300 µm
nozzle into the glass vessel.

Case Mj [-] cj [m/s] uj [m/s]

1 2.99 ± 0.007 393 ± 1 1176 ± 0.5

2 3.46 ± 0.008 398 ± 1 1377 ± 0.5

3 4.12 ± 0.008 408 ± 1 1679 ± 0.5

Table 33: Measured conditions for wet injections through the 75 µm nozzle
into the glass vessel.

Case P0 [bar] T [◦C] PA [bar] dm/dt [g/s]

0 6.4 ± 0.01 22 ± 2.5 Atm 7.7*10−3 ± 1%

1 37.4 ± 0.04 27 ± 2.5 Atm 3.1*10−2 ± 1%

2 37.7 ± 0.04 91 ± 2.5 Atm 2.9*10−2 ± 1%

3 37.6 ± 0.04 54 ± 2.5 Atm 2.9*10−2 ± 1%

4 37.6 ± 0.04 72 ± 2.5 Atm 2.9*10−2 ± 1%
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Table 34: Estimated typical conditions for wet injections through the 75 µm
nozzle into the glass vessel.

Case Mj [-] cj [m/s] uj [m/s]

1 3.01 ± 0.007 353 ± 1 1063 ± 0.5

2 3.02 ± 0.007 389 ± 1 1174 ± 0.5

3 3.02 ± 0.007 369 ± 1 1113 ± 0.5

4 3.02 ± 0.007 379 ± 1 1143 ± 0.5

Table 35: Measured conditions for wet injections through the 300 µm nozzle
into the steel vessel.

Case P0 [bar] T [◦C] PA [bar] dm/dt [g/s]

0 - - - -

1 82 ± 0.08 492 2.3 ± 0.01 6.0*10−1 ± 1%

2 77 ± 0.08 433 3.3 ± 0.01 6.2*10−1 ± 1%

3 76.3 ± 0.08 393 4.2 ± 0.01 6.2*10−1 ± 1%

Table 36: Estimated typical conditions for wet injections through the 300 µm
nozzle into the steel vessel.

Case Mj [-] cj [m/s] uj [m/s]

1 2.98 ± 0.004 557 ± 1 1660 ± 0.5

2 2.70 ± 0.001 536 ± 1 1448 ± 0.5

3 2.54 ± 0.001 522 ± 1 1326 ± 0.5
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a.2 nisc experiment

Thermodynamic conditions for tests whose spectra are shown in fig-
ure 75 (below) are given in tables 37 - 38.

Table 37: Measured conditions for the second set of dry injections.

Case P0 [bar] dm/dt [g/s]

0 Ambient 0

1 9.3 ± 0.04 0.2 ± 0.04

2 19.9 ± 0.04 0.4 ± 0.04

3 32.4 ± 0.04 0.6 ± 0.04

4 41.5 ± 0.04 0.8 ± 0.04

5 47.7 ± 0.04 0.9 ± 0.04

Table 38: Estimated typical conditions for the second set of dry injections.

Case Mj [-] cj [m/s] uj [m/s]

1 2.11 ± 0.01 349 ± 1 737 ± 5

2 2.60 ± 0.01 349 ± 1 907 ± 5

3 2.92 ± 0.01 349 ± 1 1018 ± 5

4 3.08 ± 0.01 349 ± 1 1076 ± 5

5 3.18 ± 0.01 349 ± 1 1108 ± 5
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Figure 75: Whitened PSDs at the three S9215 sensors measured during the
second set of dry injections.



B
A P P E N D I X B - C O M P L E M E N T I N G A N A LY S E S

b.1 pfr40 analyses

A convergence study over the sliding window length ∆t showed that
the Welch power spectral density estimate of the PFR background
noise recording has converged for ∆t > 1 s. The result is displayed in
figure 76.

Figure 76: PFR40, spectral distance (2-norm) between consecutive PSDs of
increasing ∆t.

A parameter study over the autoregressive model order m was
made, comparing the resulting power spectral density estimate with
the converged Welch estimate. The result is displayed in figure 77,
justifying a model order of about 51.

Figure 77: PFR40, spectral distance (2-norm) between Welch PSD estimate
and autoregressive model PSD estimates of order m.
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The detection performance results of base discriminants on the
PFR40 recording based on autoregressive PSD estimates and a dis-
crete wavelet transform are shown in figures 78 and 79.

Figure 78: PFR40, performance as function of sliding window length for
whitened base discriminants based on ARP51 PSD estimates.
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Figure 79: PFR40, performance as function of sliding window length for ab-
solute base discriminants based on a DWT with the Haar mother
wavelet.
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b.2 phénix 7 bar analyses

A convergence study over the sliding window length ∆t showed that
the Welch power spectral density estimate of the Phénix background
noise recording has converged for ∆t > 1 s. The result is displayed in
figure 80.

Figure 80: Phénix 7 bar argon, spectral distance (2-norm) between consecu-
tive PSDs of increasing ∆t.

A parameter study over the autoregressive model order m was
made, comparing the resulting power spectral density estimate with
the converged Welch estimate. The result is displayed in figure 81
justifying a model order of about 121.

Figure 81: Phénix 7 bar argon, spectral distance (2-norm) between Welch
PSD estimate and autoregressive model PSD estimates of order
m.

The detection performance results of base discriminants on the
Phénix 7 bar argon injection recording based on autoregressive PSD
estimates and a discrete wavelet transform are shown in figures 78
and 79.
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Figure 82: Phénix 7 bar argon, area under ROC as function of sliding win-
dow length for whitened base discriminants based on ARP121
PSD estimates.
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Figure 83: Phénix 7 bar argon, θ as function of sliding window length for ab-
solute base discriminants based on a DWT with the Haar mother
wavelet.



C
A P P E N D I X C - S Y N T H E T I C D E T E C T I O N C A S E S

These appendices contain analyses of synthetic cases where a base or
background signal xb has been digitally mixed with a signal xs to be
detected, superposed from a change time tc, i.e.

x(t) = xb(t) , t < tc (121)

x(t) = xb(t) + kxs(t) , t > tc (122)

where the factor k is gradually decreased in order to decrease SNR
as defined by equation 13. For each k, discriminants based on sliding
windows are calculated and the area under ROC and cumulative sum
change angle θ are evaluated. The results are displayed as function of
SNR.

It is important to remember that to a certain extent, detection per-
formance can be increased by increasing the sliding window length
(also known as detector complexity) [63]. To be comparable, all cases
studied here therefore have a sliding window length of approximately
2000 samples.

The discriminants studied are the basic energy detector of equation
44 as well as the E and D discriminants based on equations 89 and 91,
with P = 1, 2, 3, 4 and P = ∞ as in the maximum norm.Concerning
whitening, both options defined by equations 95 and 96 are studied.
This yields in total 2 x 5 x 2 = 20 algorithmically different discrimi-
nants. Absolute norms are abbreviated by a or A and whitened norms
by w or R in the following figure legends and captions.

c.1 white gaussian noise + white gaussian noise

In this case, both xb and xs are white Gaussian.
The optimum discriminant is, as expected from theory, found to be

the energy detector based on the variance of the signal. The signal is
detectable with this discriminant, in the sense AROC = 1 to SNR ≈
−8 dB.
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Figure 84: Area under ROC versus SNR for all studied discriminants.
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Figure 85: Normalized cusum change angle versus SNR for all studied dis-
criminants.
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Figure 86: Area under ROC versus SNR for E[x2], aE1 and aD1 discrimi-
nants.
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Figure 87: Normalized cusum change angle versus SNR for E[x2], aE1 and
aD1 discriminants.

c.2 white gaussian noise + 50 hz sine wave

In this case, xb is white Gaussian and xs is a sine wave (of 50 Hz if a
sampling rate of 2 kS/s is assumed).

The optimum discriminants are for this case found to be the ab-
solute E or D base discriminants with P = ∞ i.e. the maximum
norm. The signal is detectable with these discriminants, in the sense
AROC = 1 to SNR ≈ −14 dB.
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Figure 88: Area under ROC versus SNR for all studied discriminants.
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Figure 89: Normalized cusum change angle versus SNR for all studied dis-
criminants.
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Figure 90: Area under ROC versus SNR for E[x2], aEINF and aDINF dis-
criminants.

−40 −35 −30 −25 −20 −15 −10 −5 0

0

20

40

60

80

SNR [dB]

θ 
[°

]

 

 

E[x2]
aEINF
aDINF

Figure 91: Normalized cusum change angle versus SNR for E[x2], aEINF
and aDINF discriminants.
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c.3 stationary pfr40 + white gaussian noise

In this case, xb is generated as a stationary signal with random phases
based on the PSD of the background noise measured in the PFR at
zero power, c.f. [94]. The signal xs to be detected is white Gaussian.

The optimum discriminant is for this case the whitened E base
discriminant with P = 2, i.e. the ordinary vector norm. The signal
is detectable, in the sense AROC = 1 to SNR ≈ −12 dB.
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Figure 92: Area under ROC versus SNR for all studied discriminants.
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Figure 93: Normalized cusum change angle versus SNR for all studied dis-
criminants.
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Figure 94: Area under ROC versus SNR for E[x2], wE2 and wD2 discrimi-
nants.
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Figure 95: Normalized cusum change angle versus SNR for E[x2], wE2 and
wD2 discriminants.

c.4 stationary phénix + white gaussian noise

In this case, xb is generated as a stationary signal with random phases
based on the PSD of the background noise measured in the Phénix
plant at full power, c.f. [96]. The signal xs to be detected is white
Gaussian.

The optimum discriminants are for this case the whitened E or D
base discriminant with P = 4. The signal is detectable with these dis-
criminants, in the sense AROC = 1 to SNR ≈ −33 dB. The reason
for the higher detectability of this signal is due to higher dynamics
within the spectrum (compare figures 43 and 58) which allows white
noise to be detected more easily at higher frequencies as the back-
ground noise is low there.
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Figure 96: Area under ROC versus SNR for all studied discriminants.
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Figure 97: Normalized cusum change angle versus SNR for all studied dis-
criminants.
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Figure 98: Area under ROC versus SNR for E[x2], wE4 and wD4 discrimi-
nants.
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Figure 99: Normalized cusum change angle versus SNR for E[x2], wE4 and
wD4 discriminants.

This case was also analyzed by LP and PE discriminants from the
HMM122 using the F2 feature applied to wE1. The results are dis-
played in figures 100 and 101. Here, the sliding window length was
increased to 1 s in order to provide reasonable statistics for the HMM.
Consequently, the detectable SNR decreases somewhat.
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Figure 100: Area under ROC versus SNR for wE4, LP and PE discriminants,
the latter two based on a HMM122.
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Figure 101: Normalized cusum change angle versus SNR for wE4, LP and
PE discriminants, the latter two based on a HMM122.

c.5 non-stationary phénix + white gaussian noise

In this case, xb is the raw background noise signal measured in the
Phenix plant at full power, c.f. [96]. The signal xs to be detected is
white Gaussian.

The optimum discriminants are for this case the whitened E or D
base discriminant with P = 4. The signal is detectable, in the sense
AROC = 1 to SNR ≈ −30 dB. One may note, that in this case, some
discriminants do not fall down towards AROC = 0, indicating that
there is a small change in the background noise from the first to the
second half of the signal which is detected by these discriminants.
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Figure 102: Area under ROC versus SNR for all studied discriminants.
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Figure 103: Normalized cusum change angle versus SNR for all studied dis-
criminants.
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Figure 104: Area under ROC versus SNR for E[x2], wE4 and wD4 discrimi-
nants.

−60 −50 −40 −30 −20 −10 0

0

20

40

60

80

SNR [dB]

θ 
[°

]

 

 

E[x2]
wE4
wD4

Figure 105: Normalized cusum change angle versus SNR for E[x2], wE4 and
wD4 discriminants.
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This case was also analyzed by LP and PE discriminants from the
HMM122 using the F2 feature applied to wE1. The results are dis-
played in figures 106 and 107. Contrary to the stationary case, the
HMM122 LP discriminant here performs better (in terms of normal-
ized cusum change angle) in detecting the WGN signal, demonstrat-
ing that part of the added information is indeed taken into account
by the HMM + GMM.
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Figure 106: Area under ROC versus SNR for wE4, LP and PE discriminants,
the latter two based on a HMM122.
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Figure 107: Normalized cusum change angle versus SNR for wE4, LP and
PE discriminants, the latter two based on a HMM122.

c.6 ikhar background + ikhar injection

In this case, xb is the raw background noise signal measured in the
IKHAR loop during the NISC experiments 3.2 and xs is a raw injec-
tion noise signal generated by a 36 bar wet injection from the same
experiment.

The only discriminants studied are the whitened energy detector
wE1 and the LP and PE discriminants based on a HMM122 with
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F2 feature, wD1 on 25 ms sliding windows. The purpose of these
examples is to show that the signal is still detectable at very low SNR
thanks to the significant signal content at high frequency.
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Figure 108: Area under ROC versus SNR for wE1 and HMM122 discrimi-
nants.
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Figure 109: Normalized cusum change angle versus SNR for wE1 and
HMM122 discriminants.
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