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Abstract

Fusion power plants will play a crucial role in sustainable energy production if their
technological maturity and economic feasibility are demonstrated in the next decades.
In this regard, ensuring safety during nominal operations, and expected or unexpected
transients is of paramount importance for the development (and deployment) of
fusion reactors. Lack of operational experience and data, absence of detailed design,
and a safety framework still under development make preliminary safety analysis
of fusion reactors extremely challenging. Nevertheless, preliminary safety analysis
can be carried out alongside the design process to produce a robust, safety-oriented
design. This work focuses on the methodological and modeling part of a preliminary
safety analysis for fusion reactors. Modeling is a persistent need throughout the
whole safety analysis, since most of the safety-critical systems in fusion reactors
has not been previously modeled. The methodological part deals with strengthening
the deterministic approach by integration with a probabilistic framework and the
investigation of machine learning (ML) algorithms for nuclear safety. The ARC
(Affordable, Robust, Compact) tokamak is exploited as case study. ARC is an
innovative, compact tokamak design that features demountable, high-temperature
superconducting magnets, a replaceable vacuum vessel, and a molten salt liquid
immersion blanket (LIB). The work presents a preliminary design, modeling, and
safety analysis of two critical systems, the fuel cycle and the primary cooling loop.
Components of the fuel cycle contain the largest radiological source terms in the
plant, i.e. tritium inventories that span from grams to kilograms. The time dependent
tritium inventories are quantified by a dynamic, system-level model of the fuel cycle
implemented in MATLAB Simulink®. The fuel cycle analysis targets minimization
of tritium inventories and reactor self-sufficiency simultaneously. Results show that
the start-up inventory can be lower than 1 kg and the required TBR to ensure self-
sufficiency within the achievable range (TBR = 1.05 - 1.10). Accidents occurring in
the primary cooling system (i.e., the FLiBe loop) are a major pathway for the release
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of tritium. The FLiBe loop is indeed part of the fuel cycle itself because FLiBe
works as coolant, breeder and tritium carrier in ARC. A considerable amount of
tritium is therefore found in the FLiBe loop and related components. A preliminary
design of the primary cooling system is proposed by means of a functional analysis,
and the most likely accidental scenarios are identified by an FMEA and simulated by
a thermal-hydraulics model of the primary cooling loop. The model is developed
in OpenModelica and exploits OMPython to be effectively coupled with machine
learning algorithms. The safety analysis is carried out by integrating deterministic
analysis in a probabilistic framework, which allows to deeply investigate the space
of possible accidents that might occur in a fusion reactor. The results from the
thermal-hydraulic simulations are used to build a dataset of safe and accidental
transients. Lastly, ML algorithms are applied to the safety analysis. Supervised and
un-supervised models are trained on the dataset built by the thermal-hydraulic model,
and used to perform tasks of increasing complexity (clustering, identification of
the end states, prediction of thermal-hydraulic variables and remaining time before
system failure). Results show that ML models can be effectively used for safety
purposes, they can execute tasks in times that are compatible with on-line monitoring,
and with relative errors on the target variables as low as 10−5. Nevertheless, many
criticalities are identified during the process (from the synthetic data generation to the
interpretation of the results). A framework for the development and strengthening of
ML models for nuclear safety is therefore proposed. The outcomes of the work can
be summarized as follows. (1) An ARC-class tokamak minimizes the radiological
hazard related to tritium inventories thanks to its compact size, and an optimal
operational region has been identified by the fuel cycle model developed in this work.
(2) The functional analysis and the FMEA allowed to draw a conceptual layout of
the primary cooling system, and the thermal-hydraulic model of the primary cooling
system can be exploited to build a database of safe and accidental transients. (3)
Machine learning algorithms (especially deep neural networks) are effective tools
to strengthen the safety analysis and to support operations and decision making.
To further improve their applicability to nuclear safety analysis a framework to
compensate the lack of data and the development of numerical simulation tools
compatible with ML integrations is proposed.
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Chapter 1

Introduction

1.1 Motivations

Nuclear fusion brings an invaluable promise for clean energy production. A growing
scientific interest has been observed in the last decades, pushed somehow by the
rise of fusion startups. This acceleration unravelled topics that have been poorly
investigated in the past.

Since its discovery in the 20’s most of the works in nuclear fusion focused on
understanding physics fundamentals [6], from the very basic fusion reaction [7, 8]
to plasma physics in experimental devices [9–11]. Part of the recent projects in
nuclear fusion shifted the goals from academic research to energy production. The
improvements required to step out from the experimental field to the industrial scale
introduced cross-field challenges that were absent, or minor, in experimental devices,
such as components manufacturing, RAMI (Reliability, Availability, Maintenability,
Inspectability), economics, safety, and fuel management, to cite few. It is mandatory
for scientists, researchers, engineers and, more in general, practitioners in the fusion
field to tackle these new challenges. This work focuses on a subset of these issues,
identifying and facing the challenges that must be tackled in the next decades for the
successful development of fusion devices for energy production.

The remainder of this section is devoted to the introduction of the leading topic
of the work, namely nuclear safety, of ARC-class fusion power plants (FPPs), and
on the three topical area addressed, i.e., the primary cooling system, the fuel cycle,
and machine learning for safety applications. The work was carried out in tight
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collaboration with Eni, and the analysis presented in Chapter 4 was developed at
MIT PSFC.

Chapter 2 and Chapter 3 are motivated by a methodological research question:
is it possible to strengthen safety analysis by applying modern techniques and
computational tools? If so, can we use this approach for FPP safety? Results have to
be intended as qualitative, yet required to investigate this topic in detail. Specifically,
Chapter 2 describes the preliminary design and safety analysis of the molten salt
(FLiBe) circuit (i.e., the primary cooling system), a thermal-hydraulics model and
the code architecture. Chapter 3 presents a broad discussion on machine learning
for nuclear safety applications. Specific ML techniques are applied to the results
from Chapter 2, and a framework for a robust establishment of machine learning
in nuclear safety is depicted. Chapter 4 is dual with Chapter 2 and focuses on an
ARC-class FPP fuel cycle. FLiBe works indeed as primary coolant, tritium breeder
and tritium carrier, resulting in an overlapping of the reactor cooling system and
part of the fuel cycle. A preliminary layout of the fuel cycle is proposed, and a
system-level model is built and implemented in MATLAB Simulink ® to perform
safety and tritium self-sufficiency analyses. Preliminary models for fusion fuel cycle
have been already developed and investigated, so Chapter 4 is mostly motivated by
the need of quantitative results to assess reactor safety and self-sufficiency. Chapter
5 summarizes all the results obtained in the previous chapters and provide a unified,
holistic view on the topics addressed in this work. An R&D pathway is proposed
to reduce the uncertainties connected to ARC-class reactor design and safety, to
improve tritium transport analysis, and to foster machine learning into nuclear safety.

Each chapter can be considered self-consistent, with an introductory section that
presents the state of the art and the main challenges for the specific chapter topic.

1.2 Nuclear Safety

Hazards are ubiquitous. Yet, nuclear technologies have been historically associated
to extreme hazard. The huge amount of radioactive material in a nuclear (fission)
reactor1 is indeed a serious hazard for the population and the environment. The

1For sake of simplicity, nuclear reactor and nuclear power plant (NPP) refer in this work to their
conventional meaning, i.e. nuclear fission technologies. Fusion reactors and fusion power plants are
used when referring explicitly to fusion technologies.
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Chernobyl accident manifested to the population the consequences of a nuclear
accident, and the need for strict and third-party safety regulation and control. Besides
Chernobyl, which can be considered a failure (from a safety standpoint) to the
extent of operators’ capability to override safety protocols and safety equipment,
nuclear power plants report the lowest safety risk among industrial activities. This
achievement has been made possible by detailed safety analysis, conservative design
and technological innovation.

1.2.1 Safety Methodologies

Historically, safety analyses have been carried out from a deterministic perspective.
Deterministic safety analysis (DSA) has evolved along the years from the first
applications that considered design basis accidents (DBA) with limited
computational (sometimes analytical [12]) resources to modern analyses that
investigate beyond design basis accidents (BDBA) with best-estimate codes [13].
The WASH-1400 report challenged the deterministic approach showing that most of
the reactor shutdown were driven by minor failures, which were less dangerous but
more frequent than DBA [14]. Probabilistic safety analysis (PSA) was therefore
developed as complementary tool to strengthen safety analysis [15]. To date, both
DSA and PSA are used for nuclear power plants safety analysis, but their
application rarely intersect in an integrated analysis.

Integration between the DSA and PSA has been proposed, encouraged and
investigated by many institutions [16] and authors [17]. This integration usually
leverages (at least conceptually) on artificial intelligence (AI), which is in all respects
a probabilistic tool. As for the huge improvements brought by the introduction
of advanced numerical codes in DSA, AI can provide key advantages that are not
possible with different tools. However, the following points has to be addressed
when investigating AI applications in nuclear safety:

• Is the introduction of AI needed?

• Are AI tools (models, algorithms) mature for safety applications?

• How can we practically tackle safety issues by AI?

• Is this approach scalable to the nuclear industry?
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The first point has been somehow answered in the previous paragraph. AI tools
can indeed improve safety analysis. They can be considered not mandatory, as PSA
was not mandatory when developed, but they might bring huge advantages in terms
of reduction of conservatism, accident prediction, and handling system complexity.
The remaining three questions are addressed in Chapter 3 by focusing on a subset of
AI, i.e. machine learning (ML).

1.2.2 Nuclear hazards

A second big question arises when dealing with nuclear fusion safety. The previous
discussion clearly referred to the nuclear fission sector. The experience, approaches
and tools can be transferred to fusion safety to a certain extent based on the obvious
link between the two, i.e. they are both nuclear technologies. It is instructive to
consider similarities and differences between nuclear fusion hazards and nuclear
fission hazards2. There are three main radiological sources in a fusion reactor3: the
plasma, the activated materials, and tritium.

A fusing plasma can be considered a neutron source of 14 MeV neutrons, which
are one order of magnitude more energetic than the 2 MeV fission neutrons. This
introduces extremely harsh challenges for structural and functional materials that
must withstand considerable neutron fluences. However, from a purely radiation
safety perspective, which in this case translates to shielding requirements, the hazard
is comparable, if not lower, to fission reactors. Magnets lifetime sets indeed strict
requirements on the neutron current exiting the shield, in such a way that the neutron
fluxes outside the reactor (i.e., outside the cryostat/biological shield) are already quite
low. Additional shielding thickness outside the cryostat can be foreseen if necessary,
but the primary shield thickness is constrained between the neutron source and the
magnets. The primary shield design has been already investigated in a preliminary
work by Segantin et al. [2], while more detailed analyses would require coupling
shielding calculations with irradiation damage estimations on the magnet coils.

High fluences lead also to strong materials activation, becoming a limiting
factor for key fusion reactor components, like vacuum vessels and blankets. This
issue has been already deeply investigated for ARC-class reactors by Segantin et

2Here and in the following, hazards refer to nuclear (i.e., radiological) hazards only.
3Fusion reactors are considered D-T tokamaks in this work if not differently specified.
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al. [18], who concluded that Nickel alloys are not suitable for this reactor class,
while other commercial alloys (e.g., V-Cr-Ti alloys) can drastically reduce activation.
Activated materials can also be found as dust in fusion reactor [19]. Dust production
and transport is quite a complex topic that involves plasma edge physics, plasma-
material interactions, and transport of macroscopic dust formation during disruptive
events. Numerical codes that try to model these phenomena have been developed (e.g.
DTOKS [20], DUSTT [21], etc.), but most of the results on this topic come from post-
mortem analysis of samples gathered from operating tokamaks. An assessment of
radioactive dust in an ARC-class reactor (as in any conceptual design for commercial
fusion reactors) is therefore unfeasible at the present time.

The last huge hazard in a fusion reactor is tritium, which has never been addressed
before for ARC-class FPPs. Loosely speaking, the amount of tritium circulating in
a fusion reactor will be in the order of 100g-10kg, which are amounts much larger
than those found in CANDU reactors (i.e., our deepest source of experience for
tritium handling). Tritium safety presents many layers of complexity. On a very
fundamental level, tritium transport is still scarcely investigated experimentally, and
key properties to model and assess tritium transport in a fusion reactor are highly
uncertain [22, 23]. From the point of view of a fusion power plant, the amount of
tritium in the plant is unknown. The former issue motivates tritium experiments
(which are beyond the scope of this work) in fusion-relevant environments, whereas
the latter issue is deeply investigated in Chapter 4.

1.3 ARC-class reactors

The conceptual design of an ARC reactor was proposed in 2015 by Sorbom et
al. [24]. Further analyses targeted specific design areas, such as heat exhaust
management [3], neutronics and tritium breeding [25, 26], thermo-fluid dynamics
and heat transfer [27], and safety [28]. ARC is a compact D-T tokamak that leverages
on demountable high temperature superconductor (HTS) magnets to achieve a high
fusion power density (525 MWth in ∼ 140 m3) with a compact size (R=3.3 m, a =
1.1 m). Exothermic reactions in FLiBe (mostly 6Li(n,T)He) and auxiliary heating
eventually radiated by the plasma raise the total thermal power up to 630 MWth.
The primary cooling system is based on FLiBe flowing through vacuum vessel
(VV) channels and divertor channels, with an inlet temperature of ∼ 800 K and
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an outlet temperature of ∼ 900 K [3]. Multiple options for the power cycle have
been investigated, from a classical Brayton cycle to more advanced concepts like
supercritical CO2 cycle [24, 29]. The relatively low fusion power minimizes the
tritium inventory in the plant. A fusion power of 525 MWth corresponds indeed
to a ∼ 80 g/day tritium consumption (at full power), which translates to a tritium
fueling rate of 46 mg/s for a tritium burn efficiency (TBE) of 2%. The required
start-up inventory ranges from ∼ 100g to few kilograms depending on the fuel cycle
design and tritium self-sufficiency targets (Chapter 4). The relevant parameters of the
conceptual design are summarized in Table 1.1. Three additional features make ARC
design innovative: a replaceable vacuum vessel, demountable coils, and a liquid
immersion blanket (LIB). The replaceable VV, coupled with demountable coils, aims
at achieving quick maintenance. Such a goal is of paramount importance in light
of the low component lifetime and long mean time to repair (MTTR) expected for
commercial fusion reactors [30], and RAMI has been identified as the Achille’s heel
of fusion power plants [31]. Although RAMI is outside the scope of this work, the
preliminary design of the primary coolant loop and fuel cycle have been developed
by prioritizing system RAMI. The LIB brings instead specific advantages for safety.
The idea behind the LIB is simple: the VV is surrounded by molten FLiBe contained
in a tank, minimizing structural materials. Tritium breeding is therefore optimized
by reducing neutron parasitic absorption from structural materials, the liquid blanket
cannot be damaged by radiations, the amount of solid waste is minimized, and the
large mass of FLiBe provides an effective heat sink in case of severe accidents
(Tboil,FLiBe = 1703 K).

Specific details on ARC design are reported in the relevant Chapters.
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Parameter Symbol Value Units

Fusion power Pfus 525 MWth
Toroidal magnetic field B0 9.2 T
Peak on-coil magnetic field Bmax 23 T
Major radius R0 3.3 m
Plasma semi-minor radius a 1.13 m
Plasma elongation k 1.84 -
Plasma volume Vp 141 m3

Average plasma temperature T 14 keV
Average plasma density n 1.3·1020 m−3

Table 1.1 Nominal parameters describing an ARC-class fusion power plant [5].



Chapter 2

ARC primary cooling system

This section investigates ARC primary cooling system (PCS), i.e. the FLiBe loop.
The PCS is a critical system during both nominal operations and accidental scenarios.
In nominal operations the PCS transfers the fusion power from the blanket to the
power cycle. In accidental scenarios the huge mass of FLiBe in the PCS provides a
large heat sink even if FLiBe circulation is stopped. Also, failures in the PCS are
likely to be initiating events (IE) as in NPP [32].

The goal of this section is to develop a conceptual, safety-oriented design of
the PCS, and to build a dynamics thermal-hydraulic model to analyse transients in
the PCS. Operational experience with molten salts is quite limited, especially at
industrial scale. Therefore, molten salt experiments and molten salt-based design
are reviewed first. Liquid metal experiments that can be relevant for molten salt
blankets and ARC PCS are included in the review as well (Section 2.1). A functional
analysis is carried out to systematically identify the functions that the PCS has
to fulfil (Section 2.2). A Failure Mode and Effects Analysis (FMEA) is build on
top of the functional breakdown and the components identified by the functional
analysis (Section 2.3). A preliminary layout based on the same components is
proposed, and a thermal-hydraulics model is developed exploiting the Modelica
language [33] (Section 2.4). The model is integrated in a probabilistic framework
by taking advantage of OMPython API, and the model capabilities are showcased
by simulating unanticipated transients due to multiple components failures (Section
2.5).
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2.1 Review of relevant experiments and operations

The two major sources of information for the molten salt PCS design are the
Generation IV molten salt reactor (Gen-IV MSR) licensing basis [34] and the
Molten Salt Reactor Experiment (MSRE) [35–37]. Relevant information from the
safety point of view can instead be found in the (liquid metal) ITER Tritium
breeding module [38] and Pb-Li experimental setups (see Section 2.1.2 for a
detailed list of references). Crucial results for FLiBe behaviour in fusion-relevant
conditions, tritium transport, tritium handling and extraction from FLiBe are
expected from the LIBRA experiment, which is under development at MIT-PSFC
[39].

2.1.1 Molten salts

The fuel in the MSRE was a mixture of LiF, BeF2, ZrF4 and UF4, while the
(secondary) coolant is FLiBe. Temperature and pressure ranges are similar to ARC
coolant. The MSRE reported a fuel temperature in the range 908-935 K, a coolant
temperature from 825K to 866K [35] and a design pressure of 3.4bar, while ARC
FLiBe temperature lays in the range 800K−900K [24] and the design pressure is
few bar1 [24, 3]. Experiences from non-nuclear components can be directly applied
to ARC, such as pumps, drain and storage tanks, chemical process units, salt melters,
heat exchangers. Operational experiences for the MSRE [35] reported no leakages at
any time, whilst small internal leakages of oil in the pump bowl are reported. Heaters
experienced few failures that did not affect reactor operation, but their performance
were highly reduced by air leakages. Yearly testing of instrumentation found faults
in sensors. Finally, the hazard analysis reported the following relevant events: loss of
flow, loss of heat sink, decay heat removal, freeze valve and flange failures, excessive
wall temperature, corrosion, salt spillage and beryllium release from a leak.

A more detailed analysis on plant hazards and initiating events (IEs) was carried
out recently for the Gen-IV MSR. A quite comprehensive list of IEs for a generic
molten salt reactor was defined by a group of experts in 2019 [34]. The list includes
140 IEs for the following systems: Reactor and primary fuel salt system, Drain tanks,

1The precise value of the PCS working pressure has not been defined yet because of the lack of a
detailed design (i.e., of the total pressure losses in the PCS). FLiBe boiling temperature at 1 bar is
quite large TFLiBe,boil = 1703K, so operations at few bar are expected.
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Fuel processing system and Reactor building. Among these IEs, 61 are relevant
for ARC and about 50 are relevant for the FLiBe circuit. Most of the relevant IEs
involve loss of boundaries integrity, loss of heat sink and loss of flow. Those IEs are
used to integrate the result from the FMECA. Similar IEs categories are identified in
[40] starting from the categories defined for LWRs in NUREG 800. To summarize,
the main IEs categories relevant for ARC FLiBe loop are:

• Increase/Decrease in heat removal by the secondary system;

• Decrease in reactor coolant system flow rate;

• Increase/Decrease in reactor coolant inventory.

2.1.2 Liquid metals

ITER Tritium Breeding Module safety reports are a valuable source of information
for what concerns classical equipment failure modes in a fusion environment. Failure
modes like external/internal leakages and rupture are described for the FW and VV,
and the failure frequency is quantified [38].

Additional safety experiences are available from experiments with liquid metals,
mainly LBE (Lead-Bismuth Eutectic) and Pb-Li. Foletti [41] reported failures of flow
meters and pressure transducers in the experimental loops at CR ENEA Brasimone.
Oxide buildup was the leading cause of those failures. The TRITEX experimental
facility [42] Pb-Li loop was run for about 13,000 hours between 1988 and 1996 [43].
Operational experiences give a good insight on possible failure modes of components
and instrumentation. The drain tank was continuously heated to avoid thermal shock
issues if the coolant had to be dumped in the tank. Catch pans were located below the
experimental device to gather possible coolant leakage - the importance of catch pans
and drain lines heating is confirmed by the operational experience by Drobyshev et
al. [44] during the operations of liquid metal loops. A non-water fire suppression
system was used to avoid steam explosions.

Oil leakage from the pumps shaft was reported many times as a failure event.
Gromov et al. [45] reported an accident occurred with Pb-Bi liquid metal coolant.
The oil from the shaft seal leaked in the coolant, where the high temperatures
pyrolyzed the oil in into other hydrocarbons. The resulting impurities coated the
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heat transfer surfaces and plugged the tubes, greatly reducing the heat removal
from the core. The Dounreay reactor reported six trips in 5 years due to pump oil
system and other auxiliary systems [46]. Instrumentation and their penetrations
constitute a notable source of failures [47] as well. Failure of welds from classical
instrumentation have been reported for coolant leakages in many reactors.

2.1.3 Design and safety consideration for ARC PCS

The review on design and operating experiences of the previous systems allows to
define key safety goals for ARC. The first consideration applies to the coolant itself.
In the hot leg, FLiBe has the highest tritium concentration of the whole loop. A
rupture in this section of the piping system could lead to a large tritium release. Even
small leakages from instrumentation welds and flanges constitutes a serious hazard
that must be considered in the safety assessment. Beryllium and fluorine dispersion
must also be accounted in FLiBe release events. A possible solution is the discharge
of FLiBe in a safety tank to limit dispersion of hazardous elements. In a MSR, the
drain tank main safety function is to avoid criticality accidents by removing the fuel
from the core. This is clearly not a concern for a fusion reactor. However, drain tanks
must be present to discharge the coolant in case of severe LOCAs, especially if the
failed pipe section cannot be efficiently isolated. Furthermore, an emergency cooling
system must be foreseen if the coolant is drained from the loop. Such an additional
cooling system greatly increases the whole system complexity. Alternatively, the
drain tank can be connected to the main coolant loop, and the blanket decay heat can
be removed by a salt-to-air radiator such as in MSRE. Multiple cooling lines must
be foreseen in this second case to bypass the fault pipe.

FLiBe pumps should be designed to avoid lubricant oil leakages in the molten salt
flow, or the resulting impurities could prevent valves closure and deteriorate the heat
transfer mechanism in the heat exchanger. Hence, FLiBe purity must be continuously
monitored and guaranteed. This is a function that can be easily integrated in the
redox control unit of the PCS that regulates Be content in FLiBe. Even though the
main components exploit corrosion resistant materials, instrumentation welds and
flanges could be damaged by oxides build-up, resulting in FLiBe leakages. Catch
pans should be present below the main components and the piping to avoid FLiBe
unconfined release. FLiBe is not flammable, but its high temperature could start a
fire due to the interaction with other components and materials in the reactor building.
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Also the concrete structure can be seriously damaged by FLiBe high temperature:
the mechanical properties of concrete are dramatically reduced at high temperature,
showing more than a 50% reduction for the compressive and tensile strength at 800
K [48]. A metallic liner could be envisioned to protect the concrete from direct
contact with FLiBe.

Finally, FLiBe freezing risk should be minimized. The immediate danger of
FLiBe freezing is relatively low if the reactor is readily shut down. Mechanical
stresses are not foreseen due to the volume reduction resulting in FLiBe phase
transition. Possible plugs can be by-passed to remove the decay heat, but the
subsequent startup could induce strong thermomechanical stresses on the pipes.
FLiBe reheating should be carried on extremely slowly to ensure that the temperature
increases uniformly in all the components. Electric heaters all along the pipes can
fulfil this function. This means that the reactor downtime would be long even though
pipe failures are avoided. Minimization of FLiBe freezing probability is therefore
mandatory to improve the FPP reliability. Also, the FLiBe heating system should be
oversized to face heaters failures: if one or more heaters fail, the remaining working
heaters must be capable to increase the heating power to keep FLiBe temperature
constant. Finally, the PCS pipes should be thermally isolated to reduce the risk of
coolant freeze, but also to increase the reliability of the cryogenic system that is
inevitably crossed by the pipes.

2.2 Functional analysis of the PCS

The procedure to carry out a functional analysis can be considered complementary to
a fault tree construction, with the goal to build a success tree instead. The process can
be schematized as follows: system conditions are identified, and a hierarchy among
system functions is developed starting from a top function. Each level below the
top function lists the immediate sub-functions to fulfil the upper function, avoiding
logical jumps. For instance, if the top function is “extract heat from blanket”, the
immediate sub-function is “provide a coolant”, not “provide pumping power for
FLiBe”. In this way, a detailed description of the functions, thus components, is
obtained. Each function in the i-th level must not overlap with other functions of the
same level. The hierarchy is stopped once the required level of detail is reached. For
the case under consideration, steady-state, nominal operating conditions are chosen.
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The top function is “remove power from blanket”. The physical boundary of the
system is the FLiBe loop. The thermodynamic boundary conditions can be derived
as follows.

ARC produces 525 MWth of fusion power, which increases up to 630 MWth

due to exothermic reactions in the blanket. The working temperature of FLiBe is
lower-bounded by FLiBe melting temperature (Tmelt = 732 K) and upper-bounded
by the maximum operating temperature of VV materials. Ferrero et al. [27] showed
that hotspots in FW and VV bring tungsten temperature above its recrystallization
threshold, and Inconel 718 temperature above the creep limit. The last issue can be
partially mitigated by replacing Inconel 718 with other commercially available alloys
(e.g., V-Cr-Ti alloys [49]), but the highest FLiBe temperature to ensure materials
integrity in an ARC-class FPP is around 900 K. One of the main advantages of
a FLiBe PCS is the possibility to operate at low pressure (Tboil,FLiBe = 1703 K
at pFLiBe = 1 bar). The thermodynamic boundary conditions for the PCS main
function (i.e., reactor cooling) are therefore Ptot = 630 MWth, ∆TFLiBe ≃ 100 K
(with minimum and maximum operating temperatures Tmin ≃ 800 K and Tmax ≃ 900
K), and pFLiBe = 1−5 bar depending on the detailed layout of the system and the
total pressure drops.

The results from the functional analysis are shown in Table 2.1.

2.3 Failure modes and effects analysis of the PCS

The FMEA is performed for the 22 main components identified in the PCS, for a
total of 55 possible failures. A table summarizing the results of the FMEA can be
found in Appendix A. The reactor is assumed to be operating at nominal conditions,
and the components analysed by the FMEA are those that can lead to the loss of
the heat removal function of the FLiBe loop. The possible failure modes and the
causes leading to failure are derived from the past experiences described in Section
2.1, and from specific publications such as IAEA-TECDOC-478 [50], INEEL/EXT-
98-00892 [51] and EGG-SSRE-8875 [52]. These database and publications refer
to components that operated in different industrial environments (mainly NPP),
which can be considered similar, but not equivalent, to FPP. The failure effects are
evaluated locally, at system level and at plant level. The probability and severity
categories are derived from MIL-STD-882E [53]. The severity category takes into
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Table 2.1 Functional analysis for ARC PCS. The functional requirements, desing parameters
and components to fulfil the fuctions are identified.

Functional requirement Design parameter Physical part

FR 0: Provide sufficient power extraction from the VV structure DP 0: Blanket heat extraction system -

FR 1: Provide a coolant in VV DP 1: FLiBe molten salt FLiBe
FR 1.1: Provide a plenum DP 1.1: FLiBe tank in VV Tank
FR 1.1.1 Provide continuous boundary for nominal operations DP 1.1.1: Structural integrity Tank wall
FR 1.1.1.1: Allow for displacement DP 1.1.1.1: VV joints VV joints
FR 1.1.1.2: Sustain high heat fluxes DP 1.1.1.2: FW FW and coolant channels
FR 1.1.2: Provide continuous boundary for accidental conditions DP 1.1.2: Drain safety system -
FR 1.1.2.1: Provide a safety tank DP 1.1.2.1: Drain tank Drain tank
FR 1.1.2.2: Provide connection to drain tank DP 1.1.2.2: Valve Freeze valve or temperature safety release valve
FR 1.2: Keep the salt at proper T and p conditions DP 1.2: FLiBe loop managing system -
FR 1.2.1: Provide information on FLiBe T DP 1.2.1: T measurement T sensor
FR 1.2.2: Provide heating if required DP 1.2.2: Heaters Heaters
FR 1.2.3: Provide information on FLiBe p DP 1.2.3: p measurement -
FR 1.2.4: Adapt to volume changes and control FLiBe pressure DP 1.2.4: Pressurizer Pressurizer
FR 1.2.5: Blow off FLiBe if pressure is too high DP 1.2.5: Safety release valve Rupture disk
FR 1.2.6: Blow off FLiBe if temperature is too high DP 1.2.6: Safety release valve Freeze valve or temperature safety release valve
FR 1.3: Produce salt DP 1.3: FLiBe production system -
FR 1.3.1: Melt or heat salt from storage DP 1.3.1: Salt melter Salt melter
FR 1.3.2: Provide an additional inventory of FLiBe DP 1.3.2: FLiBe Storage Storage tank

FR 2: Provide a flow path DP 2: Piping system -
FR 2.1: Provide connection to the VV DP 2.1: Pipes Pipes
FR 2.2: Provide inlet to the VV DP 2.2: inlet valves MOV
FR 2.3: Provide outlet to the VV DP 2.3: outlet valves MOV
FR 2.4: Ensure the system is working properly DP 2.4: pressure and flow sensors Sensors

FR 3: Provide pumping equipment DP 3: Pumping system -
FR 3.1: Provide head to the fluid DP 3.1: FLiBe pressure/pumps -
FR 3.1.1: Provide measurement of FLiBe pressure DP 3.1.1: Pressure sensors Sensors
FR 3.1.2.: Keep pressure to design values DP 3.1.2: Pumps Pumps
FR 3.2: Provide power to the pumping system DP 3.2: Feeding system -
FR 3.2.1.: Provide power from external sources DP 3.2.1: Off-site power system Electrical network
FR 3.2.2: Provide power from internal sources DP 3.2.2: On-site power system -
FR 3.2.2.1: Provide power from electricity conversion DP 3.2.2.1: Diesel generator Generator
FR 3.2.2.2: Provide power from batteries DP 3.2.2.2: Battery system Batteries

FR 4: Provide heat transfer mechanism DP 4: DT between structure and coolant -
FR 4.1: Provide low T FLiBe at inlet DP 4.1: Remove heat from hot FLiBe -
FR 4.1.1: Provide a system for heat extraction DP 4.1.1: Heat exchange with secondary coolant Secondary flow
FR 4.1.1.1: Provide isolation for HX DP 4.1.1.1: Inlet valve MOV
FR 4.1.1.2: Provide system isolation from HX DP 4.1.1.2: Outlet valve MOV
FR 4.1.1.3: Provide a mean for HT DP 4.1.1.3: Heat exchanger Shell and tubes
FR 4.1.1.4: Provide a tank if HX fails DP 4.1.1.4: Secondary drain tank Drain tank
FR 4.1.2: Estimate the amount of power to remove DP 4.1.2: T measurement after HX T sensor
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account consequences on (1) plant economics; (2) workers and population; and (3)
environment. Preventive and corrective measures are suggested for each failure,
in order of decreasing effectiveness: remove the hazard through design selection,
reduce risk through design alteration, incorporate engineered design features or
devices. Warnings, procedures and training are not considered at this stage of design.
The assigned severity of safety components failures is quite low if one considers
that they should perform safety functions. However, the analysis considers nominal
operating conditions, not accidental scenarios. The failure of a safety component
reduces the availability of the reactor, but do not lead to accidental sequences as long
as the reactor is operating at nominal conditions. The function that the system must
carry on is heat removal, thus only the failure modes that affect this function are
considered. For this reason, vital components like backup diesel generators do not
appear in the FMEA. A brief description of the main failure modes for the different
components is provided in Table 2.2.

Both qualitative and quantitative results are obtained by the FMEA. A risk matrix
is built following the prescription in MIL-STD-882E for the probability category
and severity category. Specifically, the probability categories are defined according
to the frequency of occurrence:

• A if the event E is frequent, i.e., P(E) > 5 y−1;

• B if the eventE is probable, i.e., 5 ·10−2 <P (E) < 5 y−1 ;

• C if the event E has a moderate probability of occurrence, i.e., 5 ·10−3 <P(E)
< 5 ·10−2 y−1;

• D if the eventE has a low probability of occurrence, i.e., 5 · 10−3 <P (E)
< 5 ·10−4 y−1;

• E if the event E has a very low probability of occurrence, i.e., P(E) < 5 ·
10−4 y−1.

The same criteria are used to define the probability category for each failure mode.
The severity category can be defined according to the economics, workers and
population, or environmental consequences. These criteria are shown in Table 2.3.

The risk matrix (Table 2.4) reports one high-risk failure only. One failure is
classified as severe, six failures are classified as serious, 32 as medium and 16 as
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Table 2.2 List of relevant failure modes in ARC PCS. The second column provides a short
description of each failure mode. The components that are susceptible to a failure mode are
reported in the third column.

Failure mode Description Applies to

External leakage Leakage from the external
boundary of a component

Walls, HX shell,
pipes, valves,
sensors

External rupture Rupture of the external
boundary of a component

Walls, HX shell,
pipes, valves

Internal leakage Leakage from the internal
boundary of a component

Valves

Internal rupture Leakage of the internal
boundary of a component

Valves

Plugging Reduction of the available
flow cross section up to
complete obstruction

Pipes

Fail to operate Unable to fulfill the
expected function

Sensors

Improper reading Wrong output from a
measurement

Sensors

Fail to start Component fails to start
from an off state

Pumps, heaters

Fail to run, given start Component fails to keep
functioning following a
successful start

Pumps

Fail to remain in position Component fails to stay in
the original position

Process valves
and safety valves

Spurious thaw Melting of the frozen plug
of the freeze valve

Freeze valve
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Table 2.3 Severity criteria in case of failure for economics and plant operations, workers and
population, and environment.

Severity
category

Economic/Plant
consequences

Harmful effects
(workers and
population)

Harmful effect
(environment)

1 Monetary loss
exceeding $10M

Death, permanent total
disability

Irreversible significant
environmental impact

2 Monetary loss between
$1M and $10M

Permanent
partial disability,
hospitalization of at
least 3 personnel

Reversible significant
environmental impact

3 Monetary loss between
$100k and $1M

Injury resulting in one
or more lost day(s)

Reversible moderate
environmental impact

4 Monetary loss less than
$100k

Injury resulting not
resulting in a lost day

Minimal environmental
impact

low risk. The small number of failures in the serious and severe region is due to
the reactor status considered. If the reactor had been considered under accidental
scenarios, the risk would have been higher because of the more severe consequences
and the component failure probability on demand. The reliability of this first design
is confirmed by the first and the second row of the table: none of the failure falls in
the A probability category, and just four failures fall in B. Instead, five failures lead
to the worst consequences. Those failures are first wall and tank wall rupture, main
pipes plugging and heat exchanger shell rupture. The consequences resulting in first
wall or tank wall rupture can be mitigated to a certain extent only. In fact, while
consequences to the workers and environment can be limited by additional safety
barrier, the economic damage is severe. The expected cost of these two components
is approximately $100M and $260M respectively [24]. Particular attention should be
paid to the design of the heat exchanger and the choice of the secondary fluid. FLiBe
low pressure is a desirable safety feature, but it leads to strong pressure difference
in the heat exchanger. The heat exchanger tubes may experience strong mechanical
stresses, and internal leakage is likely if the tubes loss their structural integrity. The
secondary fluid would create a strong overpressure in the primary system, until the
rupture disk in the expansion volume breaks. Another component that deserves
special attention is the freeze valve, which has an interesting safety feature thanks to
its passive mechanism. However, its fail-safe feature could lead to unexpected reactor
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Table 2.4 Risk matrix resulting from the FMEA. Green: low risk; Yellow: medium risk;
Orange: severe risk; Red: high risk.

Pr
ob

ab
ili

ty

Severity

1 2 3 4

A 0 0 0 0
B 0 1 3 0
C 0 2 8 9
D 1 0 3 5
E 4 6 11 2

shutdown due to spurious thawing. Freeze valves present indeed a quite high failure
rate that could negatively affect reactor availability [54]. Since the consequences of
a drain tank safety valve failure are much less severe than those of a MSR (where
the molten salt must be discharged to avoid super criticality), two standard safety
valves in parallel can be envisioned to replace the freeze valve, resulting in a lower
failure rate (7 ·10−6 h−1 for the freeze valve vs 2.5 ·10−5 h−1 for the standard safety
valves). Finally, sensors failures populate the low-risk area. A minimum redundancy
of two has been assumed in the initial design. This makes the severity of a sensor
failure quite low, because at least another sensor is expected to provide the required
information. A possible criticality may arise from the improper reading of a sensor.
If only two sensors are present, the erroneous reading is not filtered. This suggests
the implementation of a voting logic with at least 3 sensors for the most important
readings.

The initiating events triggered by a FLiBe loop component failure are identified
from the FMEA. Also, IEs frequency is estimated based on the single components
failure. This is an important point to be stressed. The FMEA considers single
failures only. Therefore, IEs that arise from the failure of two or more components
are overlooked. Even though the simultaneous failure of two components is usually
less likely than the failure of a single component, a common cause failure could
make those two probabilities comparable [55]. Hence, the IEs frequency obtained by
the FMEA should be considered as not conservative. Table 2.5 summarizes the IEs
annual frequency.

VV LOCA, tank LOCA and FLiBe loop LOCA annual frequency are quite
low. The VV LOCA includes both VV leakage and rupture. In fact, even a small
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Table 2.5 Postulated initiating events and frequency of occurrence according to the results
from the FMEA.

IE category Faults resulting in IE Frequency (y−1)

VV LOCA First wall - Internal leakage 1.68 ·10−5

First wall - Internal rupture

Tank LOCA Tank - External rupture 1.96 ·10−6

FLiBe loop LOCA Pressurizer - External rupture 9.83 ·10−3

Temperature safety relief valve - External rupture
Pipes (from blanket to TES) - Rupture
Pipes (from TES to blanket) - Rupture
Blanket inlet valve (MOV) - External rupture
Blanket outlet valve (MOV) - External rupture
Heat exchanger - Tube rupture
HX inlet valve (MOV) - External rupture
HX outlet valve (MOV) - External rupture

Small LOCA Freeze valve - Spurious Thaw 2.76 ·10−1

Pressurizer - External leakage
Temperature safety relief valve - External leakage
Blanket inlet valve (MOV) - External leakage
Blanket outlet valve (MOV) - External leakage
HX inlet valve (MOV) - External leakage
HX outlet valve (MOV) - External leakage

LOFA Pipes (from blanket to TES) - Plugging 2.72 ·10−1

Pipes (from TES to blanket) - Plugging
Blanket inlet valve (MOV) - Plugging
Blanket outlet valve (MOV) - Plugging
Pump (motor driven) - Fail to run, given start
Heat exchanger - Plugging
HX inlet valve (MOV) - Plugging
HX outlet valve (MOV) - Plugging
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leakage of FLiBe in the vacuum chamber could trigger a disruption, leading to
severe consequences. Instead, the tank external leakage is not considered for tank
LOCA. The “small LOCA” frequency and LOFA frequency are quite high. However,
considering a small LOCA as IE is an arbitrary decision: on one hand, a small
LOCA could hardly start a chain of events resulting in reactor damage and external
radioactivity release; on the other hand, it may be considered an internal radioactivity
release. The events evolution will depend in large measure by the PCS and multiple
barriers design. The situation is different for LOFA. An expected LOFA in 5 years
arises concern. The contribution to LOFA frequency of occurrence comes almost
entirely from the pump failure. The second highest contribution derives from heat
exchanger tubes plugging. The installation of a redundant pump and the possibility
to divert the flow to a different heat exchanger reduces LOFA frequency by more
than two order of magnitudes. Note that VV leakage and rupture could fall also in the
LOVA (Loss of Vacuum Accident) category, but LOVA are outside the scope of the
present analysis. These results set the bases for further, more detailed safety analyses.
The postulated IEs frequency is comparable to that of other fusion blanket systems.
However, the commonly used databases report components failure rates derived from
operations in industrial or nuclear power plant environments. Specific assessment of
components behaviour in fusion relevant environment should be carried out in the
near future.

2.4 Development of a thermal-hydraulics model of the
PCS

The thermal-hydraulics model of ARC PCS has been developed in Modelica, which
is an object-oriented programming language. Object-oriented modeling (OOM) is a
well-suited approach for modeling the dynamics of complex systems and
performing safety analysis. Notably, several system-level codes used for nuclear
safety assessment are based on OOM, including RELAP-7 [56] and MELCOR [57].
The modularity and scalability features of OOM are particularly advantageous for
conceptual designs, as once the basic objects are defined, multiple instances of these
objects can be connected to build complex systems. Design parameters can be easily
modified to perform parametric analyses, providing a wide coverage of the system
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design space. Furthermore, objects can be easily manipulated from external routines,
making the system a black box that can be integrated into broader models.

Relevant applications of OOM for safety analysis can be found in the work from
Destino et al. [58] and Zio et al. [59]. Destino et al. employed a dynamic model
of the superconducting magnet cryogenic cooling circuit of ITER to simulate many
accidental scenarios involving the magnets under different operating conditions. Zio
et al. exploited a 0-D thermal-hydraulics and neutronics model of the LBE-XADS
[60] to carry out dynamic reliability analysis. In both cases, the authors exploited
artificial intelligence algorithms to post-process the huge amount of data obtained.

The object-oriented model of the PCS presented in this section represents a first
step towards a detailed safety assessment. The model is then embedded in a
probabilistic framework by coupling it with a Monte Carlo routine for sampling
component failures (Section 2.5). Such an approach allows for the explicit
consideration of time-dependent interactions between physical phenomena, control
logic, and component failures, and avoids analyst bias in defining the accident (or
transient) sequences. Furthermore, the order, timing, and magnitude of multiple
failures are considered, which is fundamental for assessing the evolution of
transients and associated risks, as noted by Siu [61] and Aldemir et al. [62].
Accidental scenarios are not chosen based on expert judgment but arise naturally
from the failure probability of components (or subsystems), making no a priori
distinction between expected transients, minor accidents, and major accidents.
Post-processing of the results determines whether a transient ends in a system failure
or safe state.

The number of possible scenarios to be simulated may become extremely large
when many components, failure times, and failure modes are considered [63],
requiring a trade-off between model accuracy and computational cost. The goals of
the present model can be summarized as follows:

• Low computational cost to explore a wide range of possible transients, to
compare different design options, and to find system criticalities;

• Easy integrability with external routines for future applications in an integrated
deterministic and probabilistic safety assessment [17];

• Efficient post-processing to handle the huge number of results.
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Since no experimental results are available for model validation, a verification
against an analytical model and a benchmark against available results from detailed
component-level simulations are carried out.

2.4.1 PCS layout

A brief description of the PCS based on Kuang et al. [3] and Ferrero et al. [27]
works is provided here for readers’ convenience. Cold FLiBe (∼ 800 K) from the
heat exchangers is pumped by molten salt pumps in the LIB tank, VV channels and
divertor channels. The VV channel outlet is located in the LIB tank itslef, meaning
that FLiBe flowing through the VV channels is discharged in the tank. Similarly to
the VV channels, divertor channels are fed with cold FLiBe from the HX, and their
outlet is located in the tank itself. A separated coolant pipeline supplies cold FLibe
to the LIB tank from the HX [3]. All the pipes exit from the top of the LIB tank
[3]. A layout of the LIB is shown in Figure 2.1. The PCS includes also components
that belong to the fuel cycle (e.g., a tritium extraction system placed downstream
of the LIB and upstream of the HX (Chapter 3), but those are not included in the
thermal-hydraulics because they don’t fulfil any heat transfer functions. Therefore,
the FLiBe exiting the LIB is assumed to directly flow to the HX.

The conceptual layout of the PCS implemented in the OpenModelica Connection
Editor [64] is shown in Figure 2.1.

The following simplifying assumptions have been made:

• 1) The divertors are not modeled due to lack of design specifications;

• 2) The VV sector and the LIB tank are connected in series;

• 3) The FLiBe pumps are placed between the VV sector and the LIB tank. The
location of the pumps has not been identified yet but placing them inside the
blanket tank seems extremely unlikely due to the engineering complexity of
such solution.

Assumption 1) is dictated by the absence of a preliminary design of the divertor
cooling system. While other PCS components have been designed specifically
for this model (e.g., molten salt pumps and HX), divertor designs affect reactor
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Fig. 2.1 Primary cooling system model. The main components depicted are the VV section,
the molten salt pumps (only one shown), the blanket tank, the heat exchangers (only one
shown). An enthalpy sensor at the heat exchanger outlet is connected to the electric heaters
controller in the VV section. The VV section and the blanket tank are thermally connected
to take into account conduction from the outer VV structural material to tank wall. A ramp is
used to simulate pump failures. Internal power generation from neutron heating is accounted
in the tank. A constant mass flow rate component sets He flow in the heat exchanger. The
sink pressure components provide a reference pressure for both FLiBe and He flows.
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Fig. 2.2 Layout of ARC cooling system. Flow directions in VV channels and LIB tank are
depicted. FLiBe enters the VV channels from external pipes that pass through the LIB tank.
The VV channels end in the tank itself. Reproduced from [1].

operations from many different perspectives (e.g., magnets location and magnetic
configuration, particle exhaust, etc.) that their design can be approached in an
integrated way only. This is clearly beyond the scope of this work. Assumption
2) is needed to simplify the fluid dynamics in the LIB. Ferreto et al. [27] showed
that the peculiar layout of the LIB tank (i.e., the VV channels are fed by dedicated
pipes, while the channels outlet discharges directly inside the tank, as shown in
Figure 2.2) lead to a complex flow path that cannot be captured by a system-level
model. Comparison of key figures of merit (Section 2.4.3) demonstrates that this
approach preserves the essential fluid dynamics and the heat transfer features in the
LIB, yet exploiting a much simpler and fast model. Assumption 3) provides a strong
numerical stabilization of the model without affecting the results.

Besides these assumptions, additional components appear in Figure 2.1. A
pressure sink is used to set the pressure in the closed circuit. An actuator sets the
pump rotational speed. A sensor measures the enthalpy at the HX outlet. A mass
flow rate source and another pressure sink are used to model the secondary coolant
flowing in the heat exchanger. Section 2.4.2 provides a detailed description of the
model components and their governing equations.
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Fig. 2.3 Poloidal cross section of an ARC-class tokamak. The main layers are depicted. A
thin tungsten FW protects the VV structural material. The VV is placed inside the LIB tank.
An outer shield surround the outer tank walls. Reproduced from [2]

2.4.2 Model description

Basic models for channels, pumps and walls were imported from the ThermoPower
library, which has been extensively validated [65, 66]. The VV sector and the HX
control system models were built taking advantage of the standard components
from ThermoPower. The LIB tank was modeled as a 0D component. FLiBe was
modeled by exploiting a user-defined medium with temperature dependent properties.
Table 2.6 shows the structural and functional materials of ARC VV and LIB, and
the corresponding thickness [3]. Figure 2.3 shows the poloidal cross section of an
ARC-class tokamak and depicts the main components.

The model utilizes the finite volumes method to discretize flow components, such
as channels, as well as the structural and functional materials of the VV, HX and
LIB tank. The discretization of these components is applied along the axial direction
by 10 nodes. Taking advantage of the axial symmetry of the reactor, the model
considers a slice of ARC blanket as representative of the conditions of the entire
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Component Material Thickness [mm]

FW Tungsten 1
Inner structural material (VV) Inconel-718 10
Coolant FLiBe 20
Neutron Multiplier Beryllium 10
Outer structural material (tank wall) Inconel-718 30

Table 2.6 Structural and functional materials of the VV and the LIB.

blanket. This slice encompasses all components located along the radial direction
(FW, VV structural layers, VV channel, Be multiplier, and LIB tank), while it has a
thickness of 2 cm in the rectified toroidal direction. In other words, the slice accounts
for a single VV channel (Dch = 2cm) and all the components that are intersected by
the projection of the channel along the radial direction.

Each flow component solves mass, momentum, and energy equation:

dm
dt

= ṁin − ṁout (2.1)

L
A

dṁ
dt

+(pout − pin)+∆pst +∆p f rict = 0 (2.2)

Alρi
dhi

dt
+ ṁi(hi+1 −hi) = Q̇tot,i (2.3)

where m is the fluid mass in the component, ṁ is the average mass flow rate, ṁin is
the mass flow rate entering the component, and ṁout is the mass flow rate exiting the
component. A is the channel/tube cross sectional area, L is the total channel/tube
length, p is the fluid pressure, ∆pstatic are the static pressure drops, and ∆p f rict are
the frictional pressure drops. The energy equation is solved in each control volume.
Subscript i refers to the i-th volume, l = L

Nnodes
, h is the fluid enthalpy, ρ is the fluid

density, Q̇tot is the sum of convective and conductive heat flux, and power generation
inside the i-th volume of the component.
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Molten salt pump

The molten salt pump is described by a quadratic characteristic curve. The
characteristic curve is derived from [67] and scaled down to meet ARC
requirements. The pump rotational speed is provided as external input to simulate
different transients involving pump failure. Since the FLiBe mass flow rate flowing
in the blanket slice is much lower than the total FLiBe mass flow rate, the working
point has been shifted to the slice mass flow rate. That is, if the pump provides a
pressure head Hnom at ṁnom =

ṁFlibe,tot
npumps

, the pump in the TH model provides the same
pressure head Hnom at ṁnom = ṁFlibe,slice.

LIB tank

The complex geometry of the blanket makes it difficult to model the tank as a 1-D
component. Large eddies are present in the central area of the tank, while small
recirculation zones are found near sharp corners [27]. Therefore, FLiBe tank was
modeled as a lumped component. A convective and conductive heat flux is exchanged
with the outer wall of the VV. Radiative heat transfer is neglected due to the negligible
contribution it gives at such high operating temperatures [68]. The volumetric power
generation for FLiBe and blanket materials was obtained from OpenMC [69] 2-D
neutronic simulations of ARC [25]. The volumetric power generation within the
tank slice is q̇vol = 1.4MW/m3 (adapted from Segantin et al. [25]), for a total power
generation in the slice Q̇vol = q̇volVtank,slice = 210kW, being the tank slice volume
0.15m3. This term considers also the exothermic reactions that take place in the
blanket.

The heat transfer coefficient (γ) between FLiBe, which is flowing in the tank,
and the outer VV wall is set to γ = 1000Wm−2 K−1 under steady-state conditions,
according to the findings of Ferrero et al. [27]. However, questions arise on the
validity of a constant heat transfer coefficient during transients. Accidents such as
pump failure can reduce the total coolant mass flow rate and, consequently, the
convective heat transfer between the tank wall and the FLiBe inside the tank.
Therefore, a parametric analysis was carried out to quantify the variation of the
structural materials temperature for a wide range of γ . Results are shown in Figure
2.4, where no significant variations of the materials temperature is recorded, except
for the outer VV wall. Moreover, the convective heat flux in the tank slice
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(Q′′ = 9.2kW for γ = 1000Wm−2 K−1) is considerably lower than the power
generation inside the tank. Thus, for the nominal coolant mass flow rate, Q′′ ≪ Qvol.
In case of a lower mass flow rate caused by pump failure,
γpump failure < 1000Wm−2 K−1, and Q′′ ≪ Qvol holds true. Assuming a constant
heat transfer coefficient leads to an overestimation of Q′′, which is negligible in
terms of FLiBe temperature. Nonetheless, this assumption can slightly
underestimate the blanket material temperature. Notably, the VV structural material
(Structural inner) always experiences higher temperatures than the blanket structural
material (Structural outer), and potential failures are therefore driven by the inner
structural layer. Thus, the assumption of a constant heat transfer coefficient in the
tank does not have a significant impact on the present analysis.

From a hydraulic standpoint, the VV channel and the tank can be regarded as two
parallel flow paths. The problem of calculating the pressure drop in such a complex
geometry is shifted to the pressure drop calculation in the VV channel. Section
2.4.3 demonstrates that the results from the blanket slice are consistent with the CFD
analysis results despite the strong modeling assumptions applied to the tank.

VV sector

The VV sector includes the tungsten FW, the inner and outer Inconel 718 structural
layer, the beryllium neutron multiplier and the FLiBe channel (Figure 2.5 and
Figure 2.6). Solid materials were modeled with the MetalWallFV component from
ThermoPower library. An internal power generation was added to the original
definition of the component to properly account for the neutrons power deposition.
The power deposition in VV materials was derived from Segantin et al. [25] as
described in Section 2.4.2. The temperature drop along the radial direction is
computed using the thermal resistance method:

q′′ =U(Tbound −Tvol) (2.4)

where U is the global heat transfer coefficient, which simply reduces to U =

R−1
th = (s/kth) for a plane wall, where s is the wall thickness and kth is the thermal

conductivity . The time-dependent energy balance equation is also solved in each
solid volume. The channel takes advantage of the Flow1DFV component, which
was extended to account for internal power generation and heat transfer with two
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Fig. 2.4 Temperature of VV and blanket materials as a function of the convective heat transfer
coefficient (γ) between tank wall and FLiBe inside the tank. First wall, inner structural
material and beryllium are almost unaffected by variations of γ .
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Fig. 2.5 Simplified representation of a VV channel. A constant heat flux is applied to the
FW. Internal power generation due to neutron interactions is considered in all the materials.
Electric heaters can provide additional power on demand (note that the heaters will be likely
placed upstream of the VV channel, before the pipes enter the LIB tank). Purple: FW; Grey:
Structural material; Blue: FLiBe; Green: Beryllium.

adjacent components (e.g., inner Inconel 718 layer and Be multiplier). The heat
transfer coefficient and friction factor are computed according to the Dittus-Boelter
correlation [70] and the Colebrook correlation [71], which are valid for nominal
operating conditions (Re ≈ 104, Pr ≈ 25, L/D = 350) [72]. The lowest Reynolds
number in the channel occurred for pump failure at 33% of nominal rotational speed,
with Re = Remin = 2.9 ·103. As such, the Colebrook correlation remained valid for
the entire range of transients analyzed, whereas the Dittus-Boelter correlation was
valid only for Re > 104. For transients leading to lower Re, the Gnielinski correlation
is used, which is valid for 3000 < Re < 5 ·106 [73].

Electric heaters

The electric heaters (Figure 2.6) provide an additional power input to the FLiBe
flowing inside the channels. Heaters power has been calibrated on steady-state
operations. The total power delivered by the heaters is 100 kW, which allows to heat
FLiBe in a smooth transient if its temperature drops below a critical value, set at
775 K (freezing temperature for FLiBe is 732 K).
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Fig. 2.6 VV sector Modelica model. Starting from the top, a constant heat flux is applied
to the first wall. The first wall is connected to the inner structural material through a heat
transfer port. The VV channel exchanges heat with both the inner structural material and
the beryllium layer. Two flow ports connect the channel input and output with the loop
components. Electric heaters are connected to the channel to provide additional power on
demand. The beryllium layer is connected to the outer structural material that exchanges
heat with the FLiBe tank. Internal power generation is considered in all the components
shown in the figure. Note that both red and orange lines refer to heat transfer connections.
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Heat Exchanger

The heat exchanger was modeled using the HE component. The heat exchanger
is a shell and tube type with helium flowing outside the tubes and FLiBe flowing
inside the tubes. The nominal He mass flow rate is ṁHe = 60.18kg/s according
to the Brayton cycle configuration proposed by Segantin et al. [29]. The FLiBe
mass flow rate entering the HX is ṁFlibe,HX =

ṁFlibe,tot
nHX

, where nHX is the number of
heat exchangers, with the thermodynamic state determined by the outlet conditions
from FLiBe tank. A PI controller regulates the helium mass flow rate to keep the
FLiBe outlet temperature as close as possible to the nominal value. Controller gain
(kgain = 10−4) and time constant of the integrator block (tint = 5s) were calibrated
around steady-state operations.

The HX model is shown in Figure 2.7 with the corresponding control logic
system and secondary coolant circuit (components related to the secondary cooling
circuit are represented in gray in the figure). The control logic of the HX is quite
straightforward, but complications arise when implementing "artificial" logic to
simulate controller failures. A PI controller receives the measurement from an
enthalpy sensor at the FLiBe outlet of the HX. The PI controller is connected to a
switch that is triggered in case of failure. Otherwise, the signal from the controller
is received by the SourceMassFlow of the secondary coolant, which regulates the
secondary coolant mass flow rate. In nominal conditions, only these components
operate. A booleanStep triggers the switch when t = tPI,failure, where tPI,failure is the
PI failure time computed by an external Monte Carlo routine (see Section 2.5). Note
that tPI,failure =∞ if no failures are sampled, i.e. the PI controller operates as expected.
Once the switch is triggered by a PI controller failure a ramp modifies the controller
output according to the failure magnitude of the PI. The failure magnitudes ranges
between [0,2], so the secondary coolant mass flow rate ranges from zero to twice the
nominal value. The ramp has a 10s duration to allow a smooth transition between the
nominal value and the fault value, avoiding numerical errors. To enable this failure
mode additional "artificial" logic is required. A mass flow rate sensor measures
the secondary mass flow rate, and sends the output to a triggeredSampler. The
triggeredSampler is normally opened (i.e., it does not affect nominal operations),
but it is closed by the signal from the booleanStep when the PI controller fails. In
this way the ramp receives the secondary mass flow rate at t = tPI,failure.
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Fig. 2.7 Heat exchanger model, including the control logic and the additional components
required to trigger the PI controller failure. The primary coolant components are in blue,
secondary coolant components are in gray.
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2.4.3 Verification and benchmark

A verification of the model was performed to verify the correct implementation of
new components and new features in existing components. Most of the components
from Modelica Standard Library and ThermoPower have been validated. Therefore,
the verification was limited to the VV sector. An analytical case was considered.
FLiBe flow in the channel was simulated numerically and the results were compared
to the analytical solution. This procedure also allowed to check the validity of the
FLiBe Medium model. The 1-D energy balance equation for a fluid flowing in a
heated channel with internal power generation and constant wall temperature reads
as:

Aρcp
∂T
∂ t

= 2πRγ(T −Tbound)+ q̇volA− ṁcp
∂T
∂x

(2.5)

where A is the cross-sectional area of the channel, R is the channel radius, ρ and
cp are the density and the specific heat capacity at constant pressure of the fluid,
Tbound is the wall temperature and T is the fluid temperature. Axial conduction was
neglected. The analytical solution (T (t,x)) of the energy equation can be found by
computing the Laplace transform, solving for x and performing the inverse Laplace
transform:

T (t,x) =
Q′v
ṁcp

t − Q′v
ṁcp

H(t − x
v
) · (t − x

v
)+T0 (2.6)

where Q′ = q′′2πR+ q̇S, v is the fluid velocity, T0 the initial temperature, S is the
heat transfer surface, and H(t − x

v) is the Heaviside function. Figure 2.8 shows
the comparison between the analytical and the numerical solutions. The numerical
solution shows a knee instead of a sharp corner when the steady-state condition
is reached due to numerical diffusion. Apart from this small difference, the two
solutions agree.

Since results from more detailed blanket models have not yet been validated, the
comparison between the current model and the 2-D CFD models ([3, 27]) should be
considered as a benchmark rather than a validation. Nevertheless, the comparison
provides a consistency check, which is mandatory due to the strong modeling
assumptions that affect the blanket. The model predicts well the temperature variation
through the blanket (Figure 2.9). A short transient occurs for the inlet temperature
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during the first seconds of the simulation. The solver tries to match all the initialized
variables until a convergence is reached. Hence, it has no physical meaning and
can be neglected. After this transient, the inlet and outlet temperatures match those
computed by Kuang et al. [3].

The friction pressure drop was compared to the results from Ferrero et al.
(∆pbl,ref = 0.96 bar) [27]. Quantifying the pressure drop inside the tank is extremely
difficult due to the complex geometry and the presence of large eddies. However, if
the channel is considered as a parallel flow path, pressure drops in the channel equal
the pressure drops in the tank. Local pressure drops were also considered because of
the sharp turns of the VV. Four 90° turns (k90 = 0.7 [71]) and four 45° turns
(k45 = 0.4 [71]) contribute to the total pressure drop. The four sections of VV
channels were modeled with a 2L = 14 m long channel. The distributed pressure
drops are ∆pdist = 0.67 bar. Addition of the localized pressure drops results in a
total pressure drop in the blanket of ∆pbl = ∆pdist +∆ploc = 0.94 bar. The relative
error with respect to the pressure drop computed by Ferrero et al. [27] is ε∆p = 2%.
Therefore, the model can be considered consistent.

2.5 Integration of the thermal-hydraulics model
within a probabilistic framework

The model presented in Section 2.4 is purely deterministic. Accidental scenarios
or minor transients can be investigated by defining system conditions. The PIEs
identified in Section 2.3 can be used to set the boundary conditions of the simulation,
and a deterministic analysis can be carried out. This is the approach followed for
ITER [74] and DEMO [75] safety analysis.

A key issue of this approach is the domain coverage of accidental scenarios. The
focus of this section is therefore the integration of the deterministic model into a
probabilistic framework. Deterministic safety analysis is indeed a well established
approach, and deterministic thermal-hydraulics codes have been developed and
validated for this purpose. Integration of deterministic models in probabilistic
routines is instead much less investigated in literature. The key steps to develop an
integrated model are:
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Fig. 2.8 Comparison of FLiBe temperature at channel outlet computed analytically and by
the VV sector model.
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Fig. 2.9 Comparison between the blanket inlet and outlet FLiBe temperature computed by
Kuang et al. [3] and by the present model. A short transient occurs at the beginning of the
simulation before the solution converges at Tin = 800K and Tout = 900K.
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• Gather probabilistic (failure) data for system components. This has already
been done in Section 2.3;

• Develop a probabilistic routine embedding the deterministic model. This task
can be subdivided in:

– Develop a Monte Carlo (MC) routine to randomly sample failure times
and failure magnitudes of the components. This is called failure injection
engine in the remainder of this work;

– Develop a wrapper that interfaces the failure injection engine with the
TH model;

– Adapt the TH model in such a way that simulations can be automated by
the wrapper. The input deck of the TH model has to be accessible from
external routines (the wrapper).

• Identify and develop suitable tools for post-processing. The huge amount
of data retrieved by this approach cannot be processed in a classic way (i.e.,
by visual inspection of the analyst). Data mining techniques are required to
extract relevant information from the resulting database of simulations.

Readers familiar with deterministic TH codes (e.g., MELCOR) can appreciate the
enormous effort required to integrate such codes in a probabilistic framework, not
to mention the challenges related to build an automated pipeline. Issues related to
the integration of existing codes with probabilistic routines are discussed in Section
2.7, after the results from the integrated model are presented. The development of
an automated pipeline for safety analysis is instead discussed in Chapter 3, where
machine learning algorithms are introduced and the concept of pipeline is clarified.

2.5.1 Development of the failure injection engine

The failure injection engine is a MC routine specifically developed to sample failure
times and failure magnitudes. Component failure time can be randomly sampled
from the corresponding probability density function (PDF). The failure rate provided
by standard database (e.g., WASH-1400 and IAEA-TECDOC-478 [14, 50]) is a
constant (mean) value. An exponential PDF with constant failure rate is therefore
considered for the system components. The failure magnitude of the components is a
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less investigated parameter. Components are usually assumed to fail completely (i.e.,
a binary logic is used to describe component failures), such as in fault tree analysis
[76] or DBA analysis [32]. However, components can fail partially, and the failure
magnitude quantifies the loss of functionality of the component. For example, a
pump failing with a failure magnitude equal to 50% experiences a rotational speed
reduction by 50%. The failure magnitude can be a discrete or a continuous variable,
depending on the level of details seeked and the available data. Since quantitative
data is not available in literature, a discrete failure magnitude (e.g., 0%-33%-66%-
100%) is assumed for the system components. Failure magnitudes are assumed to
belong to a uniform distribution.

From a mathematical point of view, the failure time and the failure magnitude
are random variables defined by the corresponding PDF. Random variables can
be sampled by MC codes by means of the direct or indirect methods [77]. The
direct method can be applied straightforwardly when the cumulative density function
(CDF) of a given PDF can be inverted. Since failure times and failure magnitudes
are modeled by an exponential distribution or by a uniform distribution, the random
variables can be easily sampled.

The failure probability of a component with constant failure rate λ is:

f (t) = λe−λ t (2.7)

and the corresponding CDF is:

F(t) = 1− e−λ t (2.8)

the failure time t f ail can be sampled by taking advantage of a continuous random
variable ξ and inverting Eq. (2.8):

t f ail =− ln(1−ξ )

λ
(2.9)

where ξ is uniformly distributed. A similar approach can be used to sample the
failure magnitude m f ail by using a discrete random variable ξ ′:

m f ail = ξ
′ (2.10)
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Fig. 2.10 Python wrapper developed to handle preprocessing, post-processing and simulation
run.

where ξ ′ is sampled from a (discrete) uniform distribution with probability mass
function:

f (x) =
1
n

(2.11)

where n = 4 is the number of possible failure magnitudes that can be assigned to the
component failure (i.e., 0%-33%-66%-100%).

2.5.2 Python wrapper and preprocessing

The wrapper handles all the simulation runs. At the beginning of each simulation, the
failure times and the failure magnitudes are sampled by the failure injection engine.
Multiple failures are allowed to occur. These inputs must be passed to the TH input
deck in a suitable format. OpenModelica features a python API (OMPython) that
makes this process straightforward. A flowchart describing the operations performed
by the wrapper is shown in Figure 2.10.

Simulations start prior to the first failure that is sampled to allow the model
setting on a steady state before the first failure takes place. When a component fails,
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Table 2.7 Input variable modified by the wrapper. The transients that involve those variables
and the related components are reported as well.

Component Input variable Transient

Heat exchanger mHe(t) Secondary cycle failure
Heat exchanger Controller state Controller failure

Plasma q′′FW (t) Reactor shutdown or plasma transient
MS pumps npump(t) Pump failure

Electric heaters Pheater(t) Heater failure
Electric heaters Controller state Controller failure

the process variables associated to that component are modified in the TH model
according to the failure magnitude. The safety related quantities for each component
are reported in Table 2.7.

Variables of interest for the safety analysis (failure times, process variables,
materials temperature, controllers state, etc.) are tracked and saved at the end of
each simulation. A database of transients involving the PCS is built through this
procedure. Transients can end in a system safe state (i.e., no safety variables cross
the safety threshold) or in a system fault state (i.e., at least one safety variable crosses
the safety threshold). The identification of the end state is carried out during the
post-processing phase (Section 2.5.3).

2.5.3 Post-processing

The main goal of the post-processing task is to classify the transients according to
their end state and to extract salient features from the database.

A single simulation takes ∼ 1min to run on a standard computer (Intel® i-3®
CPU @ 3.2 GHz). A wide range of possible transients can therefore be explored in a
reasonable amount of time. Results from about 1400 simulations were collected and
post-processed to obtain a comprehensive view of system transients. First, the
transients were represented in a suitable space to perform a clustering procedure.
Choosing the failure times as basis seems natural. Each transient is therefore
identified by three variables: pump failure time, HX PI controller failure time and
heaters controller failure time. This choice of basis intrinsically provides the order
of component failures. This feature is quite advantageous because it does not require
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Table 2.8 Safety limits considered during post-processing. For structural and functional
materials, the safety limit has been taken equal to the melting point. For the inner and outer
structural materials (Inconel 718), the lowest value in the melting temperature range (1644K
- 1700K) has been used.

Variable Temperature limit Units Reference

TFW 3695 K 33
TStr,Inner 1644 K 34

TBe 1560 K 35
TStr,outer 1644 K 34

TFLiBe,boil 1703 K 36
TFLiBe,melt 732 K 36

more advanced techniques of machine learning to infer the failure order from other
variables (e.g., process variables) that are less correlated with the failure order.
Clustering was performed with a k-means algorithm. The number of clusters k was
chosen by inspection of the silhouette coefficient [78].

2.6 Results from the integrated deterministic and
probabilistic model

Thousands of transients were simulated thanks to the low computational cost of
the model. This section reports results from transients involving multiple failures
only. Single failure transients are not reported because of their low interest, being
extensively analysed in classic DSA.

Figure 2.11 shows the results from a single simulation. A pump failure occurs at
t = 150s, reducing the pump rotating speed by 66% of its nominal value. FLiBe mass
flow rate starts decreasing accordingly. The HX PI controller reduces the secondary
coolant velocity (i.e., mass flow rate) to avoid excessive cooling of FLiBe and its
consequent freezing. However, the regulation of ṁHe is too slow and the FLiBe
temperature drops below the setpoint temperature (Tsetpoint = 800K), triggering
the heater switch on. Heaters start delivering thermal power to FLiBe to raise its
temperature above the setpoint, and switch off once this task is accomplished. The
secondary coolant mass flow rate is still changing to match the new steady state
set by FLiBe flow reduction, but the HX PI controller fails at t = 200s. This stops
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the regulation of ṁHe, which sets on a constant value that is too low to balance the
power production in the blanket. The heat transfer coefficient in the HX on the
secondary side does not allow a to exhaust Pf us = 630MWth from FLiBe, which
starts increasing its temperature. The transient proceeds until the melting temperature
of the Inconel 718 is reached.

The transient presented in Figure 2.11 ends in a system fault state, and is classified
as hot failure. This scenario highlights a crucial feature of the integrated deterministic
and probabilistic approach. The fault end state is reached because of the failure of
multiple components. A single failure would have not led to a fault state. Figure 2.12
exemplifies this concept. The same transient is simulated, but only the pump failure
takes place. The evolution of the process variables is the same until the heaters are
switched off. The HX PI manages to regulate the secondary coolant mass flow rate.
FLiBe temperature at the HX outlet is kept at 800K by the HX PI controller, while
the blanket outlet temperature increases up to 1025K due to the reduced mass flow
rate. Structural and functional material temperature is kept below the safety limit,
therefore the transient ends in a safe state.

Despite visual inspection of the results from single simulation can be useful to
understand the system dynamics, such an approach cannot be used to process
thousands of simulations (i.e., to obtain a significant domain coverage). The results
from ∼ 1400 simulations were therefore gathered to build a database, and the
aggregated data were post-processed by a k-means algorithm. The number of cluster
k was chosen based on the minimum value of the silhouette coefficient, which is
show in Figure 2.13. The minimum is achieved for 10 clusters.

The variables that build up the basis of the space where the results are projected
were normalized prior to the clustering procedure. Figure 2.14 shows the clusters
obtained when projecting the transients in the space defined by the normalized
heaters failure time, normalized HX PI controller failure time, and normalized pump
failure time. The clustering procedure alone does not provide relevant insights.
Plotting the end states of the different clusters facilitates the interpretation of Figure
2.14, as depicted in Figure 2.15. The largest cluster, Cluster 1, comprises transient
events with multiple failures that occur in close proximity to one another (mean
failure time for the HX PI controller is 314s, for heaters is 268s, and for the pump is
66s). As the time interval ∆t between failures is relatively short in this cluster, the
end states are primarily dependent on the order of failures. If the heater controller
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Fig. 2.11 PCS transient involving pump failure at t = 150s and HX PI controller failure at
t = 200s. Relevant system variables are reported. Top left: FLiBe temperature at blanket inlet
and outlet. Setpoint temperature for the heater controller and FLiBe freezing temperature
are also shown. Top right: FLiBe and He mass flow rate in the heat exchanger. Bottom
left: heaters power delivered to FLiBe. Heaters are triggered when FLiBe temperature drops
below the setpoint to avoid FLiBe freezing. Bottom right: FW, VV, and blanket materials
temperature.
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Fig. 2.12 FLiBe loop transient involving pump failure at t = 150s. The HX PI controller does
not fail in this transient. Relevant system variables are reported.op left: FLiBe temperature
at blanket inlet and outlet. Setpoint temperature for the heater controller and FLiBe freezing
temperature are also shown. Top right: FLiBe and He mass flow rate in the heat exchanger.
Bottom left: heaters power delivered to FLiBe. Heaters are triggered when FLiBe enthalpy
drops below the setpoint to avoid FLiBe freezing. Bottom right: VV and blanket materials
temperature.
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fails prior to the pump and PI controller, the heaters are activated. Subsequently, if
the pump fails, followed by the HX controller, the heaters may produce sufficient
power to prevent the freezing of FLiBe. However, if the heaters turn off when they
are in use (e.g., after a pump failure), the end state will most likely be a cold failure.
Alternatively, if the heaters are activated following both pump and HX controller
failures, the scenario becomes comparable to the one depicted in Figure 2.11, with
additional power provided by the heaters. In this case, a hot failure will rapidly
ensue. Clusters 0, 2, 3, and 6 are characterized by the absence of failures. Cluster 0
contains a few points of little interest, whereas the remaining clusters provide useful
information. In Clusters 2, 3, and 6, the HX controller failures take place with a large
positive value of ∆t between other failures. If the HX controller has sufficient time
to regulate the helium mass flow rate subsequent to the pump and heater failures, a
new steady state will be reached, and the loss of regulation for the system will be
negligible. Conversely, if the HX controller fails with a large negative value of ∆t,
the regulation of helium mass flow rate will not be available, resulting in probable
failure. Indeed, none of the transients in Clusters 0, 2, 3, or 6 show this feature. The
other clusters consist of transients with intermediate conditions. The end state is
more quantitatively dependent on ∆t between different failures, and the end states in
these clusters are mixed.

2.7 Discussion

The previous section presented an application of the integrated deterministic and
probabilistic model to transients involving the PCS. The transient conditions were
randomly generated to limit any bias on the part of the analyst. The results suggest
several considerations. The first consideration relates to the model itself. Two
primary goals have been achieved: the model has low computational cost and
shows small errors when compared to detailed blanket models ([3, 27]). Blanket
models are referred to because the blanket is the most critical component from a
modeling perspective. Many other components belong to standard equipment in
the nuclear field and have already been modeled (e.g., in the ThermoPower library).
Modeling the VV as a 1-D component and the LIB tank as a 0-D component
required strong simplifying assumptions. Section 2.4.3 demonstrated that those
assumptions are acceptable from a thermal-hydraulics viewpoint. However, the
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Fig. 2.13 Silhouette coefficient for different number of clusters. The silhouette coefficient is
a cluster validity measure that allows to identify the optimal number of clusters to categorize
the data. In that case a minimum is found for 10 clusters.
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Fig. 2.14 Clusters for the transients represented on a suitable space. The failure times have
been normalized before the clustering procedure. Cluster 2, 3 and 6 are located on the right
area of the plot. Cluster 0 contains less than 10 elements located on the top of the plot.
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Fig. 2.15 Number of transients for each end state and cluster. Note that the total number of
transients belonging to a cluster is different among the clusters. Cluster 5 is lowly populated,
whereas cluster 1 shows the largest number of objects. Cluster 0, 2, 3, and 6 contain transients
ending in a safe state only.

model is not entirely self-consistent because the heat transfer coefficient in the
tank is provided as an external input based on component-level simulations. This
approach is valid as long as the flow regime matches that of the component-level
simulations, i.e., for an average FLiBe velocity above 0.5m/s. Under extreme
conditions, such as those that occur during severe accidents, these assumptions
may be invalidated. This is related to the second main point of the discussion.
The model has been developed to be as general as possible to investigate a wide
range of possible transients, which is a primary goal in the pre-conceptual design
stage. Severe accidents are a specific category of transients that require a specific
treatment. Validated codes (e.g., MELCOR) might be used for the analysis of severe
accidents in a mature stage of the design. For instance, a Loss of Flow Accident
(LOFA) simulation requires a detailed knowledge of the system layout to compute
the pressure drops for natural circulation analysis. This is clearly not possible at
this design stage. The model can be extended to properly describe LOFA, but the
primary goal remains the analysis of minor transients that are usually overlooked by
deterministic analysis.

In this regard, coupling the model with a pre-processing and a post-processing
routine becomes mandatory due to the large number of possible transients. The most
significant modeling effort relates to triggering a component failure in a Modelica
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model. For some components, this task is straightforward. Simulating a pump failure
means switching the rotational speed of the pump from the nominal value to a new
value given by the failure magnitude computed at the pre-processing stage. Instead,
simulating the HX controller failure is far more complex. Additional "fictitious"
control logic is required to simulate the proper behavior of the controller and to
avoid internal variable loops that cannot be solved by the solver. Nevertheless,
object-oriented modeling has proven to be extremely effective in handling these
situations.

The last point involves post-processing. A large amount of results does not
translate into useful information unless the data is correctly post-processed. Many
data mining techniques can be implemented to extract relevant information. The
end states were classified by comparison with safety limits, and the transients were
clustered using a k-means algorithm. The interpretation of the outcomes is somewhat
arbitrary. A different number of clusters would not have shown the features described
in Section 2.6. For instance, choosing nine clusters would likely have merged the
clusters 2 and 3, but the reasoning would have been the same. Instead, by using
four clusters, a clear distinction between "safe" and "faulty" clusters would not have
been possible. A similar reasoning applies to the choice of the space in which the
transients were represented.

The database built with the model and the workflow presented in this section
has been used to train more advanced ML algorithms. Chapter 3 deals with ML for
nuclear safety applications starting from the results of Chapter 2.



Chapter 3

Machine learning for nuclear safety
applications

Machine learning (ML) is revolutionizing most of the industrial fields. The potential
of ML algorithms in the nuclear industry is enormous, for both nominal operations
or accidental conditions. Yet, ML algorithms have found little room in nuclear
safety if compared to other safety-critical sectors, and ML can be considered quite a
novel topic in the nuclear field. As such, the goal of this Chapter is to investigate
possible ML applications with an end-to-end approach, i.e. from data collection (and
synthetic data production) to real-world applications. Since big data is missing
in the nuclear field, and real-world applications can only be simulated, strong
emphasis is put on the required workflow to successfully implement ML algorithms
for nuclear safety. ARC PCS is used as test bench. Quantitative results are obtained
to showcase the potentiality of ML algorithms. The scope is then broadened to
propose a pathway to foster ML development for nuclear safety, leveraging on the
more modern computational tools of nuclear fusion if compared to other sectors
(e.g., nuclear fission).

The Chapter is structured as follows: Section 3.1 provides an overview of the
main ML algorithms. Section 3.2 presents the main criticalities that are encountered
when implementing ML models in nuclear safety. Applications of these algorithms
and criticalities for autonomous driving, aeronautics, rotating machinery, energy
production and nuclear plants are reported in Appendix B. Despite these fields are
not strictly relevant for ARC-class tokamaks, Section 3.1, Section 3.2 and Appendix
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B may be prodromic to understand the discussion in Section 3.3 and the results of
Section 3.4. Appendix B presents also more in depth the main criticality of ML
for safety applications. It includes both high-level discussions on ML and safety,
and low-level discussions, more technical-related. Strategies and guidelines for
the correct implementation of ML algorithms in the nuclear fields are presented
in Section 3.3. Section 3.4 describes the implementation of ML algorithms for
ARC safety analysis, by leveraging on the integrated model developed in Chapter
2. Specifically, a logistic regression algorithm and a multi-layer perceptron (MLP)
is exploited to predict the end-state of TH transients in ARC PCS, whereas a deep
neural network (DNN) is built and used to predict the evolution of process variables
during the same transients. Section 3.5 summarizes the key points for a correct
implementation and use of ML algorithm in nuclear safety.

3.1 Overview of machine learning models

Machine Learning algorithms are rapidly spreading in many different domains, such
as computer vision [79, 80], automotive [81–83], finance [84, 85], and safety [86, 87].
The capability of ML algorithms to find patterns among data, execute tasks without
being specifically programmed to do so and predict future trends makes ML a field
with enormous potential. Among the numerous subareas of ML, Deep Learning (DL)
[88] and Reinforcement Learning (RL) [89] have gained momentum in the last years.
Deep learning allows to automate and merge tasks in a single model, overcoming
limitations that affected previous algorithms. Such a breakthrough in ML is evident
from the results from ImageNet competition (one of the most important competition
in computer vision) [90], where DL algorithms greatly outperformed classical ML
algorithms (e.g., shallow neural networks). Reinforcement learning breaks the ML
paradigm of training the algorithm with a fixed dataset, and exploits trial-by-error
interactions with the environment for training. Despite its novelty and complexity,
also RL has found application in the safety field [91, 92].

The huge potential of ML models arises from the capability of the algorithm
to learn to execute a task from data. A useful and widely accepted definition of
learning in this context can be found in [93]: “A computer program is said to learn
from experience E with respect to some class of tasks T and performance measure
P if its performance at tasks in T, as measured by P, improves with experience



3.1 Overview of machine learning models 53

E”. Hence, a ML model is developed to perform a task, it requires the definition
of a metric to quantify its performance and it gains experience from data. Two
broad categories of machine learning approaches can be identified: supervised and
unsupervised learning. RL may be considered a standalone category that does not fit
in the previous categories.

3.1.1 Supervised algorithms

Supervised and unsupervised learning differ in the training approach, which reflects
on the task that may be executed by the algorithm and, ultimately, on the application.
Supervised algorithms rely on a set of paired input data (X ,Y ). Here, X ∈ R(N,D) is
a set of N arrays xi each of dimension D, where D is the number of input features.
Y ∈R(N,C) is a set of N arrays yi each of dimension C, where C is the number of target
variables (i.e., the variables we want our model to output). The goal of the training
phase is to find the optimal parameters θ of a model h such that the performance
of the model, as measured by a user-defined loss function, are maximized for the
training dataset (X ,Y ). The model is then used to compute the target variables for
arrays x j not belonging to the training dataset. Common applications of supervised
algorithms are classification and regression.

A classification task requires the model to predict a target variable Y that is
qualitative, and C identifies the number of classes. The possible classes are given by
the user, and the goal of the algorithm is to assign the correct class label to each input.
For 2-classes problems the output may be binary (i.e., 0 or 1), whereas for multi-class
problems a score is assigned to each class and the class with the highest (or lowest)
score is output. The most common algorithms for classification tasks are logistic
regression [94, 95], support vector machine [96, 97], decision tree [98, 99], k-nearest
neighbour [100, 101], random forest [102] and deep neural networks [88, 103]. A
detailed treatment of ML models for classification can be found in [104]. A logistic
regression algorithm1 and a MLP are used in this Chapter to predict the end state of
ARC PCS failures.

A regression task requires the model to predict one or more target variables Y
that are quantitative. These may be, for instance, process variables as a function of

1Note that a logistic regression algorithm is not by itself a classifier. However, it can be exploited
as a classifier by choosing a proper cutoff value, and assigning a class to a sample based on the
probability of that sample to belong to a class. This is what is done in Section 3.4.1.
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time. The goal of the model is to estimate the value of Y for unseen input X that may
lie between training input values (interpolation) or outside the region defined by the
training set (extrapolation). The most common algorithms for regression tasks are
linear regression [105], support vector regression [106], gaussian process regression
[107] and deep neural networks [108]. A DNN is exploited in this Chapter to predict
the evolution of process variables during ARC PCS transients.

3.1.2 Unsupervised algorithms

Unsupervised algorithms work on a set of input data X, without any target variable Y.
Differently from supervised algorithms, unsupervised algorithms do not predict any
output variable Y. Their goal is instead to find correlations or patterns by exploring the
feature space defined by X. Common tasks for unsupervised learning are clustering
and anomaly detection.

A clustering task consists in finding clusters in the features space. The number
of clusters and the membership of any input to a specific cluster is not known a
priori. This makes clustering quite different from classification, where the true
labels of any input (during the training phase) are known. Most common algorithms
for clustering are K-means [109], hierarchical clustering methods [110], density-
based clustering [111], gaussian mixture models [112] and deep neural networks
coupled with clustering algorithms [113]. In-depth reviews of clustering methods
can be found in [114] and [115]. A K-means was indeed used to find cluster for the
transients analysed in Chapter 2.

Anomaly detection aims to find data, or patterns in data, that are somehow
deviating from the normal behaviour. A simple example of an individual anomaly
is a point in the feature space that lies far from high-density regions. Such a point
may be classified as anomalous with respect to the other data points. Commons
algorithms for anomaly detection are self-organizing maps [116], K-means [117],
and one-class support vector machine [118]. The reader can found a detailed review
of anomaly detection algorithms in [119]. Anomaly detection algorithms are not
exploited in this work because they are usually used when dealing with real-world
data (not synthetic data) from sensor measurements.
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3.1.3 Reinforcement learning

Reinforcement learning is based on the idea of letting the model (the agent) interact
with the environment. There is not a fixed training dataset as in supervised learning.
The agent and the environment start in a generic system state si, and the actions of
the agent may modify the system state to a new state s j. The training phase of the
agent is therefore an exploration of the environment within a feedback loop. The
performances of the agent are measured by a reward function, which is used by the
agent itself to find the optimal, or nearly optimal, set of actions (policy) to execute
the given tasks. These features make RL algorithms extremely flexible and suitable
for complex tasks.

3.2 Criticality and challenges in ML for nuclear safety
applications

Several issues must be tackled and overcome before ML algorithms can be introduced
in nuclear safety. Some of them are presented in this section, namely data availability,
domain shift, false positives/false negatives, and evaluation metric. A possible
pathway to solve these issues is then presented in Section 3.3. Additional topics that
are relevant for the discussion, but are not directly applicable to the case under study
(ARC PCS) are interpretability of ML models, lack of self-awareness, adversarial
error, and formal verification. These are discussed in Appendix B.

3.2.1 Data availability

Data availability is a mandatory requirement for ML, since ML algorithms are data-
driven tools. Lack of data may be attributed to the approach to the deterministic safety
analysis in the nuclear field. In fact, data from nuclear accidents is quite limited
(only three major accidents occurred in the last 50 years). Safety analysis mostly
relies on computer code simulations, and few cases are analysed in a DSA (i.e., DBA
and BDBA). Uncertainty quantification is performed by best-estimate codes, which
allow to quantify the uncertainty with a prescribed confidence, still minimizing
the amount of simulations needed. This approach is clearly highly effective for
the purpose of a DSA, but it is not suitable for data-driven methods. Furthermore,
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the domain coverage is strongly limited to the DBA and BDBA investigated. The
nuclear safety field is therefore characterized by small datasets, which are also
highly unbalanced. While a small dataset is a showstopper for ML algorithms,
unbalanced datasets are more subtle. An unbalanced dataset contains data belonging
to a small region of the domain of interest. Algorithms trained with these datasets
may show high accuracy, yet failing to fulfil their task when the input does not fall
within the highly populated region of the domain. This introduces the need for a
comprehensive domain coverage, which can be achieved by integrating deterministic
and probabilistic tools as described in Section 2.5. Domain coverage is also strictly
related to the domain shift issue.

3.2.2 Domain shift

A major assumption in ML is that the training data belongs to the same probability
distribution of operational data (i.e., the real-world data that the model will process
when deployed). For instance, the training dataset may contain data representing the
nominal flow regime of the reactor coolant. In accidental conditions the flow regime
may drastically change, transitioning from turbulent flow to natural circulation for a
Loss Of Flow Accident (LOFA). A model trained only with nominal condition data
would fail to provide the desired output during an accidental scenario.

Out-of-distribution data may appear even if care is taken in considering the
accidental scenario domain because accidents are rare events. The available data
may not be representative of the whole spectrum of possible accidental scenarios
that may occur. Using a ML model for a safety-relevant task during an accidental
scenario (e.g., predicting the plant end-state) may lead to incorrect predictions if the
accidental scenario differs from the ones used to train the model. Such a behaviour
may be experienced even if the training data and the operational data look similar, at
least superficially, as demonstrated [120]. The generalization capability (i.e., domain
shift robustness) of the model is therefore a leading issue for safety applications.

3.2.3 False positives and false negatives

Wrong predictions from ML algorithm are extremely critical in nuclear safety. Let’s
suppose to exploit a classificator to predict the end state of unanticipated transients,
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whose task is to identify the transients that would end in a fault state. A false positive
is the misclassification of a safe transient, which is labelled as accidental scenario.
The reactor might be shutdown as safety measure, leading to an economic losses
but no safety consequences. A false negative is much more dangerous, because
safety measures might not be undertaken even though the transient is an incipient
accidental scenario. ML algorithms for nuclear safety must therefore strongly
penalize misclassification by exploiting a suitable metric.

3.2.4 Evaluation metrics

Accuracy

The choice of the evaluation metric is crucial for a correct understanding and
evaluation of a ML model. The accuracy is the most common method to estimate
the performance of a classifier. Accuracy is defined as the ratio of correct
classifications to all the classifications. For a binary classifier it simply reads as:

Accuracy =
TP+TN

TP+TN+FP+FN
(3.1)

where TP is the amount of true positive, TN of true negative, FP of false positive,
and FN of false negative. For nuclear safety applications, the accuracy might not
be a suitable evaluation metric. Since accidents are rare events, we might expect
the available dataset to be strongly unbalanced on the "safe" side (i.e., most of the
cases in the dataset refer to nominal operations, or to unexpected transients that end
in a safe state). Let’s assume that 99 cases are safe, and the model is developed to
correctly identify (i.e., classify) accidental scenarios where the system ends in a fail
state. A classifier trained with this dataset would show a very high accuracy (close
to 100%), yet failing to correctly identify the cases of interest. Furthermore, the
accuracy is not threshold-invariant. A crucial choice when developing classifiers is
the threshold at which a sample is classified in a given class. For instance, one of
the feature of interest in nuclear safety might be the coolant temperature, and the
threshold for classifying a transient as safe can be set close to the boiling point of
the coolant. However, the choice of how close to the boiling point? is somehow
arbitrary, and this choice strongly affects the accuracy of the classifier. In this regard,
a threshold-invariant evaluation metric might be more suitable for safety applications.



58 Machine learning for nuclear safety applications

Receiver Operating Characteristic curve

The Area Under the Curve (AUC) of the Receiver Operating Characteristic (ROC)
can be a better evaluation metric than accuracy, though it can fail as well if applied
to the wrong problems [121]. The AUC of the ROC provides richer information than
the accuracy, and is indeed more suitable in decision making contexts [122]. An
ROC curve is shown in Figure 3.1. The ROC curve is drawn on a TPR (True Positive
Rate) vs FPR (False Positive Rate) plot, where TPR and FPR are defined as follows:

TPR =
TP

TP+FN
(3.2)

FPR =
FP

FP+TN
(3.3)

Maximizing the TPR means reducing the amount of positive samples classified
as FN. This is particular important when dealing with end state prediciton. Say
the fault end state is the positive class, then a FN is the most dangerous prediction
because the algorithm is considering the transient as a safe transient, while the real
end state would be fault. While the interpretation of the ROC, and of the AUC, is
more complex than the accuracy, the ROC AUC results in a more effective tool. A
random classifier would have a ROC curve as a 45° line between (0,0) and (1,1).
The ROC curve of a good classifier lies above the random classifier curve, meaning
that the probability of classifying a TP correctly is higher than the probability of
wrongly classify a TN as FP. Each point in the ROC identifies an operating point
of the classifier with a given threshold. Changing the threshold shifts the operating
point along the curve, and allows designers and analysts to set a suitable threshold for
their purposes. This introduces qualitatively the concept of cost of misclassification.
As explained previously, the misclassification of an incipient accidental scenario as a
safe transient can have tremendous consequences. Therefore, a classifier developed
to detect incipient accidental scenario should operate close to P(TP = 1), accepting
a larger number of false positives.
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Fig. 3.1 Receiver Operating Characteristic curve. The red dotted line is the ROC curve of a
random classifier (the probability of getting a TP or a FP is the same). The ROC curve of
a good classifier (Classifier A) and a worse classifier (Classifier B) are depicted. A perfect
classifier achieves a unitary TP rate for an FPR = 0 (green dot).

Precision-Recall curve

The Precision-Recall curve results in a better evaluation metric than the ROC AUC
for binary classification tasks when the dataset is imbalanced [123]. The recall (REC)
is defined as the TPR (previously defined), i.e.:

REC =
TP

TP+FN
(3.4)

while the precision (PREC) is defined as:

PREC =
TP

TP+FP
(3.5)

A high PREC means that the model can correctly identify TP still minimizing the
FP (i.e., false alarms). Both REC and PREC are independent of the total number of
TN, which is a desired feature for highly imbalanced dataset. Suppose to have 100
samples, with 99 samples being negative. A well-trained classifier would achieve
a REC = TPR ∼ 1. The ROC curve would provide a misleading information to
the analyst because FPR → 0 for TN≫FP. Such a result may lead to the wrong
conclusion that the model is correctly identifying TP without evident drawbacks (i.e.,
few FPs). Conversely, PREC is independent of TN, and as the FP increases PREC
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Fig. 3.2 Comparison between ROC curve and Precision-Recall curve for a strongly
imbalanced dataset (99% of the samples belonging to the same class). While the ROC
curve shows a good behaviour of the classifier, the Precision-Recall curve highlights the
extremely low precision of the model when REC increases.

→0 (i.e., while the classifier can correctly identify accidents, many safe scenarios
would be classified as accidents). Hence, both the metrics inform on the capability
of the classifier to correctly identify accidental scenarios, but the Precision-Recall
curve provides the additional information about the cost of a high performance in
identifying TP, i.e. the fraction of negative scenarios wrongly classified as TP. Figure
3.2 shows a comparison between the ROC curve and the Precision-Recall curve for
a strongly imbalanced dataset with 99% of the samples belonging to the same class.
The ROC curve depicts good capabilities of the model (the TPR reaches 1 at FPR ∼
0.3), but this happens at the expense of a very low precision.

3.3 A machine learning pipeline for nuclear safety
applications

Section 3.3 highlighted many criticalities of ML when applied to safety-critical fields.
A community effort is needed to overcome some of them in the nuclear (fusion) field,
especially those related to data availability and domain shift. The former is indeed
a mandatory requirement to exploit data driven models, while the latter can easily
jeopardize a ML model when deployed on a real system. The goal of this section is
to propose a framework to foster ML algorithms in nuclear safety. Section 3.4 can
be regarded as a small-scale application of the framework described hereunder.
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3.3.1 Solve data availability and domain coverage issues

Data can be retrieved from experimental setups, operating systems and plants, and
simulations (in which case we refer to as synthetic data). Experimental setups are
limited in number and are extremely case-specific, making their data extremely
useful to test ML algorithms on real-world systems, but providing a very narrow
domain coverage. Data from operating plants are clearly absent for FPP (while being
present to some extent for experimental tokamaks) and limited for NPP. Synthetic
data looks as the most promising option for short-term development of ML algorithm
for nuclear safety.

Synthetic data for nuclear safety can be produced by deterministic codes that
have been extensively validated (e.g. MELCOR, RELAP, TRACE). However, these
codes usually lacks features that are crucial for integration with ML algorithms,
specifically:

• Simple pre-processing. Huge amount of data can be produced only if
simulations are automated, requiring simple pre-processing of the input files;

• Low computational cost. Even if simulations are automated, the computational
cost must be kept low, otherwise databases cannot be built in reasonably short
times;

• Simple post-processing. Results post-processing is fundamental to prepare
suitable input files for the ML algorithms.

• Code flexibility (whenever the source code is available). Integration of these
codes with probabilistic routines and ML algorithms might require low-level
modifications.

Besides the computational cost, the open source model usually overcomes all
these limitations. Open source codes benefit from active engagement of the
community, are continuously improved and maintained, and put more emphasis on
transparency, documentation and user experience. Pre-processing and
post-processing are much more efficient and integrated with modern computational
tools. The code is flexible because it is exploited by a broad community where users
might have different needs. Therefore, open source codes presents many advantage
over closed-group codes.
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Fig. 3.3 Flowchart showing the collaborative research approach. Each user contributes to a
shared database, which solves both the lack of data and the domain coverage issue. Users
can also use different codes, provided they output coherent results with the other codes.

In this framework, open source is a subsection of a broader topic: collaborative
research. Collaborative research allows to multiply the computational resources by
increasing the number of users. Furthermore, each user exploits the codes for their
purposes, increasing the domain coverage of the data (Figure 3.3). Nevertheless,
such an approach requires a coherent and uniform framework to work.

3.3.2 A common framework to build database for nuclear safety
applications

A critical step in Figure 3.3 is appending results to the same database from different
user. This clearly requires rules and good practices, i.e. a common, formal framework.
The FAIR (Findability, Accessibility, Interoperability, and Reusability) guiding
principles have been formalized to allow stakeholders (universities, researchers,
privates, industries) to share and reuse, in an effective way, data, algorithms and
tools. This approach has been successfully exploited in other fields (e.g., computer
vision), increasing the available data for data-driven models. These principles have
been followed (when possible) for the development of the ML models in this work.
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Fig. 3.4 A simple workflow to integrate ML algorithms in nuclear safety analysis. Coupling
a probabilistic routine with a deterministic code increases the domain coverage. Once the
database is built, a ML pipeline exploits the huge amount of data to train ML models.

Figure 3.4 shows a possible workflow for the integration of ML algorithms in
nuclear safety analysis. The automated simulator has been already introduced and
tested in Chapter 2, and the dataset built with the simulator is exploited to train the
models presented in this Chapter. The ML pipeline is the main topic of Section 3.4.

3.4 Applications of machine learning algorithms to
ARC PCS

This section showcases two different applications of ML for ARC safety assessment,
one involving a classification task, the other involving a regression task.

A logistic regression model is developed and used to predict the end state of
the PCS transients. Prediction of the end state requires a binary classifier (i.e., the
end state can be safe or fault), which is trained on the dataset for the PCS transients
(Chapter 2). Logistic regression exploits a linear decision boundary, which is shown
to perform well, yet not achieving satisfactory performances for this application. A
fully connected (FC) neural network (NN) is therefore developed to take advantage
of the non-linear decision boundary to separate fault end states from safe end state.
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A long short-term memory (LSTM) model is instead developed to predict the
evolution of process variables from synthetic measurements in the PCS [124].
Synthetic measurements are here intended as signals from the sensors that were
placed in the thermal-hydraulic model (Section 2.4). The LSTM is chosen among
the possible algorithms for its capability to retain temporal information when
dealing with time series (note that the process variables evolution is just time series
from a data analysis standpoint), which is crucial for this kind of application.

3.4.1 Prediction of the end states of the PCS

The dataset contains 1435 samples, which were divided according to the 70/30 ratio
in a training and in a test set. 1120 (78%) end states are safe, while the remaining
(22%) are fault end states. The dataset can be considered slightly imbalanced. Hence,
the advantages of the ROC AUC over the accuracy are shown first. Then, results
using the recall as metric are presented and compared to the ROC AUC. A k-fold
cross-validation was exploited during the training phase with k = 10. Grid search was
used to find the optimal hyperparameters of the MLP, and the best model was used
in the test phase. The Scikit-learn Python library was chosen for this application
[125].

Each sample has 3 features, namely the pump failure time, PI controller failure
time, and heater controller failure time. The features are scaled to have zero mean
and unit variance. The coolant temperature is used to classify the end state according
to the procedure described in Chapter 2. Cold failures and hot failure are both
considered as a single class (i.e., a fault end state). Near misses are considered within
the safe state class. In this way the problem is reduced to a binary classification
problem, which eases the interpretation of the results.

Figure 3.5 shows the ROC for two logistic regression models (here called Logit
1 and Logit 2 for simplicity) using different scoring metrics (i.e., Logit 1 is trained
using accuracy as scoring metrics, while Logit 2 is trained using the ROC AUC as
scoring metrics). Since the goal of this algorithm is the prediction of the end states,
the algorithm must be trained to detect as most TP possible (where a TP in this
case is a fault end state correctly predicted), and minimizing FN (a fault end state
wrongly predicted as safe end state), which means maximizing the TPR at expenses
of a higher FPR. Figure 3.5 clarifies the concepts discussed in Section 3.2.4, i.e. the
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better performance of the ROC AUC with respect to the accuracy. Logit 1 shows
a higher accuracy on the test set (µ = 0.86 and σ =±0.04) but Logit 2 (accuracy
µ = 0.84 and σ = ±0.04) is more suited for this task. Using the AUC as scoring
metric allows to drastically reduce the FN, at expenses of a lower accuracy in TN
detection (compare the two confusion matrices in Figure 3.6a and Figure 3.6b for
the same detection threshold of 0.47). Furthermore, ROC curves can be exploited
to select the suitable threshold, which in this case can be set at 0.18 to avoid TP
to be classified as FN (compare the TPR for a threshold of 0.47 and a threshold
of 0.18 in Figure 3.5). From a practical standpoint this means accepting a slightly
larger number of false alarms to minimize the probability that incipient accidents get
undetected.
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Fig. 3.5 ROC for two logistic regression algorithms using different scoring metrics. Results
refer to the test set. The blue curve shows the ROC of the Logit trained to maximize
the accuracy, whereas the orange curve shows the Logit trained to maximize the AUC.
Maximizing the AUC leads to an algorithm that identifies better TP (incipient accidents),
which is the goal of such an algorithm applied to prediction of end states. Each point on the
curves are associated to a classification threshold. Two thresholds (one for low TP rate and
one for high TP rate) are depicted.

A MLP algorithm is trained on the same dataset and the performances are
compared to the logistic regression models. The best MLP model identified by the
grid search has a hidden layer 64 x 2, exploits a tanh activation function,
regularization strength λ = 10−3, and the LBFGS solver. The MLP can learn a
non-linear decision boundary, which grants improved classification capabilities to
linear decision boundaries (Figure 3.7 and Figure 3.8). The accuracy achieved by
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Fig. 3.6 Confusion matrix of Logit 1 (a) and Logit 2 (b) for the test set. Values on the matrix
diagonal represent TN and TP. The lower left corner shows the FN, while the upper right
corner FP. Despite the lower accuracy, Logit 2 achieves appreciably higher performances in
executing the task (i.e., identify TP and minimize FN).
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Fig. 3.7 Safe end states and fault end states as a function of the normalized failure times
of the pump, PI HX controller and heater controller. The (linear) decision boundary of the
logistic regression model is depicted (light blue plane). A good separation of the two classes
is achieved, even though a linear boundary has limited capabilities.
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Fig. 3.8 Safe end states (a) and fault end states (b) represented separately to highlight the
separating capability of the linear decision boundary (light blue plane). Most of the safe end
states fall on one side of the boundary, but many fault end states lay on the same side of the
boundary, limiting the performance of the model.

the MLP on the test set is indeed close to 100% (99.5%), with an AUC = 1 (Figure
3.9). Figure 3.10 shows the Precision-Recall plot. The different interpretation on
models performance is evident when comparing Figure 3.9 with Figure 3.10. The
precision of the logistic regression model quickly drops when REC > 0.2 on the test
set. Achieving REC → 1 comes at the expense of approximately PREC ∼ 0.6. The
MLP instead achieves very high REC values with just a small drop on PREC. A
single scenario is misclassified as a TP, which would lead to a false alarm during
system operations (Figure 3.11).

The MLP outperforms logistic regression models for this application. The
computational time of a single prediction is negligible for practical applications
(below 1ms) for both the algorithms. Hence, end state prediction can be performed in
real-time, provided that component failures can be detected during system operations.
This does not seem a leading issue for ARC PCS because the large thermal inertia of
the LIB provides enough time (i.e., from minutes to hours) for fault detection before
the system fails. The recall works as a better performance metric than the accuracy
and the ROC AUC for this particular case, even though this conclusion could be
extended to many safety applications where the consequences of a misclassification
can be dramatic. It should be noted that the dataset used for training and test the
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Fig. 3.9 Comparison between logistic regression models and MLP for both training and
test set, using the ROC AUC as scoring metric. The MLP achieves AUC = 1 (i.e., perfect
classifier) both on the train and the test set (train set not shown for simplicity).

algorithms is limited, although overfitting issues should have been prevented by the
implementation of a k-fold cross-validation. Few outliers are present in the dataset,
so the robustness of the model on edge cases was not assessed. Nevertheless, the
dense region of data corresponds to multiple failures taking place at close times, i.e.
those scenarios that are more likely to treat system safety. The outliers corresponds
to scenarios where the failures occur with a long delay between one and another.
Therefore, outliers should not be a major issue for this specific application.
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Fig. 3.10 Comparison between logistic regression models and MLP for both training and
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model, achieving a high precision even when REC → 1. A random classifier would have
achieved PREC = 0.21 with this dataset.
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Fig. 3.11 Confusion matrix for the MLP for the test set. The MLP achieves almost a perfect
classification accuracy, with a just a FN over the test set.
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3.4.2 Prediction of safety variable evolution during PCS
transients

The capability to predict the evolution of safety variables is crucial during accidental
scenarios. This task is much more complex than the previous one because of the
inclusion of the time variable. The number of features (i.e., physical variables)
is higher (≥9), and each feature is tracked all along the simulation. The target
variable(s) is a continuous variable, and the prediction must be performed at each
timestep. The nature of the problem suggests that an LSTM is the most suitable
algorithm (a detailed description of the LSTM is provided in AppendixB).

The previous task was quite straightforward from the model viewpoint. The
choice of the input variables was natural, and exploiting just three input variables
demonstrated the efficacy of the algorithms. For this task the choice is more arbitrary.
The selection procedure of the input deserves a specific discussion, in line of the
goals presented in Section 3.3.

Input data selection

The TH model developed in Chapter 2 can output any possible TH variable of interest
for safety analyses. This is a strong advantage when training a ML model because
different sets of input parameters can be tested to find the optimal combination that
maximizes the accuracy (or any other metric is used) of the model. However, one
must consider that a ML model when deployed on a real system would not have
access to all the data that are made available by a computational model. Ideally, the
ML model should be able to perform its task with the lowest possible set of input.
The input data used to train the model has been chosen according to the following
requirements:

• The set of input would not allow a deterministic code to compute the target
variable quickly. Stated in another way, the ML model is able to predict the
target variable much faster than a deterministic model. Clearly, if a
deterministic model could compute the same target variable in less time, the
ML model would be useless;

• There are no variables in the input set such that the target variable can be
computed directly from a single input variable (e.g., if the blanket outlet
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Variable

Heat flux on the FW surface
FLiBe mass flow rate

Time derivative of FLiBe mass flow rate
Inlet channel enthalpy

HX PI controller setpoint enthalpy
Channel pressure drop

Secondary coolant mass flow rate
Time derivative of the secondary coolant mass flow rate

HX inlet temperature of the secondary coolant
Heaters thermal power delivered to FLiBe

FW temperature
VV inner structural material temperature

Beryllium temperature
VV outer structural material temperature

Table 3.1 Thermal-hydraulics variables selected as input for the DNN model.

coolant enthalpy is the target variable, the blanket outlet coolant temperature
must not be present in the input set);

• The input set is the smallest possible before the ML model starts failing its
prediction. The threshold at which the ML model starts failing is arbitrary, but
its choice does not lead to any loss of generality of this approach.

The case under study here can be summarized as follows. In a real-world situation
these points would correspond to an accidental scenario where the data received by
the instrumentation system is limited, and one or more safety variables cannot be
measured directly. Also, no deterministic models can compute the safety variables
quick enough to allow for a real-time monitoring.

The dataset contains 5×103 samples, each one being a transient that lasts for
104 s. The variables selected for the input are listed in Table 3.1. Each row of
the dataset is a snapshot of the system state at time t (Figure 3.12). Among those
transients, 670 end in a fault end state. The dataset is therefore unbalanced, which
makes the task of predicting the time-to-failure (TTF) harder. The dataset was split
in 4.5×103 training samples and 5.0×102 test samples.

Two target variables are selected: the FLiBe blanket outlet enthalpy and the TTF.
The FLiBe blanket outlet enthalpy is one of the most important safety variables
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Fig. 3.12 Pandas dataframe of a random sample from the dataset showing the input variables
(the input set has been already reduced from the initial set reported in Table (3.1)). Each row
is a snapshot of the system at time t.

because FLiBe reaches the highest temperature at the blanket outlet (neglecting
possible hot spots in recirculating regions), where boiling can occur. The TTF is
here defined as the time before the system fails, according to the safety limits already
defined in Section 3.4.1. In formula:

{
TTF(t) = ts, f − t t ≤ ts, f

TTF(t) = 0 t > ts, f
(3.6)

where ts, f is the system failure time. If instead the system does not fail, the TTF is
set to an arbitrary large value, which corresponds to the simulation time:

TTF(t) = 104 ∀t (3.7)

This solution provides some improvements in terms of predicting capability of
the model. The TTF is therefore a helpful variable that can be exploited by the
operators to undertake safety actions by knowing the predicted time before the
system completely fails. Figure 3.13 depicts the input of the smallest set that allows
the model to perform well and the output of the model.

ML pipeline and DNN model

An end-to-end ML pipeline has been built as described in Section 3.3. The simulator
consists in the TH model coupled with the failure injection engine. The simulations
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Fig. 3.13 Input set provided to the LSTM and output (target variables) returned by the
model. The input is passed at each timestep and the target variables are computed at the
same timestep. ∆p: pressure increase across the pump; Tin,sec: inlet temperature (at the HX)
of the secondary coolant; dTin,sec

dt : time derivative of the inlet temperature of the secondary
coolant; dṁFLiBe

dt : time derivative of the FLiBe mass flow rate; Q̇FW : thermal power to the
FW; Q̇heaters: thermal power delivered by the electric heaters; dṁsec

dt : time derivative of the
secondary coolant mass flow rate; ṁsec: secondary coolant mass flow rate; ṁFLiBe: FLiBe
mass flow rate; hout,bl: FLiBe enthalpy at the blanket outlet.
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Variable Value

Epochs 20
Learning rate 8×10−3

Number of features Variable
Number of classes 1
Number of LSTM layers 2
LSTM hidden size 64
FC2 hidden size 8

Table 3.2 DNN model data.

are completely automated by taking advantage of OMPython. The results of the
simulations are stored in a database as .csv files. The output of a single simulation
can be quite heavy, so a variableFilter was used to store only the variables of
interest (those reported in Table 3.1). The data is then loaded with a user-defined
dataloader and splitted in training, validation, and test sets by PyTorch DataLoader.
4.5× 103 samples are used for training and 5.0× 102 samples are used for test.
Each sample belongs solely to the training set or to the test set (i.e., the test
scenarios are never seen by the model during training/validation). The input vector
is scaled by means of a StandardScaler, while the output vector is normalized by
a MinMaxScaler. These steps result in a completely automated pipeline, from the
TH model preprocessing to the ML model preprocessing.

The LSTM is built exploiting PyTorch nn.Module, which allow a greater control
of the model architecture with respect to a simple nn.LSTM. The architecture of
the DNN is the following: INPUT -> LSTM -> RELU -> FC1 -> RELU -> FC2.
Details for each layer are reported in Table 3.2. The mean squared error (MSE)
was used as loss function. The MSE is indeed a robust loss function for regression
problems that is commonly used in these applications. Larger deviations from the
real values are strongly penalized by the MSE due to the presence of squared terms,
which is a desired feature since the model is applied to safety variables.

The LSTM takes as input the 9 input variable at each timestep, and returns the
FLiBe blanket outlet enthalpy and the TTF at the same timesteps (i.e., the model
does not forecast the target variables at time t +1 given the system state at time t).

Results of the DNN models are presented in the following. First, the DNN is
trained and tested on accidental scenarios with fixed failure magnitude (0.4 for the
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pump and 0 for the HX PI controller). Then, randomly generated failure magnitudes
are considered, increasing the variability of transients in the dataset.

DNN models with fixed failure magnitudes in the dataset

Two different DNNs were trained to predict the tank outlet FLiBe enthalpy and the
time-to-failure. The distribution of the failure times is shown in Figure 3.14. The
mean failure times for pump, PI controller and heaters are µpump = 66s, µPI = 315s
and µheaters = 262s respectively. Figure 3.15 shows the distribution of secondary
coolant inlet temperature and mass flow rate, heat power delivered by the heaters,
and the time derivative of the secondary coolant temperature at the inlet at two
different times, t = 100s and t = 1000s. The two times have been chosen such that
for t = 100s only some failures have already taken place, whereas for t = 1000s
most of the failures have taken place. Results of the DNN models are shown in
Figure 3.16. A fault scenario from the test set (#36) is chosen to showcase the
prediction of the blanket outlet enthalpy and TTF. Scenario #36 has never been seen
by the model during training. Note that in the following the blanket outlet enthalpy
is converted into the outlet temperature for sake of simplicity.

The variables used as input for the DNN (Table 3.1) have been gradually reduced.
The DNN is still able to predict correctly the two target variables even if the channel
inlet enthalpy, the time derivative of the channel inlet enthalpy, and the secondary
coolant outlet temperature are removed. Note that in this set of input variables
there are no variables associated to the FLiBe temperature (or enthalpy) in the
blanket. There is no easy way for the model to predict the outlet blanket temperature.
Figure 3.17 shows the temperature distribution at 5000 s (i.e., in the mid of the
transients, after the failures have occurred) over the dataset. FLiBe outlet temperature
temperature assumes values in the range 900 K - 1300 K, with a similar number of
occurrences for T > 1050K. The target variable is therefore spread over a wide range
of possible parameters, requiring the ML model to learn to predict very different
values depending on the input variables.

The three failures (pump, PI controller of the HX and PI controller of the heaters)
that were randomly sampled for the scenario #36 are shown in 3.16. The model is not
aware of these failures (i.e., the failure times are not passed as input), but it manages
to correctly predict the evolution of the outlet temperature following each failure.
This means that the model can be used to track the evolution of a safety variable
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even if direct measurements are not available, and that an alarm can be triggered
when the predicted safety variable overcomes the safety threshold.

The loss during the first epoch is shown in Figure 3.18. The model learns fast
during the first epoch, and the loss quickly drops to ∼ 10−7 after 150 iterations.
The small pikes of the loss function may be related to the high learning rate chosen
(8 ·10−3), which was increased from the initial value of 10−3 to speed up the training.
However, no major oscillations are found in the running loss, meaning that the
optimization of the model proceeded smoothly.

The MSE at the end of the training phase is 2.3 ·10−8, while the MSE on the test
set is 5.4 ·10−6. The difference between the training and the test MSE is due to a
possible overfitting of the model on the training data. However, MSE = 5.4 ·10−6 is
well below a maximum acceptable value for safety applications (e.g., MSE = 0.1%
can be considered a maximum acceptable error on the outlet temperature, meaning
that the absolute error is around 1 K).

The prediction of the TTF is reported in Figure 3.19. The TTF is an arbitrary
defined variable with no direct physical meaning, nor direct correlation with one of
the input variables (i.e., no one-to-one relationship with the input variables), but it
is strictly correlated to the FLiBe enthalpy because the system is considered to fail
when the enthalpy crosses a safety threshold. Nevertheless, the DNN model predicts
the TTF with a reasonably low error. The MSE at the end of the training phase is
MSE = 1.4 ·10−6, while on the test set the error is MSE = 5 ·10−6. Note that the
prediction of the TTF is more challenging than the prediction of a process variable.
The evolution of a process variable depends on the history of the system only (i.e.,
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Fig. 3.14 Failure time distributions within the whole dataset. The distribution is exponential
as explained in Section 2.5.1.
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Tout(t ′) depends on the values of the other system variables at t < t ′). Instead, TTF(t ′)
depends by definition on an event that occurs in the future for t ′ < ts, f , and ts, f is
not available to the model as input. Therefore, at any time t ′ < ts, f the model has to
predict when the system failure will occur to compute the TTF. This is a remarkable
results because it requires the model to correctly learn to predict system failure on
long time intervals by knowing only the values of physical variables at previous
times.

The training phase required 10 epochs to reach such a low error, i.e. 2x epochs if
compared to the prediction of Tout . This can be explained by the definition of TTF
itself. The same set of features (i.e., physical variables) at time t can be found in a
safe transient and in a fault transient. Hence, the prediction of the TTF cannot be
based on the instantaneous values of the system variables, but also on the history of
these variables. The prediction is therefore more complex than Tout (even though
also Tout prediction is somehow linked to the history of the input variables), and the
model leverages on the capability of the LSTM to retain temporal information to
perform its task.

Figure 3.20 shows the prediction for an outlier (i.e., a scenario whose features
strongly differ from those of the scenarios in the training dataset). The failures time
are 1000 s, 3300 s and 5100 s for the heaters PI controller, HX PI controller, and
pump, respectively. These values can be considered to belong to a very different
distribution from the failure times in the training dataset (µ f t,pump = 66s, µ f t,HX =

315s, µ f t,heaters = 262s). The model fails to correctly predict the evolution of
the outlet blanket temperature. The temperature predicted at the beginning of the
simulation is underestimated by 90 K. Then, it increases after the spurious switch
on of the heaters, and the predicted value increases as well. However, the initial
gap between the real and the predicted temperature remains all along the transient.
The failure of the HX controller does not affect FLiBe temperature (the pump is
still working, and the mass flow rate can be adjusted). Once the pump fails, the
temperature sharply drops. The model tries to predict the temperature decrease, but
it underestimates the temperature drop.

This simple case demonstrates the weakness of ML models when trained on a
dataset that is not fully representative of the possible scenarios that may happen
during operations. In such a situation, the model would have completely failed to
perform its task, with possible consequences on the plant safety.
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Fig. 3.15 Input distribution at t = 100s (a) and t = 1000s (b) for fixed failure magnitudes.
As the components fail, the input variables spread over a larger range. Only the most relevant
input are shown.
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(a) Scenario #36 (initial transient).
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Fig. 3.16 Prediction of accident evolution (zoom on the initial transient on the left). The
failure times and the safety threshold temperature (1250 K) are depicted. Note that the model
does not receive as input the failure times, but it manages to successfully predict the strong
variation in temperature when a failure takes place.
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Fig. 3.17 Outlet blanket temperature distribution at 5000 s over the dataset.
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Fig. 3.18 Running loss on the training set as a function of the iterations during the first epoch.
The loss quickly decreases down to ∼ 10−7.
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Fig. 3.19 Prediction of accident evolution. The failure times and the system failure time are
depicted. Note that the model does not receive as input the failure times, but it manages to
successfully predict the TTF.
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Fig. 3.20 Prediction of the temperature evolution for an outlier scenario. The model fails to
correctly predict the temperature evolution because it has been trained on a very different
dataset.
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DNN models with randomly sampled failure magnitudes

The failure magnitude of the HX PI controller and the pump rotational speed were
randomly picked in the intervals (0,1] and (0,0.8) respectively, where 0 stands for
"no failure" and 1 is complete failure of the component. The mean failure times for
pump, PI controller and heaters are the same as the previous case with fixed failure
magnitude. Figure 3.21 shows the distribution of secondary coolant inlet temperature
and mass flow rate, heat power delivered by the heaters, and the time derivative
of the secondary coolant temperature at the inlet at two different times, t = 100s
and t = 1000s. The two times have been chosen such that for t = 100s only some
failures have already taken place, whereas for t = 1000s most of the failures have
taken place. It should be noted that the larger variability in transients evolution due
to a variable failure magnitude lead to a higher number of accidental scenarios in the
dataset (1200 vs 670 for the fixed failure magnitudes case).

When the HX PI controller fails completely, the mass flow rate of the secondary
coolant is reduced to zero. Including the failure magnitude in the simulations greatly
increases the variability of the possible transients, making the predictive task much
harder for the model. Figure 3.22 shows the temperature distribution at 5000 s over
the dataset. The values are much more spread than those in Figure 3.17 due to the
presence of the failure magnitudes in the input set. The secondary coolant mass flow
rate can now increase or decrease, introducing also the cold failures in the dataset.
On the one hand, this increases the number of transients that can end in a safe state
by chance. If the heaters switch on spuriously, and the HX PI controller fails and
increases the secondary coolant mass flow rate, then the system may reach a steady
state within the minimum and the maximum allowable temperatures. On the other
hand, the possible trajectories of the system are much more, and the ML model
needs to be more flexible to correctly predict the evolution of the outlet blanket
temperature.

Results of the DNN model are shown in Figures 3.23 to 3.25. Three scenarios
(#5, #19 and #21) are chosen to showcase completely different evolutions of the
system, and the corresponding prediction of the model. These three scenarios have
never been seen by the model during training.

Figure 3.23 shows a transient that ends in a safe state. The DNN successfully
predicts Tout during the initial transient. A small deviation from the real value
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occurs after the HX PI failure. The model has been trained on a dataset where
most of the times Tout changes significantly after the HX PI controller. Therefore,
it overshoots the target variable soon after the failure, but it quickly reduces the
predicted temperature to the real value.

Figure 3.24 shows instead a transient that ends in a cold failure. Tout increases
after the pump failure and the heaters controller failure, but it then starts decreasing
following the HX controller failure. Again, a small overshoot can be depicted after
the HX controller failure. However, the DNN successfully predicts the evolution of
Tout from the initial transient to the system failure, with a negligible delay between
the predicted value and the real value.

Figure 3.25 shows a transient that ends in a hot failure. Remarkably, the DNN
manages to correctly predict Tout evolution despite very few transients reach such
a high Tout (Figure 3.22), and with such a fast dynamic. The pump and the heaters
controller fail closely, but this does not affect the temperature prediction. Also,
no deviations on the predicted temperature are present in this case. The predicted
temperature crosses the safety threshold with a delay of few seconds with respect to
the real value.

The results from Figures 3.23 to 3.25 can be generalized to the whole dataset.
The first failure is usually handled by the remaining working components (e.g., the
increase in thermal power to the FLiBe due to a spurious switch on of the heaters
is balanced by an increase of the secondary mass flow rate, which keeps the FLiBe
temperature within the nominal values). However, the variation of FLiBe temperature
differs from case to case. In scenario #5, a small change occurs after the first and the
third failure, with most of the variation taking place between the second and the third
failure. Conversely, the temperature increases steadily and sharply since the first
failure in scenario #21. If the model had learnt just to detect failures (which is alone
a quite remarkable achievement), it would have been impossible to correctly predict
the evolution of the FLiBe enthalpy due to the many different dynamic interactions
that take place among the system components during these transients.

A similar reasoning applies if the model had learnt to predict the evolution of the
FLiBe enthalpy based on the evolution of some input variable only. A similar change
in a process variable can be observed in extremely different scenarios. Let’s choose
the secondary coolant mass flow rate ṁsec as example. ṁsec can be regulated by
the (properly working) PI controller in the HX, for instance following the failure of
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another component and the subsequent increase or decrease of the FLiBe temperature.
However, the same variation of ṁsec can be caused by the failure of the PI controller.
Other components might or might not operate to face this sudden change triggered by
the PI controller failure. Hence, the information of the change of the input variable
alone is not enough to correctly predict the evolution of the target variables.

We can conclude that the model has correctly learnt (at least from a conceptual
point of view) to detect the component failures and to take into consideration the
interactions between the input variables.

The prediction of the TTF is more complex in this case due to the presence of
different failure magnitudes. The model still achieves a low error during the training
phase. However, the dataset is strongly unbalanced, with 15% of accidental scenarios
and 85% of safe transients. TTF for safe transients is predicted correctly, but the
error associated to accidental scenarios is quite large for some scenarios. The TTF
for scenarios #5, #19 and #21 is shown in Figures 3.26 to 3.28.

The model correctly predict the safe transient in scenario #5. As for the case
without failure magnitude, the capability of the model to correctly predict the TTF
for a safe transient even though three failures occur can be attributed to a proper
learning of the model. The TTF prediction of the model is not solely based on the
concept of failures, but it relies also on the physical variables passed as features to
the model.

Scenario #19 can be considered a case where the model fails to predict the
accident progression. This may sound strange since the temperature prediction was
correct for scenario #19 (Figure 3.24). However, cold failures are a small subset
of the fault scenarios, which are by themselves a small subset of all the possible
scenarios in the dataset. Hence, the wrong prediction of the TTF for the cold failure
can be attributed to the very small domain coverage of cold failures.

The TTF is instead correctly predicted in scenario #21. The initial prediction is
close to 104 s because the majority of the scenarios in the dataset present this value
(i.e., they are safe transients). At each failure the TTF rapidly changes, until the
model correctly predicts the TTF from the third component failure onward.
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3.5 Discussion

This Chapter targeted two key objectives: proposing and testing a framework to
foster ML in the nuclear safety field, and develop and test innovative tools for more
robust safety analyses.

Best practices and experience in different safety-critical fields have been reviewed
to propose an effective framework. Despite being quite standard in other fields, such
an approach has not been formalized yet in the nuclear industry. This is clearly well
beyond the scope of this work, but the application of the proposed framework on
a small case study gave promising results. Three qualitative considerations can be
made based on the results of Section 3.4.

The prediction of the end states successfully achieved a 100% accuracy (and an
acceptable Precision-Recall curve) with a single FN and a single FP in over 450
scenarios tested (Figure 3.11). This should not surprise. A binary classification
task is among the easiest tasks a ML algorithm can perform. By selecting suitable
features (the failure times) the classification works perfectly. The state-of-the-art
ML algorithms are indeed developed for much hardest tasks, and this application is
illuminating for its simplicity, yet providing valuable predictions during accidental
scenarios. Stated in another way, ML algorithms have been exploited for so many
years in other safety-critical industries that very advanced tools are already available
for nuclear safety, shifting the effort from developing an effective ML model to
building a framework where this model can be successfully implemented. One may
argue that using the failure times as input features is unrealistic and ease the task of
the ML model. However, the DNN model showed the capability to detect failures
even if the failure time is not passed as input feature. Failure detection is therefore a
realistic task, which can be performed by classical method or ML algorithms, and
can provide the failure times to a ML model for end state prediction (see also the
literature on this topic [126–130]). The DNN successfully predicted the evolution
of a safety variable (FLiBe outlet blanket enthalpy) and the time before the system
reaches a fault condition. This second variable is of particular interest because
it provides a real-time measure of the available time before the system reaches a
complete failure.

Besides the encouraging results achieved in these two applications, care must be
paid when deploying ML models in safety-critical industries. The pipeline described
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in Figure 3.4 allowed to explore a wide range of possible unexpected transients,
building a large database of different scenarios. Nevertheless, the domain of possible
transients is still huge, and the capability of the ML models to perform properly in a
real-world situation is far from being demonstrated. The outlier case showed how
the model can completely fail to predict the target variable evolution in a transient
that differs quite a lot from those in the training dataset. An in-depth discussion
on ML criticalities is presented in the Appendix B. In short, ML models cannot be
employed at the present time to take critical actions, but can serve as an additional
tool for decision making in critical situations, such as during accidental scenarios.

The resources required to develop robust ML algorithms are well beyond the
possibility of single researchers and small teams. The computational time of both
running integrated probabilistic and deterministic simulations and training deep
ML models is extremely long (i.e., days). A community effort looks as the most
promising solution for building more general databases and improving the robustness
of the ML models.

Lastly, results from the ML models are provided without uncertainty
quantification (UQ). The relevance of UQ is well documented in nuclear safety
[131, 132], and ML models cannot be exempt by this procedure. Conversely, UQ
must be addressed even more carefully because of the black box nature of ML
models.
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Fig. 3.21 Input distribution at t = 100s (a) and t = 1000s (b) for randomly sampled failure
magnitudes. As the components fail, the input variables spread over a larger range. Only the
most relevant input are shown.
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Fig. 3.22 Outlet blanket temperature distribution at 5000 s over the dataset that includes the
failure magnitudes in the input set. The temperature spans over the whole possible range
for FLiBe, from the melting temperature (Tmelt,FLiBe = 732 K) to the boiling temperature
(Tboil,FLiBe = 1703 K).
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(a) Scenario #5 (initial transient).
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(b) Scenario #5.

Fig. 3.23 Transient ending in a safe state. The temperature increases smoothly up to a
steady-state value. The predicted value slightly deviates from the real value immediately
after each failure, but the model manages to improve the prediction soon after.
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(a) Scenario #19 (initial transient).
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(b) Scenario #19.

Fig. 3.24 Transient ending in a cold failure. The temperature first increases, and then starts
decreasing after the HX controller failure. The predicted value slightly deviates from the real
value immediately after each failure, but the model manages to improve the prediction soon
after.
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(a) Scenario #21 (initial transient).
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(b) Scenario #21.

Fig. 3.25 Transient ending in a hot failure. The temperature first increases slowly, and starts
increasing sharply after the HX controller failure.
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(a) Scenario #5 (initial transient).
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(b) Scenario #5.

Fig. 3.26 Transient ending in a safe state. The TTF is 104 s by definition. The predicted
TTF oscillates during the initial transient due to the presence of three component failures.
However, once the last failure occurs, the model correctly predict a value close to 104 s,
meaning that the system is not expected to fail.
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(a) Scenario #19 (initial transient).

0 2000 4000 6000 8000 10000
Time [s]

0

2000

4000

6000

8000

10000

Ti
m

e-
to

-fa
ilu

re
 [s

]

Predicted Data
Actual Data

(b) Scenario #19.

Fig. 3.27 Transient ending in a cold failure. The model predicts that a system failure will
happen after the third component failure, but the TTF prediction is largely overestimated.
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(a) Scenario #21 (initial transient).
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(b) Scenario #21.

Fig. 3.28 Transient ending in a hot failure. The TTF oscillates during the initial transient.
Nevertheless, the model correctly predict the TTF after the third failure occurs, with a small
underestimation.



Chapter 4

ARC fuel cycle

4.1 Tritium self-sufficiency, tritium safety and fuel
cycle

Tritium self-sufficiency refers to the ability of an FPP to breed, process, and use
its own tritium (T) fuel while producing sufficient excess tritium to maintain the
desired reserve inventory (in the event that some part of the fuel cycle breaks) and to
contribute to Istartup for subsequent FPPs. Tritium self-sufficiency of FPPs [30, 133]
is expected to be a significant challenge in FPP design and operation. Abdou et
al. [30] showed that tritium self-sufficiency may be extremely challenging or even
impossible for proposed DEMOnstration power plant (DEMO) designs. For a fueling
efficiency η f ≈ 25% (obtained by extrapolating from DIII-D studies [134] to DEMO)
and a burn fraction fb = 0.36% (the expected achievable value in ITER, assuming
two pellet injectors with a maximum fueling rate of 120 Pa·m3/s [135]), the TBR
required (TBRr) to achieve tritium self-sufficiency in DEMO will be 1.82. This is far
above its maximum achievable TBR (TBRa), which is expected to range from 1.1-1.2
depending on the chosen blanket design [136]. Therefore, improvements in fuel cycle
design are mandatory to lower TBRr below 1.1 and achieve tritium self-sufficiency
[30]. Relying on external tritium supplies is not a sustainable option, as global supply
is highly constrained. Most of the world’s tritium supply is produced by CANDU
reactor operations [133, 137]. The available tritium supply from CANDU reactors
is expected to peak at ≈ 27 kg in 2027 [30]. The peak may be higher (up to ≈
40 kg) if additional tritium is made available by the operating and planned heavy



94 ARC fuel cycle

water reactors (HWR) outside Canada (e.g., in Romania and the Republic of Korea
[133, 137]).

No other significant tritium sources are expected to come online in the near
future [133]. ITER plans to start D-T operations in the late 2030s and will consume
approximately 12.3 kg of tritium during its planned experimental campaigns, leaving
≈ 15 kg of theoretically available tritium for the startup of FPPs that begin operation
after 2050 [133, 137]. Therefore, minimizing start-up inventory and ensuring the
robustness and efficiency of tritium breeding and extraction systems will be of
paramount importance for the first non-ITER D-T fusion devices.

Tritium safety is strictly connected with tritium self-sufficiency. Minimizing
the amount of tritium in components and system is the leading target for tritium
safety. However, this task can be accomplished only if safety analysis is carried out
in parallel to tritium self-sufficiency analysis. The first step is to quantify the tritium
inventories in the components during nominal operations, and then minimizing the
inventories without affecting tritium self-sufficiency. Luckily, tritium self-sufficiency
and tritium safety are synergic goals: lower tritium inventories in the fuel cycle are
favourable for tritium self-sufficiency and reduce the radiological hazard.

In this regard, the analysis presented in this Chapter aims at (1) assessing tritium
self-sufficiency in ARC; (2) quantifying tritium inventories and tritium flows between
fuel cycle components, with and without the implementation of Direct Internal
Recycling (DIR); and (3) providing quantitative design targets for ARC that achieve
a low doubling time td and a low start-up inventory Istartup, strengthening the safety
features of ARC-class tokamaks.

A time-dependent, system-level models of the ARC-class fuel cycle is developed
in MATLAB Simulink ®. The systems-level model provides a suitable tradeoff
between model accuracy and computational cost. It enables to assess the effect of
individual design parameters on tritium self-sufficiency and start-up inventory. The
results show that tritium self-sufficiency can be achieved in ARC for a narrow but
achievable window of operating parameters: tritium burn efficiency TBE >0.5%1,
availability factor AF > 70%, direct internal recycling fraction fDIR > 0.3, and
tritium processing time tp < 4 h. A major advantage of ARC versus large FPPs

1From a purely mathematics point of view, TBE = η f fb, where η f is the fueling efficiency and fb
is the tritium burn fraction. However, Whyte et al. point out that the TBE results in a more coherent
figure of merit when describing continuous fueling processes in magnetic confinement fusion [138],
so the TBE is used in this work.
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is found in the small size of ARC (Pfus = 525 MWth), which translates to a lower
start-up inventory.

The Chapter is organised as follows: Section 4.2 presents the mathematical and
computational models for the fuel cycle. Section 4.3 shows the results from the
sensitivity analysis on selected design and operational parameters for the ARC-class
tokamak. Section 4.4 compares ARC results to those from DEMO, discusses key
topics like the optimal TBE, tritium trapping, and doubling time, and proposes an
R&D path to reduce uncertainties associated with this analysis methodology.

4.2 Methodology

4.2.1 ARC fuel cycle layout

ARC is in a conceptual design phase, and the specific parameters of its fuel cycle
technologies and components are not finalized. A high-level layout of the expected
fuel cycle is shown in Figure 4.1. The fuel cycle is divided into two sub-cycles: the
outer fuel cycle (OFC) and the inner fuel cycle (IFC). The OFC encompasses most
of the components and subsystems that provide tritium to the IFC. In the ARC-class
FPP, the OFC includes the FLiBe LIB and FLiBe coolant channels in the vacuum
vessel (VV)2, the associated tritium extraction systems (TES), the heat exchanger(s)
(HX), and the divertor. The IFC processes the tritium from the OFC and from the
gas stream exhausted by the divertor vacuum pumps, which are considered within
the IFC. The IFC supplies the required quantities of deuterium and tritium to the
fueling system. The following subsections provide a detailed description of fuel
cycle components and subsystems.

Outer fuel cycle

The outer fuel cycle includes the divertor, FW/VV channels, LIB, TES, and HX(s).
It is important to stress that in an ARC-class tokamak, the FLiBe acts as both coolant
and tritium carrier. This results in a key distinction between the ARC fuel cycle

2The first wall (FW) is placed on the external surface of the inner VV wall in ARC [3]. In this
analysis we consider the first wall (FW), the VV and the VV channels as a single component called
FW/VV channels.
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Fig. 4.1 The block diagram shows the high-level fuel cycle of an ARC-class FPP. The outer
fuel cycle (OFC) breeds tritium via Li(n,T) reactions in the blanket and coolant channels.
This tritium is passed to the inner fuel cycle (IFC), where it is processed into fuel. Only the
components that have been modeled in this analysis are shown in the figure. The DIR system
is represented by a dotted path to indicate that it may or may not be present in the IFC. The
dotted path from the heat exchanger to the detritiation system is present if the chosen heat
exchanger has an active tritium removal system (e.g. a double-walled heat exchanger with
purge gas flow). The inclusion of DIR and the decision to include T extraction in the heat
exchanger (HX) are examples of ARC design decisions which have yet to be finalized.
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model and the DEMO fuel cycle model used in [30]: in ARC, the coolant line and
tritium carrier line are part of a single OFC system. There is no coolant purification
system (CPS) in the ARC model because the tritium extraction system (TES) fulfills
this role in ARC. The layout of ARC fuel cycle is shown in Figure 4.1.

Tritium is bred from the 6Li and 7Li in the LIB and in any FLiBe coolant channels
located in the VV. The VV channels receive cold (∼ 800 K) FLiBe directly from
the HX [3], where it is heated by the plasma and discharged into the blanket tank.
Divertor channels are also fed with cold FLiBe from the HX that is discharged into
the blanket tank. FLiBe in the blanket tank (which carries tritium) exits via outlet(s)
at the top of the tank that is connected to the TES, which extracts tritium from the
FLiBe and sends it to the storage and management system. Additional components,
such as a tritium permeation membrane, are used on the pathway between the TES
and tritium storage to separate tritium from other gases in the FLiBe.

The TES has not a unitary efficiency, so some fraction of tritium is inevitably
carried to the HX by the FLiBe. Generally speaking, the HX is part of the power
cycle, not the fuel cycle. However, since a small fraction of tritium passes through
the HX, the HX must be considered in this fuel cycle model. Here it is assumed
that the HX has an active tritium removal system that actively impacts tritium mass
transport through the fuel cycle. An example is a double-walled HX with sweep gas
flowing between the primary and the secondary coolant channels [139]). Tritium
that permeates the wall of the primary coolant channel and is recovered by the sweep
gas and sent to the detritiation system. Any remaining tritium in FLiBe flows back
to the LIB, VV channels and divertor channels with the cold FLiBe.

The fuel cycle model should also account for unburnt tritium ions from the
plasma, which act as an additional tritium source in the OFC. Unburnt tritium ions
can impinge on the plasma-facing surfaces of the divertor and the FW. From there,
the tritium ions might diffuse through the structural materials and permeate through
the coolant, be trapped in the material, or cycle back into the plasma (note that also
the opposite is true: tritium can diffuse from the coolant to the structural materials,
depending on its concentration in the two media).

Certain elements of the OFC that are likely to be present in future ARC designs
are not modeled here. These include a redox control unit (to monitor and control
FLiBe chemistry) and a CPS for the secondary coolant loop (which will inevitably
uptake a small amount of tritium from the HX). From a systems-level view, leaving
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these components out of this iteration of the model should not significantly change
results. The redox control unit has no direct fuel cycle functions and does not change
tritium mass transfer through the fuel cycle. The secondary CPS collects tritium that
reaches the secondary coolant in the HX and sends it to the detritiation system; this
is already accounted for by modeling tritium losses in the HX component and the
tritium flow from the HX to the detritiation system. To summarize, tritium transport
in the OFC is mostly dictated by FLiBe flow through the system.

Inner fuel cycle

The inner fuel cycle comprises the vacuum pumps and the systems for fuel clean-
up, isotope separation, detritiation, tritium storage and management, and fueling.
Vacuum pumps pump out tritium from the vacuum chamber, the boundaries of which
are defined by the FW and the VV structures (the blanket lies outside the vacuum
boundary in an ARC-class tokamak). Unburnt tritium is removed from the vacuum
chamber by the vacuum pumps. Note that some fraction of the unburnt tritium
will implant in the plasma facing components (PFC); in this model, this fraction is
assumed as 2·10−4 (equally distributed between FW and divertor), per the value used
in [30]3. The vast majority of tritium fuel passes through the IFC, so its dynamics
have a critical impact on the performance of the overall fuel cycle.

The exhaust gas from the vacuum pumps is processed in the fuel clean-up system
that separates hydrogenic species from plasma enhancement gases (Ar, Ne, and other
inert gases) and He ashes. If the Direct Internal Recycling (DIR) line is implemented
[145] (see Table C.3 in Appendix C for the mathematical implementation in the
model), a Metal Foil Pump (MFP) [146] or a multi-stage cryopump will be located
upstream of the fuel clean-up to provide a preliminary separation of hydrogenic
species from the exhaust gas. Separation of hydrogenic species from the exhaust gas
by the DIR reduces processing burdens on the fuel clean-up system and ISS, speeding
up the IFC dynamics and reducing the tritium inventories in the IFC components.

3Tritium implantation in PFCs is just one of the many phenomena involved in plasma material
interactions (PMI). Modeling of PMI requires a tremendous effort due to the complex physical and
chemical mechanisms involved and the multiscale nature of the problem [140]. The fraction of
unburnt tritium that implants in the PFC is usually quantified by surface analysis of small material
samples from ion irradiation setups [141] or experimental devices (e.g., JET-ILW [142], JT-60U
[143], ASDEX Upgrade [144], etc.). No experimental data is available for the ion fluxes and energies
expected in fusion devices like ARC-class tokamaks. Therefore, we assumed a tritium implantation
fraction of 2·10−4 for consistency with the analysis from [30].
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The DIR concept was originally proposed by Day et al. [145] and Giegerich et al.
[147] for the DEMO fuel cycle. It features a MFP (or a multi-stage cryopump) that
can separate a large fraction of hydrogenic species from the exhaust gas (up to 90%
[145]), and two identical pumping trains exploiting a linear diffusion pump and a
liquid ring pump. The first train pumps the pure fuel permeated through the MFP
directly to the storage and management system, whereas the second train pumps the
remaining exhaust gas to the fuel clean-up system. Downstream of the fuel clean-up,
the Isotope Separation System (ISS) separates hydrogen from deuterium and tritium.
The separated deuterium and tritium are sent to the storage and management system.
The ISS also processes tritium coming from the detritiation system. We refer to a
general “black box” detritiation system without considering specific engineering
details in this analysis.

The storage system fulfills many functions. First, it contains the start-up tritium
inventory required to start FPP operations. The start-up inventory will be on the
order of kilograms, so an effective storage system is critical to plant safety. Second,
it works as a short-term buffer for fresh fuel. Lastly, it provides long term storage for
the tritium that will be eventually transferred to new fusion power plants for start-up.
The last major IFC component is the fueling system, which injects fresh fuel in the
vacuum chamber.

4.2.2 Fuel Cycle Model

Mathematical Formulation

The fuel cycle model in this work is based on the resident time method (RTM)
proposed in [148] and exploited in the recent analysis of the DEMO fuel cycle [30].
In the RTM, a lumped model is used to describe each component of the fuel cycle.
The tritium balance for each component is described with a time-dependent, ordinary
differential equation:

dIi

dt
= ∑

j ̸=i

(
f j→i

I j

τ j

)
− (1+ εi)

(
Ii

τi

)
−λ Ii +Si (4.1)

with initial conditions described by Eq. (4.2) and Eq. (4.3):
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Ii(t = 0) = 0,∀i ̸= storage (4.2)

Istorage(t = 0) = Istartup (4.3)

Subscripts i and j refer to the generic i-th and j-th component, I is tritium inventory,
τ is tritium residence time, λ is the tritium decay constant, and ε is the fraction of
tritium lost due to non-radioactive phenomena (e.g., leakages). The evolution of the
tritium inventory in the i-th component, Ii, depends on:

• Tritium flows entering component i from the j-th components connected to i,

∑ j ̸=i

(
f j→i

I j
τ j

)
• Outflow from component i, Ii

τi

• Non-radioactive and radioactive tritium losses, εi
Ii
τi
−λ Ii

• Tritium generation in component i, Si

Specifically, τi is the tritium residence time in component i, εi is the non-radioactive
tritium loss fraction in component i, and f j→i is a multiplying factor representing the
fraction of component j’s outflow that is directed towards component i. If component
j has only one output, to component i, then f j→i = 1. Istorage is the tritium inventory
in the storage system, and Istartup is the start-up inventory (see Section 4.2.2 for
additional details on these inventories).

The key advantages of the RTM are its computational speed, design flexibility,
and the ability to model tritium flow through a component using simple parameters
without needing engineering details. For a target condition, such as tritium self-
sufficiency, the RTM can be used to understand the required performance from each
component, such as blanket TBR, providing researchers with meaningful design
targets.

The physical and chemical processes underlying tritium transport in FLiBe are
not well understood, and there is a wide spread in available experimental data [23].
As of 2022, there are multiple new experimental efforts underway in the United
States to understand FLiBe chemistry, motivated by fusion applications like the ARC
LIB and fission applications like the molten salt reactor under development by Kairos
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Power. However, until the data from these projects is available, we must rely on
coarse high-level models like the RTM. Furthermore, as pointed out in [30], the time
and length scales that describe the FPP fuel cycle are not suitable for an atomic-scale
simulation of tritium transport. Instead, each component is a black box characterized
by tritium residence time within the component and component-specific parameters
(e.g., tritium extraction efficiency for the TES, or DIR fraction for DIR). Eventually,
new experimental data will be used to reduce uncertainty on the value of these
parameters [39].

FPP operations are expected to be intermittent, and are modeled by the
Availability Factor (AF)4. The AF accounts for both pulsed operations and possible
outages due to system failure. Equation (4.4) defines AF,

AF =
ton

ton + toff
(4.4)

where ton is the pulse duration and toff is the downtime between two consecutive
pulses. The AF is an effective way to consider FPP downtime in the RTM. Increasing
AF by improving the reliability of FPP systems and the efficiency of maintenance
procedures is an important goal for fusion engineers.

The RTM is not the only option for studying the FPP fuel cycle, and it is
worthwhile to briefly consider the advantages and drawbacks of other approaches.
More advanced models have been developed that include detailed component
simulations within a dynamic model [149, 150]. However, a detailed design of fuel
cycle components is required to implement these models, and they are
computationally expensive, as a full component-level simulation is run at every time
step. Another notable fuel cycle modeling effort is found in [151], which details a
lumped model of the tritium fuel cycle for the EU-DEMO FPP and leverages the
preliminary design parameters available for the EU-DEMO fuel cycle. Their model
computes the tritium mass flow rates exchanged between the components without
explicitly accounting for the residence time. FPP operations in [151] are described
by sampling failure and outage times from a log-normal distribution instead of using
a mean AF. This accounts for the wide range of timescales that will characterize FPP

4We use the term “availability factor" for consistency with the analysis carried out in [30]. However,
AF has a slightly different meaning here (fraction of time during which the FPP can effectively breed
tritium) than it does in its reliability engineering definition (fraction of time during which the FPP is
operating).
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outage times, from minutes (e.g. fixing a stuck valve) to days (e.g. divertor cassette
failure) and captures a more realistic system evolution, albeit at the expense of
higher computational costs. A mean AF is implemented in this model because
design uncertainties for the ARC fuel cycle outweigh the benefits of the more
detailed AF approach in [151]. The lumped model from [151] also uses the expected
achievable TBR in EU-DEMO as a model input that can vary narrowly around the
nominal value. Doubling time is then a model output in [151]. This is a reasonable
approach when the achievable TBR is known and few major design changes to the
FPP are expected. However, ARC is in an early design stage, and it is more useful to
set a desired doubling time as an input parameter for the RTM model and then
calculate the TBR that will be required to achieve it.

Start-up inventory and reserve inventory

The overall tritium inventory within the FPP site boundary is relevant to safety and
regulation. The RTM model is most concerned with the reserve inventory (Ires) and
the start-up inventory (Istartup). Both are key to plant self-sufficiency, and both are
major contributors to the overall tritium inventory at the plant. An optimized fuel
cycle will minimize Ires and Istartup (for the purposes of better safety and smaller
regulatory burdens) without sacrificing tritium self-sufficiency.

Equation (4.5) gives Ires, the amount of tritium required to keep the reactor fueled
and operating for a prescribed reserve time (tres) if a fraction q of the fuel cycle fails:

Ires =
ṄT,burn

TBE
qtres (4.5)

The reserve time can be chosen according to economic, safety, and reliability
considerations. In theory, it can be equal to zero. Robust and reliable FPPs will not
require large Ires, which in turn eases safety and regulatory burdens by decreasing
overall site inventory.

Istartup is the amount of tritium required in fuel storage at the beginning of
operations to start and initially run the plant. At the beginning of operations, the
tritium bred in the blanket is not readily available as fuel: tritium will build up
in components to a certain equilibrium level, plus it takes time for tritium to pass
through the fuel cycle systems. Hence, the tritium for FPP fueling is initially provided
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by the storage system. Furthermore, the start-up inventory must also compensate for
the non-radioactive and radioactive tritium losses from the fuel cycle components.
Initially, the storage inventory decreases as tritium is used for fuel, is recirculated, or
is lost. As bred tritium becomes available, the storage inventory begins to increase.
The minimum storage inventory is reached at a time tmin, which is on the order of
the total residence time in the OFC plus the residence time in the ISS (i.e., the time
needed to make newly bred tritium available as fuel).

In a ideal optimized fuel cycle model, the storage inventory reaches a minimum
value of zero (temporarily) at the minimum point, indicating that the start-up
inventory at t = 0 was minimized (Istartup,opt) without sacrificing tritium
self-sufficiency. For Istartup < Istartup,opt, tritium self-sufficiency cannot be achieved,
and the FPP will run out of tritium before it can be sustained on bred tritium alone.
However, due to uncertainties and possible failures in the fuel cycle systems, a real
FPP will have a reserve inventory for the first days of operation. In this case, the
storage inventory reaches a minimum value equal to the reserve inventory. The
start-up inventory necessarily increases by an amount equal to Ires. Figure 4.2 shows
Istorage as a function of time for an ideal and realistic FPP.

Dynamics of a basic fuel cycle model

This subsection describes the dynamics of a basic fuel cycle to provide a common
background to the readers. An analytical solution can be indeed found for very
simple fuel cycle models, while this task becomes overwhelming for more complex
models such as the ones developed for ARC-class tokamaks in the next sections.

Figure 4.3 shows a simple fuel cycle model where all IFC components except the
storage system are collapsed in a single “IFC" block, and all the OFC components
are collapsed in a single “OFC" block. The storage system is represented by its
own block so to explicitly track inventory buildup. The fueling system is neglected
for simplicity. We assume a set of reasonable parameters: ṄT,burn = 9 · 10−7 kg/s
(from a total thermal power of 525 MWth), TBE = 1%, TBR = 1.08, Istartup = 1.5 kg
τ IFC = 4 h and τOFC = 24 h. Radioactive and non-radioactive tritium losses are
neglected.

The storage system provides a constant tritium flow for fueling equal to ṄT,burn
TBE .

The tritium production in the OFC is equal to ṄT,burn ·TBR, while the unburned
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Fig. 4.2 Evolution of the storage inventory during plant operations. (a): Ideal scenario (AF =
1) with no reserve inventory. The minimum storage inventory is zero at the minimum point.
(b): Realistic scenario (AF < 1) with a reserve inventory of 1 kg. The minimum storage
inventory equals the reserve inventory at the minimum point. Istorage decreases from t = 0 to
t = tmin because the bred tritium is not immediately available as fuel. The minimum point is
reached when the tritium bred at t = 0 has passed through the OFC, the ISS, and reached
the storage system. For t > tmin the storage inventory increases linearly due to the constant
inflow of bred tritium (assuming no interruption to plant operation). The values reported in
the plots do not refer to any particular design, and were chosen to emphasize the contribution
of the reserve inventory to the storage inventory.

tritium is exhausted from the vacuum chamber at a rate equal to ṄT,burn
1−TBE

TBE . The
characteristic timescales of the IFC and OFC are defined by their tritium residence
times, τ IFC and τOFC. Equations (4.6) - (4.10) describe the evolution of the tritium
inventories in the basic fuel cycle.

dIOFC(t)
dt

= ṄT,burn ·TBR− IOFC(t)
τOFC

(4.6)

dIIFC(t)
dt

=
1−TBE

TBE
ṄT,burn +

IOFC(t)
τOFC

− IIFC(t)
τ IFC

(4.7)

dIstorage(t)
dt

=
IIFC(t)
τ IFC

−
ṄT,burn

TBE
(4.8)

with initial conditions:
IIFC(0) = IOFC(0) = 0 (4.9)
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Fig. 4.3 A basic fuel cycle layout. All IFC components except the storage system are
collapsed in a single block with residence time τ IFC. Similarly, all the components in the
OFC are collapsed in a single block with residence time τOFC. The tritium flows exchanged
by the systems are depicted by the arrows.

Istorage(0) = Istartup (4.10)

where IIFC, IOFC, and Istorage are the tritium inventories in the IFC, OFC and storage
system, respectively. The analytical solution of the system of equations defined by
Eqs. (4.6) - (4.10) is reported in Eqs. (4.11) - (4.13).

IOFC(t) = ṄT,burnτOFCTBR(1− e−t/τOFC) (4.11)

Eqs. (4.12) - (4.13) highlight a crucial feature of the fuel cycle dynamics for
TBE < 1. The FPP burns only a fraction of the tritium injected in the vacuum
chamber, and the net tritium flow through the storage system is approximately
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IIFC(t) = ṄT,burnτ IFC
1−TBE

TBE
(1− e−t/τ IFC)+ ṄT,burn TBR τ IFC(1− e−t/τ IFC)+

+ ṄT,burn TBR
τ IFCτOFC

τOFC − τ IFC
(e−t/τ IFC − e−t/τOFC) (4.12)

Istorage(t) = Istartup + ṄT,burn(TBR−1)t + ṄT,burn TBR
τ IFC

2

τOFC − τ IFC
(1− e−t/τ IFC)+

+ ṄT,burn TBR
τOFC

2

τOFC − τ IFC
(1− e−t/τOFC)− ṄT,burnτ IFC

1−TBE
TBE

(1− e−t/τ IFC) (4.13)

− ṄT,burn
TBE during the initial transient. It should be noted that the unburnt tritium flow

(ṄT,burn
1−TBE

TBE ) takes ∼ τ IFC to be processed and to flow back to the storage system.
Furthermore, the contribution of the unburnt tritium flow to the total tritium flowing
in the storage system is dominant (at steady state) if TBE ≪ 1. Since IIFC(t) doesn’t
reach its steady-state value until t ∼ 3τ IFC

5, a large fraction of Istartup is used to keep
the FPP operating during the initial transient. Istorage reaches tmin at t ∼ 3τOFC (i.e.
when the tritium bred in the OFC reaches the storage system) and thereafter begins
to increase. The exact minimum time can be computed analytically by setting the
time derivative of Istorage equal to zero and solving for t:

dIstorage

dt

∣∣∣
t=tmin

= 0 (4.14)

that gives tmin = 2.7 days, which is approximately 3τOFC.

The steady-state value of the tritium mass flow rate into the storage system is
equal to:

ṁin,storage,ss = ṄT,burnTBR+ ṄT,burn
(1−TBE)

TBE
(4.15)

which is larger than the tritium flow exiting the storage system:

ṁout,storage =−
ṄT,burn

TBE
(4.16)

5We recall that solutions to ODE in the form
(

1− e−
t
τ

)
reach the steady state value in t ∼ 3τ ,

being
(

1− e−
3τ
τ

)
∼ 0.95.
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as expected from the fact that TBR > 1.

Computational model

The MATLAB Simulink ® model of the ARC fuel cycle is based on the layout
shown in Figure 4.1. The differential equations used to model each component are
given in Appendix C, and so only a brief overview of the model is provided here.
Eq. (4.1) is the key equation used to describe each component. The only component
that was not modeled is the fueling system. Instead, an outflux equal to the tritium
fueling rate is added to the equation describing the storage and management system
(see Eq. (C.11) in Appendix C for additional details). Pulsed operation was modeled
using a pulse source6 for the tritium generation in the blanket and channels, for the
tritium implanted into the FW and the divertor, and for the tritium exhausted by the
vacuum pumps. The pulse width is equal to AF.

The computation of a suitable tritium breeding ratio and start-up inventory
requires an iterative approach. Both the TBR and Istartup are unknown at the beginning
of the simulation. We stress that the TBR value returned by the simulation is the
TBRr, where TBRr is the minimum TBR required for the plant to achieve tritium
self-sufficiency and double Istartup in the prescribed doubling time td . While Istartup

is mostly insensitive to TBRr, the opposite is not true. If Istartup increases and the
prescribed doubling time remains the same, the TBR must increase. At each iteration,
(Istorage(t)− Ires) is computed and the start-up inventory is updated accordingly. The
TBR is gradually increased, and simulations are run until two constraints are satisfied:

Istorage(t)− Ires > 0,∀t ≥ 0 (4.17)

Istorage(t = td) = 2Istartup (4.18)

The first constraint, Eq. (4.17), requires that at any time during operation, the
desired reserve inventory Ires is available in tritium storage. The second constraint,
Eq. (4.18), requires that the desired td is achieved by the FPP.

6A pulse source (or pulse generator) in Matlab Simulink ® generates a square wave signal of
any real variable. The pulse source is characterized by four parameters: amplitude (A), pulse width
(% of period) (w), period (T ) and phase delay (φ ). In the present model A = TBR · ṄT,burn, w =AF ,
T = (ton), and φ = 0.



108 ARC fuel cycle

There is sometimes minor confusion about the precise definition of “doubling
time." In this analysis, td is defined as the time needed to store an amount of tritium
equivalent to 2Istartup. However, td is sometimes defined as the time required to breed
the minimum amount of tritium needed to start a second, identical FPP without
sacrificing the tritium self-sufficiency of the first FPP:

Istorage(t = td) = Istartup + Ires (4.19)

In this analysis, the more straightforward definition given in Eq. (4.18) is used.
However, it is useful to remember that Istorage(td) can be very different for each
definition.

An advantage of MATLAB Simulink® is that it automatically selects the
(variable) stepsize and the numerical solver (that implements the adaptive step size)
for the system of equations at each point in the model. This is important because the
timescales involved in the fusion fuel cycle (FPP lifetimes are given in decades) are
much larger than the required stepsize at the beginning of the simulation (10-1000 s).
Once the tritium inventory of all components (other than tritium storage) have
reached quasi-steady state, the timestep is increased for the sake of computational
efficiency.

4.3 Tritium Self-Sufficiency in an ARC-class fusion
power plant

In this section, the methods described in Section 4.2 are used to analyze the fuel
cycle of an ARC-class FPP and determine the conditions needed to achieve tritium
self-sufficiency. Section 4.3.1 introduces the model parameters. Section 4.3.2
reports the one-at-a-time sensitivity analysis [152]. Results in Sections 4.3.1 and
4.3.2 are normalized with respect to the mean value to better show how TBRr and
Istartup depend on the design parameters. Sections 4.3.3-4.3.9 present the quantitative
dependencies of TBRr and Istartup on individual design parameters. Section 4.3.10
shows how the choice of the non-radioactive loss fraction affects tritium
self-sufficiency. Section 4.3.11 describes three example design and operational
scenarios for tritium self-sufficient ARC-class FPPs.
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4.3.1 ARC-class tokamak model parameters

Here, we choose a reference configuration for ARC and vary the design parameters
to understand the sensitivity of TBRr and Istartup to different design choices. This is a
simple but effective way to perform sensitivity analysis, also known as one-at-a-time
sensitivity analysis [152]. Table 4.1 lists the design parameters for the baseline ARC
case and the range of values considered in the sensitivity analysis. Results presented
in Section 4.3 reference these values unless otherwise specified. The baseline case
considers a 525 MWth ARC-class tokamak with an availability factor > 50%, a low
DIR fraction ( fDIR = 0.3), a 4 hour tritium processing time (time for tritium to be
processed in the fuel clean-up system and ISS), the ability to operate on tritium fuel
reserves for up to 24 h, and an aggressive target for td (2 y, in contrast to the 5-10 y
expected for DEMO-class FPPs [151]).

Parameter Symbol Value Range Units

Fusion power Pfus 525 - MWth
Tritium burn rate ṄT,burn 8.99·10−7 - kg/s
Pulse duration tpulse 1800 1800 - 3600 s
Time between pulses toff 60 60-120 s
Tritium burn efficiency TBE 0.02 0.005 – 0.1 -
Non-radioactive loss fraction εi 10−4 - -
Availability factor AF 0.7 0.5 - 1 -
Tritium processing time tp 4 1 – 12 h
Doubling time td 2 - y
Fraction of the system failing q 0.25 - -
Reserve time tres 24 0 - 48 h
Direct Internal Recycling fraction fDIR 0.3 0.1 – 0.9 -

Table 4.1 Design parameters for the baseline ARC-class FPP fuel cycle analyzed in
Section 4.3.

A preliminary analysis suggests that TBE=1-3% for ARC [153]. The non-
radioactive loss fraction is set to 10−4 as in [30]. However, the reader should be
aware that the non-radioactive loss fraction significantly affects the results of the fuel
cycle analysis and TBRr. In this analysis it is considered a meta-parameter, i.e. a
parameter that is set a priori without a direct link to physics phenomena occurring in
the fuel cycle. An availability factor lower than 50% is not considered, as commercial
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electricity generating plant designs with AF < 50% will not be commercially viable7.
The tritium processing time tp ranges from 1 h to 12 h. Abdou et al. [156] assumed
a tritium processing time in the range 1-24 h based on the experience from the TSTA
(Tritium Systems Test Assembly) experiment [157], which reported tp = 24 h. The
same author restricted the range to 1-12 h in the more recent work on tritium fuel
cycle analysis [30]. A recent analysis for DEMO fuel cycle assumed tp = 4800 s
[145]. Coleman et al. [151] performed fuel cycle analyses considering a tp = 5±2 h.
The range 1 h to 12 h is therefore considered suitable to investigate a wide range of
possible operating scenarios. The reader should be aware that tp here is considered
to be the sum of the fuel clean-up time τfc and the ISS residence time τ ISS only. We
kept this definition of tp for consistency with the work from [30]. An alternative
definition of tp for an FPP with DIR technology can be easily derived from a tritium
mass balance in the DIR loop, fuel cleanup system and ISS:

Itot = IDIR + Ifc + IISS (4.20)

where Itot is the total mass of tritium in the control volume encompassing the DIR
loop, fuel cleanup system and ISS. Recalling that ṁi =

Ii
τi

(Section 4.2.2), Eq. (4.20)
can be written as:

ṁtottp,eff = ṁDIRτDIR + ṁfcτfc + ṁISSτ ISS (4.21)

where ṁtot = ṁDIR + ṁfc + ṁISS, and the effective (or average) tritium processing
time (tp,eff) is defined as the average time required by the tritium to flow from the
vacuum pumps to the storage system (passing through the DIR or through the fuel

cleanup and isotope separation systems). Since fDIR ≡ ṁDIR

ṁtot
, Eq. (4.21) can be

rewritten as:
7A simple calculation can show why AF < 50% is not commercially viable. The payback time

(PT) of a FPP can be computed to a first approximation as PT=Ctot/(8760PelAFcel), where PT [y] is
the payback time, Ctot[$] is the total FPP cost (here assumed equal to the overnight cost for sake of
simplicity), and cel [$/kWh] is the electricity cost. For FPPs, Ctot is still unknown, but a reasonable
value can be extrapolated from innovative nuclear reactor designs, such as GEN-IV molten salt
reactors (MSR). The overnight cost of an MSR ranges from $1B to $10B [154]. Assuming Ctot =$5B
and cel = 0.129 $/kWh (the average price of U.S. electricity in June 2022 [155]), for Pel = 200 MWe
(the ARC-class tokamak power output) and AF = 0.5, the resulting payback time is PT=44 y, which is
too long to make the FPP economically attractive.
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Component Symbol Value Range Units

Breeding zone τBZ 1.25 1 – 240 h
First wall τFW 1000 - s
Divertor τdiv 1000 - s
Tritium extraction system τTES 24 1 - 240 h
Heat exchanger τHX 1000 - s
Vacuum pump τvp 600 - s
Fuel clean-up τfc 0.3 0.1 - 1 h
Isotope separation system τ ISS 3.7 0.9 - 11 h
Detritiation system τdet 1 - h

Table 4.2 Tritium residence time in the fuel cycle components and systems. Nominal value
for the baseline case and the range used in the parametric analysis are reported.

tp,eff = τDIR f DIR +(1− f DIR)(τ ISS + τfc) (4.22)

This definition is useful when one wants to investigate the effect of DIR at a very
high level, without entering into system-level details. Since this model is system-
level and allows for a more detailed treatment, this definition is not used. Hence,
the value of tp is independent of fDIR in the following analysis. tres ranges from
1-48 h. Larger values of tres leads to impractical start-up inventories, as shown in
Section 4.3.8.

The second set of relevant parameters for the model are the tritium residence
times in individual fuel cycle components and systems. These values are reported
in Table 4.2. Note that we refer to a general “breeding zone" and not to the LIB,
because tritium will be produced in FLiBe-containing VV and divertor channels.
The residence time in the breeding zone was quantified from the steady-state tritium
inventory computed by Ferrero et al. [27]. Fuel cycle simulations with the present
model were run for different τBZ until the breeding zone tritium inventory reached
3 g, which was the value found in [27]. This resulted in a τBZ = 1.25 h. The fuel
clean-up and ISS residence time sum to 4 h for the baseline case, 1 h for a short
processing time case, and 12 h for a long processing time case [30]. The storage
residence time does not appear in Table 4.2 because the tritium outflow from the
tritium storage system is defined by the required fueling rate.
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Parameter Symbol Mean value Range Units

Availability factor AF 0.75 ±0.25 -
Tritium burn efficiency TBE 2.5 ±2.5 %
DIR fraction fDIR 0.5 ±0.5 -
Breeding zone residence time τBZ 13 ±11 h
TES efficiency ηTES 0.7 ±0.3 -
Tritium processing time tp 6.5 ±5.5 h
Reserve time tres 24 ±24 h
Doubling time td 6 ±5 y

Table 4.3 Mean value µ and range σ of the parameters used in the Sec. 4.3.2 sensitivity
analysis. Each parameter was varied across the specified range, centered on the mean value,
in increments of (range)/6.

4.3.2 Sensitivity analysis

The following eight parameters have been varied for the sensitivity analysis:
availability factor (AF), tritium burn efficiency (TBE), DIR fraction ( fDIR), breeding
zone residence time (τFW), TES efficiency (ηTES), tritium processing time (tp),
reserve time (tres) and doubling time (td). During each simulation, all but one of the
parameters are fixed. The parameter being studied is varied through the range
specified in Table 4.3. The mean values and the range specified in Table 4.3 are
slightly different from the nominal values specified in Table 4.1 and Table 4.2 to
better emphasize the sensitivities of TBRr and Istartup.

Figure 4.4 shows the results from the sensitivity analysis for TBRr. The
sensitivity index coefficient (IC) was computed as:

IC =
∆Y
∆X

Xmean

Ymean
(4.23)

where ∆Y is the change in TBRr or Istartup due to a change of ∆X in one of the design
parameters. ∆X is computed as:

∆X = xmax − xmin (4.24)

where xmax = µ +σ and xmin = µ −σ , µ is the mean value and σ is half of the
range of variation. The relative sensitivity index coefficient (RIC) makes it easier
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Fig. 4.4 (a) Normalized TBR and relative sensitivity index coefficient (RIC) show the
sensitivity of TBRr to the eight parameters listed in Table 4.3. (b) Normalized Istartup and
RIC show the sensitivity of Istartup to the same eight parameters. To normalize TBRr and
Istartup, all design parameters were set to the mean value reported in Table 4.3. Each design
parameter has been varied in [µ −σ ,µ +σ ] range, where σ is the range reported in Table 4.3,
choosing 7 equally-spaced points. Both TBRr and Istartup sharply increase as TBE decreases.
TBE shows the second largest (by absolute value) RIC for TBRr and the largest RIC for
Istartup. With the exception of AF, the RIC for each design parameter has the same sign for
TBRr and Istartup, meaning that the minimization of TBRr and Istartup can be achieved without
tradeoffs. AF considerations are explained in detail in Section 4.3.7.
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to understand the dependence of TBRr and Istartup on the design parameters. It is
plotted in Figure 4.4 and is given by:

RIC =
ICi

Nparams

∑
n

ICn

(4.25)

where ICi is the sensitivity index coefficient of the i-th parameter and the summation
runs over all parameters.

The most impactful parameters for TBRr are TBE and the doubling time td .
TBRr → ∞ as TBE → 0 because the fuel utilization is so low that the amount of
bred tritium is negligible relative to the Istartup that must be doubled. This limit also
follows from the definition of the fuel injection rate Ṫfuel:

Ṫfuel =
ṄT,burn

TBE
(4.26)

As TBE → 0, Ṫfuel → ∞, and so the required Istartup → ∞ as well (Figure 4.4).
It is therefore impossible to meet a given target td unless TBR → ∞. Similarly,
TBRr → ∞ as td → 0. In order to achieve both tritium self-sufficiency and shorter td ,
it is necessary to achieve high TBE. Other factors that impact TBRr - although not
to the extent that td and TBE do - include:

• DIR fraction fDIR: affects IFC dynamics. Higher DIR fractions reduce the
time tritium spends in the IFC, decreasing Istartup and TBRr;

• Reserve time tres: a larger tres requires a larger Istartup and thus a higher TBRr

(given a fixed td);

• Tritium processing time tp: affects IFC dynamics in a similar way to fDIR;

• Availability factor (AF): a lower AF indicates less operating time and less
tritium production, so TBRr must increase to meet the td target if AF decreases.

τBZ and ηTES have a weak effect on TBRr. While they affect the tritium inventory
in the OFC, they do not significantly impact system dynamics and tritium production.
This is explained in greater detail in Sections 4.3.3-4.3.4.
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4.3.3 Tritium burn efficiency

TBRr and Istartup are shown in Figure 4.5 as a function of TBE for different values
of tp. It is highly unlikely that we can attain TBR > 1.3; extremely challenging but
possible to attain TBR = 1.2-1.3, challenging but reasonable to expect that we can
attain TBR = 1.1-1.2, and likely to achieve TBR < 1.1. The lowest value of TBE
considered, 0.5%, might be a realistic value for the first generation of ARC-class
tokamaks [153], but will require fast processing times and high TBR to achieve
tritium self-sufficiency. For low values of TBE, tp has a large impact on TBRr and
Istartup because most of the injected tritium is exhausted from the vacuum boundary
and processed in the IFC. Figure 4.5 highlights the importance of achieving high
TBE and fast tp in order to relax TBR requirements on the blanket design.

As TBE increases, less tritium is flowing through the IFC and the importance
of tp diminishes. Slow IFC dynamics (tp > 4 h) are acceptable for TBE > 4%, and
TBRr < 1.1 and Istartup < 2kg are still within reach. Figure 4.5 shows that targeting
a longer td is an effective way to reduce TBRr. However, Istartup is weakly affected
by the choice of td , and other strategies are needed to decrease it.

4.3.4 Outer fuel cycle residence time

The relevant timescales for tritium transport through the OFC range from a few
minutes in the divertor, FW, and heat exchanger to days in the breeding zone and
TES. OFC dynamics are therefore dominated by τBZ and τTES. The baseline case
assumes τBZ = 1.25 h and τTES = 24 h (Table 4.2). The components with a short
tritium residence time do not significantly affect nominal system operations, even if
the residence time is increased by a factor of 10 (i.e., from 20 min to 3 h). Figure 4.6
shows how different values of τBZ affect TBRr and Istartup. Decreasing τBZ does not
have a significant impact on TBRr or Istartup for τBZ < 24 h. As τBZ goes above 1 d,
there is a small corresponding increase in TBRr and Istartup. Generally, as long as
τBZ is on the order of 1 d, engineering efforts directed at decreasing τBZ are unlikely
to meaningfully reduce TBRr or Istartup.

Figure 4.7 shows the evolution of tritium inventories in the ISS, tritium storage,
breeding zone, and TES systems for τBZ = 1 h and τBZ = 10 d. Longer values of τBZ

are associated with a larger breeding zone inventory and a delayed minimum point.
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Fig. 4.5 TBRr and Istartup as a function of TBE, for different processing times and doubling
times. For td = 2 y (left column), tp has a small impact on TBRr when TBE is high (> 4%).
For low TBE, tritium self-sufficiency becomes difficult to practically achieve unless tp is
quite low. For the longer td of 5 y (right column), engineering and design constraints on
the blanket are relaxed: tritium production rates can be lower and longer tp is acceptable.
The plots also show that for very low TBE < 0.5%, Istartup and TBRr sharply increase to
impractical values.

In Figure 4.7, the increase in τBZ shifts the minimum point time from ∼hours after
start-up to ∼days. Nevertheless, this shift is negligible compared to the doubling
time, and increasing τBZ results in very small increases in TBRr. The observed
increase in TBRr compensates for the larger tritium losses in the breeding zone that
inevitably occur (e.g., due to permeation or radioactive decay) when tritium resides
there for longer.

Figure 4.8 shows the steady-state breeding zone inventory for different residence
times. This relationship is linear. A τBZ of 10 d results in a steady-state breeding zone
inventory of ∼ 600 g; for τBZ = 1 h, this drops to ∼ 3 g. Here we see the advantage
of efficient T extraction from the blanket: while τBZ may not have a large impact on
TBRr or Istartup, it determines T inventory in the blanket. Large quantities of tritium
in any part of the plant present maintenance challenges and may be unacceptable
from a regulatory standpoint: we want to attain tritium self-sufficiency while still
minimizing overall on-site inventory.
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Fig. 4.6 TBRr and Istartup for different residence times in the breeding zone. τBZ has effectively
no impact on TBRr and Istartup for τBZ < 1 day. At longer τBZ, TBRr and Istartup increase
slightly.

τTES and τBZ have the same effects on the OFC dynamics and tritium
self-sufficiency. Varying τTES results in equivalent inventory evolution trends as
those shown in Figs. 4.6 and 4.7, and the plotted results are omitted here.
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Fig. 4.7 Evolution of relevant system inventories for (a) τBZ = 1.25 h and (b) τBZ = 10 d. The
slower dynamics and the shift of the minimum time for τBZ = 10 d is depicted.
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Fig. 4.8 Steady-state tritium inventory in the breeding zone for different residence times.
Longer τBZ is associated with larger T inventories in the blanket, which presents maintenance
and regulatory challenges. Higher values of TBE are associated with smaller tritium
inventories in the breeding zone, as the fuel is being used more efficiently and TBRr is
lower.
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4.3.5 Tritium extraction efficiency

The OFC is further characterized by the TES tritium extraction efficiency ηTES. It
is difficult to assume a baseline value for ηTES for ARC because tritium extraction
from FLiBe has been poorly investigated [158, 159], extrapolation from small scale
experiments is not straightforward, and full-scale breeding systems have not been
tested yet. Experimental data on tritium solubility and diffusivity in FLiBe is limited
in scope and varies by multiple orders of magnitude [23]. In this analysis, ηTES is
varied over a wide range to explore the consequences of multiple operating points
for an ARC-class plant. Data from the upcoming LIBRA experiment will narrow the
range of possible values of ηTES for an ARC-class FPP [39].

Counterintuitively, ηTES does not have a strong impact on tritium self-sufficiency.
If ηTES is lowered, the concentration of tritium in the FLiBe of the ARC breeding
zones increases, but the rate of tritium extraction is maintained at the prior level.
This affects the tritium inventories in the OFC (higher tritium concentrations in
FLiBe lead to higher concentrations in the other OFC components), but has minimal
impact on tritium self-sufficiency. The OFC components take more time to reach
their steady-state tritium inventory values, but TBRr remains almost the same. We
have explained in Section 4.3.2 how the TBRr is strictly related to td . The slowing
of OFC dynamics is negligible with respect to the doubling time (days vs years).
Furthermore, the additional tritium lost due to buildup in the OFC components
(10-100 g, as shown in Figure 4.9) is 1-2 orders of magnitude smaller than the initial
inventory that must be doubled (1-10 kg). The TES tritium inventory for different
values of ηTES is shown in Figure 4.9. Even in the worst-case scenario (TBE = 0.5%)
the difference between a high efficiency TES (ηTES = 95%) and a low efficiency TES
(ηTES = 40%) is a ∼100 g increase in the TES inventory. ηTES has a marginal effect
on TBRr. For TBE = 1%, if we reduce ηTES from 95% to 40%, TBRr increases from
1.15 to just 1.16 - less than a 1% increase.
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Fig. 4.9 Steady-state tritium inventory in the TES for different values of ηTES and TBE.
Higher efficiency in the TES and in the fueling system corresponds to lower TES tritium
inventory.
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4.3.6 Direct internal recycling fraction

DIR impacts IFC dynamics only. As shown for the DEMO fuel cycle in [30], the
inclusion of a DIR line can have a dramatic impact on TBRr and Istartup in the ARC
fuel cycle if operating at low TBE values. DIR technology is therefore an important
tool for achieving tritium self-sufficiency, especially if fueling technologies are not
significantly improved by the time the first FPPs are built. A DIR fraction ( fDIR)
of 0.9 (indicating that 90% of exhausted fuel is directly recycled back to tritium
storage and fueling) reduces TBRr by 10% for TBE=0.5%. The TBRr reduction is
less dramatic when operating with high-efficiency fueling: at higher values of TBE,
the tritium flow rate in the IFC is decreased, thus reducing the impact of DIR on
TBRr. For example, at TBE=5%, implementing DIR with fDIR=0.9 reduces TBRr

by just 1%. This relationship between TBRr and fDIR is shown in Figure 4.10(a).
Istartup follows a similar trend: increasing fDIR decreases Istartup, but the trend is most
pronounced at low TBE values. Istartup is strongly affected by IFC dynamics because
the majority of tritium in the plant will flow through the IFC (95% for TBE=5%).The
DIR line is therefore also a powerful tool for reducing Istartup and easing regulatory
burdens for ARC. However, including DIR leads to a more complex IFC design. If
ARC is able to achieve high TBE, the increase in system complexity may not be
worth the small reduction in Istartup and TBRr (especially for low fDIR).
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Fig. 4.10 TBRr and Istartup as a function of the direct internal recycling fraction. DIR is more
advantageous when operating at low tritium burn efficiency.
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4.3.7 Availability factor

FPPs must reliably output power to be economically feasible. It is explained in
[30] that the mean time between failures (MTBF) in DEMO and the mean time to
repair (MTTR) will be respectively short (on the order of days) and long (on the
order of months). This is because the DEMO blanket, FW, and divertor are located
inside the vacuum vessel, which makes reliability, accessibility, maintainability,
and inspectability (RAMI) quite complex for these components. Here, we see a
key advantage of the ARC-class FPP. The vacuum vessel is located inside the LIB,
which uses a minimum of structural materials. This has important consequences
for RAMI. The liquid blanket is not damaged by neutron radiation, cannot fail due
to thermo-mechanical stresses, and provides a large thermal sink in case of severe
accidents. Furthermore, demountable magnet coils and a drainable blanket allow
easy access to the VV for maintenance and replacement8. In-vessel components
can be removed and replaced without dismantling a great number of solid structural
components, reducing MTTR. Ideally, these design choices will increase the AF of
ARC-class FPPs relative to other designs, as AF is inversely proportional to MTTR
[30]):

AF =
MTBF

MTBF+MTTR
(4.27)

This is an alternative definition of AF (compare to Eq. (4.4) in Section 4.2.2)
that explicitly shows the inverse dependence of AF on MTTR. The effect of plant
AF on TBRr is shown in Figure 4.11. Improving AF has the most significant impact
on reducing TBRr when TBE is low. The two dashed lines identify the best-case AF
operating points for two possible combinations of (tpulse, toff). For (tpulse = 1800 s,
toff = 60 s) the best possible AF (no system failures or need for maintenance) is 97%.
For (3600 s, 120 s) the best possible AF is 94%.

At TBE = 0.5%, tritium self-sufficiency is almost impossible if AF < 90%: it is
difficult to see, based on neutronics studies, how we could achieve a TBR > 1.25. In
this scenario, a large DIR fraction would be required to bring down the TBRr, and
even then it is not obvious that tritium self-sufficiency would be possible. On the

8In ARC-class FPPs, the VV is not a lifetime component, but is replaced regularly (i.e., every few
years). This eases the challenge of robust VV design, because the structure needs to retain its integrity
for a shorter time.
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other hand, for TBE > 1%, tritium self-sufficiency could theoretically be achieved
even with low availability factors, e.g. AF = 50% (although TBRr > 1.15 is still
not necessarily “easy" to achieve). For TBE = 5%, TBRr is almost insensitive to
improvement in AF > 70%. Note that if AF drops below 50%, TBRr increases
significantly, as described in [30]. This is because at low AF, radioactive decay loss
becomes significant (inventory will decrease at a rate of ∼5.5% per year if the plant
is not producing tritium). Furthermore, if td is fixed, more tritons must be produced
for every neutron to compensate for the shorter operating window associated with
low AF. This concept is shown in Figure 4.12.

Istartup is not affected by AF for any value of TBE. A lower AF shifts tmin further
in time. However, even for AF = 50%, when tmin is almost doubled, the timescales
involved are of the order of days. The additional tritium required to compensate for
the associated decay losses is negligible, and Istartup does not increase when the AF
decreases. So while improving AF will not reduce Istartup, high AF is necessary for
faster td and, of course, reliable production of power.
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Fig. 4.11 TBRr as a function of availability factor (AF). The dashed lines identify the AF for
two different combinations of (tpulse and toff).
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Fig. 4.12 Evolution of the tritium inventories in the tritium extraction system, isotope
separation system, and tritium storage system. These are the most relevant tritium inventories
in the plant. At fixed TBR, a FPP with AF = 50% takes almost twice the time to double the
initial inventory with respect to a FPP with AF = 100%.
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4.3.8 Doubling time

The doubling time td is the most important parameter affecting TBRr, and it is
assumed that the FPP is intentionally designed to be capable of achieving a target td .
A shorter td requires a larger tritium production rate and a higher TBR. Conversely,
tritium self-sufficiency requirements can be relaxed if a longer td is acceptable to the
FPP designers. Figure 4.13 shows TBRr for the ARC system for different doubling
times. For TBE = 0.5%, FPP designers would likely need to settle for long doubling
times (on the order of years) in order to get to a reasonably achievable TBRr. If
td = 5 y is acceptable, then tritium self-sufficiency should not be a leading issue,
especially if TBE > 1% (i.e., TBRr < 1.1). It should be noted that short td (e.g.,
td < 2 y) may not even be desirable in early plants if FPPs are slow to penetrate
the electricity market. Rapidly doubling the tritium inventory every year without
a corresponding demand could result in unnecessary regulatory challenges due to
the need to safely store large amounts of tritium. For now, a target td = 2 y seems
reasonable in terms of design requirements and possible benefits for a first generation
of ARC-class FPPs.
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Fig. 4.13 TBRr for different doubling times td . A short td requires high TBR. For td =
1 y, tritium self-sufficiency is highly unlikely if TBE < 1%. If a longer td is acceptable,
tritium self-sufficiency is much easier to achieve. For td = 5 y, tritium self-sufficiency is
possible even if TBE = 0.5%. The bottom plot zooms in on TBRr in the region of interest
(TBRr < 1.3).
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4.3.9 Reserve time

The reserve time tres has a fundamental impact on FPP operations in the event that
some part of the fuel cycle fails. Longer reserve times make it possible to keep
operating when failure requires a lengthy repair, but leads to higher Istartup and thus
higher TBRr for a fixed td (Figure 4.14). At TBE = 0.5%, tres > 24 h is infeasible as
this leads to unachievable TBRr (>1.3). Improving TBE enables a longer tres, but
it is important to balance the advantages of a longer tres against the disadvantages
of a larger Istartup. At low values of TBE, small increases in tres correspond to large
increases in Istartup, as shown in Figure 4.14.
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Fig. 4.14 TBRr and Istartup for an ARC-class FPP as a function of tritium reserve time. Istartup
increases linearly with tres. The TBRr increases accordingly for fixed td as a higher inventory
must now be doubled.
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4.3.10 Non-radioactive loss fraction

The non-radioactive loss fraction is a parameters of great interest because it models
tritium losses and, indirectly, the efficiency of the tritium permeation barriers. ε =

10−4 is a necessary target to achieve tritium self-sufficiency. For TBE > 2% a
lower ε does not strongly affect tritium self-sufficiency, whereas at lower TBE
reducing ε below 10−5 could be beneficial (Figure 4.15). Tritium self-sufficiency
is impossible for ε > 10−3 unless TBE ≫ 5%, and even in that case it would be
extremely challenging to achieve tritium self-sufficiency (TBRr > 1.2).

The start-up inventory is not affected by ε . Section 4.2 showed how the start-up
inventory is mostly affected by the initial transient occurring before the minimum
time. The tritium lost during this transient due to large ε is negligible, hence Istartup

does not change even at high ε .

Tritium self-sufficiency might not be the leading goal in minimizing ε . ε ∼ 10−4

seems acceptable from the tritium economy standpoint, but more strict requirement
might be imposed by safety regulation.



130 ARC fuel cycle

2

4

6

Required 
 TBR        

TBE = 0.5%
TBE = 1.0%
TBE = 2.0%
TBE = 5.0%

10 7 10 6 10 5 10 4 10 3 10 2

Non-radioactive loss fraction 

1.0

1.1

1.2

1.3

1.4
Required 
 TBR        

TBE = 0.5%
TBE = 1.0%
TBE = 2.0%
TBE = 5.0%

Fig. 4.15 TBRr for different non-radioactive loss fractions ε . For ε > 10−3 the TBRr

increases exponentially for any value of TBE. Tritium self-sufficiency is unpossible unless
TBE > 5%. For ε < 10−3 tritium self-sufficiency becomes achievable, especially for TBE >
2%. For ε < 10−5 no significative changes are observed if TBE > 1%.
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4.3.11 Implications for ARC-class FPP design and operations

Continued advances in both fuel cycle technology and plasma performance should
make tritium self-sufficiency in ARC very feasible. However, the goal of this
section is to provide design guidelines to ensure tritium self-sufficiency in the
first generation of ARC-class FPPs even if minimal progress is made in fuel cycle
or plasma operations technologies in the coming years. Table 4.5 provides the
TBRr and Istartup for an ARC-class FPP operating with an “ambitious” fuel cycle
(targeting td = 1 y) and a “moderate” fuel cycle (targeting td = 2 y). For each, three
cases are considered: (1) fuel cycle (FC) technology has improved significantly
relative to the present day (but plasma operation technologies have not), (2) plasma
operations (PO) technologies have improved significantly relative to the present day
(but FC technologies have not), and (3) both the FC advances from (1) and the PO
advances form (2) are implemented in a “best case” scenario. In the model presented
here, improvements in the FC correspond to improvements in AF, fDIR, and tp.
Improvements in PO correspond to improvements in TBE. Results in Table 4.5 are
based on a simplified view of a very complex engineering system, but they provides
useful guidelines for organizing near-term R&D of ARC-class tokamaks. As was
the case in [30] for DEMO, improving the TBE lowers the required AF, fDIR, and tp

to achieve a given td target. For both the ambitious and moderate td targets, TBRr

is well within the expected achievable range (<1.15) if FC and PO technologies
improve with respect to the baseline case. The neutronics analysis carried out by
Bae et al. [160] reported a TBRa = 1.053 for an Inconel-718 VV in ARC. A similar
result is reported in [161], which used a simplified neutronics model of an ARC-class
plant and calculated a TBRa = 1.07. We note that while TBRr can be lowered by
improving PO and FC technology, we can also increase TBRa by optimizing plant
design and materials choices (for example, if V-Cr-Ti alloys can be used for the VV,
TBRa may be as high as 1.2 [161]).

A second consideration involves the DIR, which should lower TBRr and Istartup

for a given FPP design at the cost of increased complexity. We note that if the TBE
is sufficiently high, advantages gained from DIR are small and may not be worth
the associated costs. Furthermore, the successful implementation of DIR in ARC
depends on the development of metal foil pumps that process the exhaust flow. If
DIR is deemed necessary in order to achieve tritium self-sufficiency, then this is an
obvious argument in favor of prioritizing R&D of these pumps.
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Component T inventory Units

Divertors 1.4 ·10−4 g
FW 1.4 ·10−4 g

Breeding zone 3 g
TES 60 g
HX 3.5 ·10−4 g

Vacuum pumps 9 g
Fuel clean-up 77 g

Detritiation system 8 g
ISS 260 g

Storage system 1.14 kg
Table 4.4 Tritium inventories in FC components at steady-state, for the baseline design
parameters. The tritium inventory for the separation membrane downstream of the TES is not
reported because it is negligible. The storage system inventory does not reach a steady-state,
and the start-up inventory is reported as maximum value (assuming that tritium is removed
at each td).

Lastly, the tritium inventories in the FC components (Table 4.4) and the start-up
inventories reported in Table 4.5 are reasonably achievable for the first ARC-class
FPP. The initial tritium inventory required to begin operations can be provided by
present reserves [133].

4.4 Discussion

The results suggest that, based on the current conceptual design of ARC-class FPP,
tritium self-sufficiency is feasible assuming the baseline parameters of Table 4.1 are
achieved. Section 4.4.1 compares the ARC fuel cycle results to those calculated
(in [4]) for STEP-EBB (Encapsulated Breeding Blanket [162]), STEP-Li (liquid
lithium blanket) and EU-DEMO (in [30]). Section 4.4.2 highlights the link between
TBE and power production and shows why the TBE cannot be increased indefinitely.
Section 4.4.3 briefly discusses the potential impact of tritium trapping, which has
not been considered in this model. Section 4.4.4 highlights the next steps to increase
the accuracy of fuel cycle modeling. Section 4.4.5 analyses the relationship between
the tritium doubling time and FPP construction time.
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Baseline case Ambitious (td=1 y) Moderate (td =2 y)

Parameters No FC or FC advances PO advances Both FC advances PO advances Both
PC advances only only only only

AF (%) 70 90 70 90 90 70 90
TBE (-) 0.02 0.02 0.1 0.1 0.02 0.1 0.1
fDIR (-) 0.3 0.7 0.3 0.7 0.7 0.3 0.7
tp [h] 4 1 4 1 1 4 1
td [y] 1 or 2 1 1 1 2 2 2

TBRr (-) 1.113 (td = 1) 1.064 1.029 1.022 1.039 1.017 1.012
1.067 (td = 2)

Istartup [kg] 1.14 (td = 1) 1.12 0.33 0.30 1.12 0.33 0.30
1.14 (td = 2)

Table 4.5 TBRr and Istartup for an ARC-class FPP, assuming baseline design parameters,
an ambitious operating scenario (td=1 y), and a moderately ambitious operating scenario
(td=2 y). This allows to consider how parameters change if we can implement significant
improvements in fuel cycle (FC) technologies, in plasma operations (PO), or in both. The
advanced-FC scenario considers AF = 90%, fDIR = 0.7, tp = 1 h, and TBE = baseline case
(0.02, based on the current state-of-the-art). The advanced-PO scenario considers TBE = 0.1
and all other parameters unchanged from the baseline scenario. The “both" scenario assumes
that both FC and PO advances have been implemented.

4.4.1 Comparison of D-T FPP designs

The fuel cycle analysis for DEMO presented in [30] highlighted serious
vulnerabilities in the design of the 3 GWth FPP with regards to tritium
self-sufficiency. For low tritium burn fractions ( fb = 0.36%) and fueling efficiencies
(ηTES = 25%) that currently characterize the technologies used in the design, TBRr

is far larger than the achievable TBR deemed possible by the inherent neutronics of
the plant. If such a low TBE characterizes ARC-class FPP, tritium self-sufficiency
will be similarly unlikely.

Section 4.3.2 showed how TBRr is mostly determined by the td target, which is
independent of the fusion power. Figure 4.16 shows the relative sensitivity index
coefficient (RIC) for TBRr and Istartup for the three FPP designs. Practically no
differences exist between ARC and other designs. Since the layouts of their IFCs
are the same, and their OFC differs only for a few parameters, this is to be expected.
Figure 4.16 suggests that the results presented in this analysis are applicable to other
tokamak designs with different OFC components, provided that τOFC∼ days and
ηTES > 10%.

Compact size, modular structure and the liquid immersion blanket concept bring
many advantages to the ARC-class design. A very low availability factor is expected
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Fig. 4.16 Relative sensitivity index coefficient (RIC) of TBRr (a) and Istartup(b) of ARC,
STEP-EBB and STEP-Li [4]. No significant differences are found between ARC, STEP-EBB
and STEP-Li as they have similar fuel cycle designs.

for DEMO and near-term FPP [30]. Therefore, a high TBE will be required to
compensate for the low availability in order to achieve tritium self sufficiency. This
will require major technology advances in a short time frame with regards to plasma
operations and fueling technologies. ARC-class tokamaks may be able to achieve
much better availability factors from their first generation as a simple result of their
characteristic design. Demountable magnets and a replaceable VV aim to minimize
mean-time-to-repair and thus improve AF. The LIB can be considered a FPP lifetime
component, which is undamaged by radiation damage or thermomechanical stresses.
The maintenance required by the LIB is primarily chemistry control: FLiBe purity
must be continuously monitored to prevent the formation aggressive radiochemical
byproducts of the tritium breeding reaction (e.g, TF) and remove impurities, as
this is expected to cause severe corrosion issues in FLiBe-facing components. Of
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Baseline FC PO Both

ARC TBRr 1.067 1.039 1.017 1.012
Istartup [kg] 1.14 1.12 0.33 0.30

STEP-EBB TBRr 1.068 1.040 1.018 1.012
Istartup [kg] 8.94 7.50 2.36 2.20

STEP-Li TBRr 1.070 1.041 1.020 1.015
Istartup [kg] 9.15 7.20 2.36 2.20

Table 4.6 Comparison of D-T FPP designs for the baseline case and the three possible
advanced scenarios. The points refer to the “moderate” scenarios (td = 2 y).

course, the successful operation of the ARC-class tokamak depends on the rapid
development of demountable magnet joints and LIB technology. If this happens, it
becomes realistic to target an availability factor larger than 50% in ARC, which will
relax requirements on TBE.

The lower fusion power of ARC does not directly lower TBRr, but Istartup is
significantly lowered (Table 4.6). We showed that Istartup in ARC depends on the IFC
dynamics and the desired reserve inventory (Sections 4.3.6 and 4.3.9). A 525 MWth

FPP burns much less tritium than a 3000 MWth one. Hence, less tritium is required
to sustain the initial operations of the FPP, and a lower reserve inventory is needed
to account for possible fuel cycle failures. This translates to start-up inventories
much lower than those required for STEP or DEMO (i.e., ∼1- kg [4] vs ∼10-100 kg
[30]). Table 4.7 lists the design parameters, TBRr, and Istartup for a “worst-case"
scenario for ARC, so-called because it assumes a low AF (below what would be
targeted for commercial operation), no technological advances in burn efficiency,
and no implementation of DIR. In this case, TBRr = 1.35, above TBRa for ARC,
so improvements in the fuel cycle or in plasma operations would be required to
achieve at least the baseline design parameters in Table 4.1 and to achieve tritium
self-sufficiency. As far as the start-up inventory is concerned, Istartup < 10 kg even at
TBE = 0.5 %, fDIR = 0, and AF = 50%. Considering that ARC is expected to start
operations before ITER D-T operations, the initial tritium inventory for ARC can be
covered by the available tritium supply [133].
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Parameter Value Units

AF 50 %
TBE 0.005 -
fDIR 0 -
tp 4 h
td 2 y

TBRr 1.35 -
Istartup 5.4 kg

Table 4.7 ARC design parameters, required TBR and start-up inventory for a “worst-case"
scenario.

Large Istartup does not need to be an unavoidable, intrinsic property of commercial
FPPs. It can be minimized by relaxing constraints on the required tritium reserve
inventory Ires, as shown in Figure 4.17. This is evident for the advanced fuel cycle
(“FC") scenario. Ires accounts for ≈ 85% of Istartup in the STEP-class tokamak [4].
The ARC start-up (and reserve) inventory is about 6× lower than STEP’s because
Pfus,STEP ∼ 6Pfus,ARC. Without a reserve inventory, Istartup < 200 g. Decreasing or
eliminating Ires is a key strategy for minimizing Istartup, and may be required for
regulatory and safety purposes. This will be an important risk analysis for plant
designers to consider: Ires allows the plant to keep running even if part of the fuel
cycle breaks temporarily. However, we will have to consider whether the fuel cycle
components are the most likely points of failure in the FPP. If the plant is shut down
for reasons other than a fuel cycle failure, having a large reserve tritium inventory
won’t turn the plant back on, but it does add potential safety liability.
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Fig. 4.17 Istartup with and without a reserve inventory at the beginning of the operations
(FC scenario) for ARC, STEP-EBB and STEP-Li [4]. Istartup of high-power-output FPPs is
significantly increased if the reserve inventory is included at the beginning of the operations.
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4.4.2 Limitations to the maximum TBE in a D-T FPP

The impact of a high TBE on TBRr and on tritium inventory has been highlighted
multiple times in this Chapter. It might seem natural to target extremely high TBE
in a FPP. However, a TBE > 10-20% would be deleterious for the plant economics.
TBE depends on fHe,core (the helium ash fraction in the core), and, via the dilution
factor, Pfus (the fusion power density) depends on fHe,core [138]. This imposes a
tradeoff between efficient tritium burn and fusion power density. Figure 4.18 shows
the required TBR and the fusion power density ratio as a function of TBE. The
optimal TBE range is between 10% and 15%, depending on the reduction in Pfus that
is considered acceptable for a given FPP design. A FPP with a very efficient fuel
cycle (e.g. short tp and large fDIR) might target relatively low TBE (e.g. TBE = 5%)
to maximize Pfus and electricity production. Conversely, a FPP with a less efficient
fuel cycle might choose to maximize TBE, and thus account for smaller revenues
from electricity production with a chepaer fuel cycle design. The game-changing
variable here is the pump selectivity Σ, which allows for a very high TBE with no
drawbacks on the fusion power density if Σ > 3 [138].
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Fig. 4.18 TBRr and fusion power density ratio as a function of TBE for an ARC-class FPP
with baseline parameters (ηHe = 0.5, td = 2y). The fusion power reduction is approximately
30% at TBE = 10% for Σ = 1, and 10% for Σ = 3. TBE < 10% is therefore necessary to
avoid excessive power reduction at Σ < 3, while 10% < TBE < 15% might be acceptable
for higher Σ.
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4.4.3 Potential effect of T trapping in solid components

In this analysis, hydrogen trapping has been neglected. Hydrogen can however
be trapped in defects of solid materials (vacancies, grain boundaries, impurities,
voids, etc.) [163, 164]. The concentration of trapped hydrogen depends on the
concentration of mobile hydrogen, the material (and its inherent trapping properties),
and the temperature. Dark et al. showed that neglecting trapping in WCLL breeding
blankets would lead to an underestimation of the tritium inventory (between 14%
and 35% in the structural materials and by a factor of 4.5 in the W first wall) [165].
Including trapping will impact (although hard to quantify) the dynamics of the fuel
cycle models. Components may build up an inventory of trapped hydrogen, delaying
tritium retrieval and affecting Istartup, TBRr, and/or td . Conducting a thorough
investigation on hydrogen trapping and its potential influence on the results presented
here is outside of the scope of this study. However, this point should be addressed in
future work.

4.4.4 Reducing uncertainty in fuel cycle modeling and design

The parametric analysis presented in this work explored ARC operations across a
wide range of possible operating parameters. This range should be narrowed to better
focus technology development moving forward. This will require design teams to (1)
specify the technologies for the IFC, TES, and HX; (2) obtain better data describing
tritium transport phenomena in FLiBe and lithium; (3) quantify the attainable tritium
burn efficiency through detailed plasma physics simulations and/or experiments; and
(4) refine this model according to the results from (1)-(3).

The first step is a system engineering exercise similar to the one carried out by
Day et al. [166] for the conceptual design of DEMO fuel cycle. Existing technologies
will probably be implemented in the fuel cycle of a FOAK FPP because of the short
timeframe available for development. Residence times at each step of the model can
then be better-specified. This step will move the model from technology-agnostic to
technology-informed.

Better understanding of tritium transport in FLiBe will be pursued by
experiments like LIBRA [39]. Tritium transport properties in FLiBe are affected by
large uncertainties [23]. Tritium transport through the IFC and OFC is modeled here
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by Eq. (4.1), but this certainly is too simplistic. Improved datasets describing tritium
solubility and permeability through FLiBe and different materials are needed to
better predict residence times, improve technologies like the TES, and predict (and
mitigate) tritium loss due to permeation of structural materials. For example, LIBRA
will investigate tritium transport and radiochemistry in FLiBe in ARC relevant
conditions, providing more precise input data to tritium transport models. Tritium
extraction methods (gas sparging through salt and sweep gas flowing in tank
interstitials) will be tested as well, providing a rough estimate of achievable TES
efficiency. Steps like this move the fuel cycle model from physics-agnostic to
physics-informed.

The third goal will be pursued by devices like SPARC, which will investigate the
high-field path to practical fusion energy [167]. Preliminary results for ARC tritium
burn efficiency may come even earlier through detailed plasma physics simulations.
We know from [30] and the present analysis that the FPP’s utilization of fuel has
a profound effect on the tritium self-sufficiency of the system. These results will
improve confidence in the fuel cycle analysis and system design for ARC.

The last step is a modeling exercise. The fuel cycle model is scalable and flexible
thanks to its implementation in MATLAB Simulink®. A component level description
can be added in a similar way to the one described by Riva et al. [150] once
the uncertainties related to tritium transport properties are reduced. Alternatively,
standalone component simulations might be carried out to quantify the tritium
residence time. Then, the precise value for τi can be implemented in the MATLAB
Simulink® model, improving calculation speed.

4.4.5 Doubling time, construction time, and FPP penetration into
the electricity market

In this analysis, the doubling time td is defined as the time required to double the
FPP’s start-up inventory Istartup. This definition assumes implicitly that the limiting
factor on the construction and operation of new FPPs is the availability of tritium
fuel for plant start-up. The broader definition of "doubling time" is the time required
to double the number of a given FPP. We refer to this broader definition hereunder as
the construction time (tc) for grid-connected FPP. For the first generation of FPP, td
and tc will hardly match. The td targets described in this model are affected by large
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uncertainties. A minimum achievable tc will remain an unknown data point until the
first FPPs are built and operated. However, it is reasonable to expect construction
times much longer than the doubling times targeted in this analysis (i.e., 1 or 2 years).
For instance, the median construction time for fission power plants in 2021 was
88 months (∼ 7.3 y), despite eight decades of experience building fission power
plants [168]. In this paper, short doubling times are considered: 1 or 2 years. If we
optimistically assume a tc of 6 years for the construction of early FPPs, we see the
obvious issue with the aggressive td scenarios. A doubling time td =∼ 0.3tc sets
unnecessarily demanding requirements on the first FPPs without a corresponding
advantage in tritium economy. A large amount of tritium would need to be safely
stored for years before it could be used. It seems reasonable, then, to target longer td
for the first generation of FPPs.

However, td can be a misleading figure of merit in this context. If the first
generation of FPPs demonstrates the technical and economical feasibility of fusion
energy production, the construction of many FPP for the second generation might
start in parallel, potentially regardless of whether there is immediately tritium
available to start the finished plant. Also note that this analysis treats the number of
FPPs as a straightforward mathematical variable. In reality, commercial FPPs will
be affected by a far more complex political, social, economic, and commercial
landscape than can be accounted for in a simple fuel cycle analysis. In this Chapter
we are considering tritium self-sufficiency for individual FPPs; eventually, we will
need to consider what it means for a fusion power sector as a whole to be tritium
self-sufficient. As the fusion landscape evolves, we must incorporate more nuanced
discussions of fusion economics and future energy scenarios into our understanding
of tritium self-sufficiency.



Chapter 5

Conclusions and future work

5.1 Summary

This work presented a preliminary design, model, and safety assessment of two
safety-critical systems (primary cooling system and fuel cycle) in an ARC-class FPP.
Both the PCS and the FC layouts and models are the first attempt (in literature) to
design those systems in an ARC-class FPP. The thermal-hydraulics model of the
PCS is also one of the few models described in literature to integrate a deterministic
and a probabilistic approach towards big data applications. In fact, the study also
investigated novel approaches based on the integration of probabilistic and
deterministic analyses, with a focus on machine learning algorithms for nuclear
safety. DNNs were developed to showcase the potentiality of ML for FPP safety
(end state prediction and accident progression), and a framework to foster ML in
nuclear safety has been proposed based on the experience gained during ARC PCS
safety analysis.

Chapter 2 delves deeply into the PCS, where a preliminary layout of the system
is developed through a rigorous functional analysis. An FMEA is built on top of
this layout to determine the relevant failure modes and failure probabilities of PCS
components, and to identify the postulated initiating events. The FMEA sets the
basis for a probabilistic safety assessment from a classical perspective. The most
relevant PIEs involve pump and instrumentation failures, as expected from the review
of past experience on molten salt and blanket systems. Nevertheless, the ultimate
goal of Chapter 2 was to develop suitable tools for an integrated deterministic and
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probabilistic safety assessment. The qualitative and quantitative results from the
FMEA were used to inform a thermal-hydraulics model of the PCS. The TH model
was developed from scratch in OpenModelica to allow integration with probabilistic
routines, and was verified against available data in literature. A Monte Carlo failure
injection engine was coupled with the TH model to analyze unanticipated transients
started from the failures identified by the FMEA. This approach culminated in a
fully automated simulator equipped with a user-friendly python API (OMPython) for
pre-processing, and a suitable output for big data applications (i.e., machine learning
applications). The dynamics of the PCS were deeply analyzed, and the conditions
leading to hot or cold failures of the system were identified by means of data science
techniques.

The approach presented in Chapter 2 offers many advantages over a classical
safety analysis approach. Once automated tools are developed, the iterations between
design and safety analysis are quite straightforward from a practical perspective.
The integrated approach also allows for the removal, or at least the strong limitation,
of analyst bias and the transition from postulated initiating events to randomly
generated initiating events. This last feature is essential because it captures the real
dynamics of the system, which is defined by the failure probability and failure modes
of the system components only, without any assumptions from the analyst. The
simulated transients involved both safe and fault states because no system failure
was defined a priori. Clearly, such an approach is not exempt by criticality, and it is
worth mentioning the most critical issues and opportunities for future research.

First and foremost, it is important to note that the model presented in this
work was not validated, as no experimental data in relevant conditions for the
ARC PCS is available. However, this is not a major issue, as the model was not
intended to replace any established and validated codes, but rather to investigate
the workflow and requirements for a tool that leverages both deterministic and
probabilistic subroutines and can be coupled with machine learning algorithms. The
decision not to use a validated code was based on the goals of this work. Established
codes like MELCOR or RELAP are not suitable for the applications proposed in
Chapter 2 and Chapter 3. While pre-processing and post-processing of input files
can be managed by developing ad-hoc routines, this requires a significant effort.
Moreover, the computational cost for a single simulation is much higher, making
it challenging to build a database of transients without significant computational
resources. Finally, the closed-group nature of these codes is not suitable for big
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data applications, as sharing models and results is impractical. This highlights the
opportunity to develop modern computational tools that integrate deterministic and
probabilistic approaches [58], and/or different physics phenomena (e.g., FERMI
[169]).

Second, this approach may lack of conservatism. On the one hand, the classic
deterministic approach lacks domain coverage as it analyzes only a few severe
accidents, while on the other hand, an integrated probabilistic and deterministic
approach may not pinpoint to these very critical accidents because transients are
randomly sampled. A natural solution is to exploit these novel tools to support the
classical safety analysis, providing a more complete view on the whole spectrum of
possible accidents, and improving both the FPP safety and capacity factor.

Lastly, the use of data science tools to extract results from a large database is
more susceptible to analyst interpretation and choices. While the proposed approach
limits analyst bias in input, it still leaves some freedom of interpretation in the
post-processing phase. The different results obtained by clustering algorithms simply
by varying the number of clusters (Section 2.7) has demonstrated the need for a
rigorous methodology to apply data science tools to safety analysis. This topic has
been discussed in more detail in Chapter 3.

Chapter 3 presented a methodological discussion and practical applications of
machine learning (ML) to nuclear safety, building upon the results obtained in
Chapter 2. The key finding is that ML algorithms are capable of handling safety
assessment tasks if appropriately integrated within a suitable framework. Simple
ML models based on logistic regression and fully-connected neural networks were
successfully employed to predict the final state of unanticipated transients simulated
by the TH model of ARC PCS. Key issues such as handling false positives (negatives)
were addressed by analysing different performance metrics, showing that the area
under the curve of the receiver operator characteristic performs better than the widely-
used accuracy, and allows to minimize the misclassification of accidental scenarios.
The task was shown to be easy from the ML standpoint (i.e., the capabilities of
simple ML models are sufficient to perform safety-critical tasks), demonstrating that
a fully-connected neural network can aid in the decision-making process of operators
during accident scenarios.

More advanced tasks were accomplished by developing deep neural networks
capable of handling time series. An LSTM-based deep neural network was trained
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on a large dataset (15000 samples) of transients to predict the evolution of a safety
variable (FLiBe outlet blanket enthalpy) and the time-to-failure (TTF) of the system.
Predicting safety variables’ evolution may become critical during an accidental
scenario if direct measurements are not available, while the TTF provides a powerful
figure of merit, informing the operators in real-time of the predicted time before the
system reaches complete failure.

The analysis carried out in Chapter 3 also highlighted criticalities in ML for
safety applications. The nuclear community has little experience in ML, and the
literature contains few applications, which are strongly case-dependent. Furthermore,
a common framework for developing ML models for nuclear safety is lacking. Since
data is required to develop ML models, the absence of a common framework limits
the availability of large databases for training and testing models. Therefore, a
possible framework was presented, consisting of the development of user-friendly,
lightweight tools to automate simulations, standardization of the output to build
shared databases, sharing codes and models, and applying best practices inherited
from other safety-critical fields to build robust ML models. These steps were
followed in Chapter 2 and Chapter 3, demonstrating the effectiveness of such a
framework.

Chapter 4 was devoted to the quantification of the primary radiological source
term in an ARC-class FPP, namely tritium. Tritium inventories in an FPP are
determined by the nominal operating conditions, indicating that safety is closely tied
to tritium self-sufficiency in an FPP. Therefore, a fuel cycle layout was proposed, and
a dynamic, system-level model was developed to assess tritium flows and inventories.
Three alternative scenarios (advanced fuel cycle, advanced plasma operations, and
both) were examined to identify potential R&D directions and design targets. The
fuel cycle design is constrained by two factors: the required TBR and the start-up
inventory. The optimal design point is the set of design parameters (tritium processing
time, availability factor, DIR fraction, reserve time, and tritium burn efficiency) that
minimizes the required TBR and start-up inventory, while still doubling the initial
tritium inventory within the prescribed doubling time. It has been shown that various
combinations of design parameters result in low required TBR and start-up inventory,
thereby allowing for the possibility of trading off some design parameters (e.g., low
TBE but high DIR fraction, or vice versa) to reduce the technological risk associated
with individual components (e.g., metal foil pumps). Nevertheless, the results also
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indicate that improvements in some of the design parameters are necessary in the
coming years to achieve tritium self-sufficiency.

The results show that tritium self-sufficiency is theoretically achievable in an
ARC-class FPP thanks to unique design features, such as demountable coils,
replaceable VV and liquid immersion blanket. Low tritium burn efficiencies
(TBE < 1%) would require high TBR in the breeding zone (TBRr > 1.10), but the
implementation of a direct internal recycling line in this case can lower the TBRr to
easier-to-attain values. For TBE < 1%, lower DIR fractions (e.g., fDIR = 0.3) and
FPP availability (e.g., AF = 70%) are acceptable from the tritium self-sufficiency
standpoint, with TBRr < 1.1. Neutronics analyses of the ARC concept indicate
that TBRa > TBRr in these scenarios. Research on ARC-relevant plasma physics
performance should prioritize achieving TBE ≃ 1%, at a minimum.

The analysis showed that doubling time is an effective design target when
carrying out FPP tritium self-sufficiency analyses. The choice of td has a dramatic
impact on tritium self-sufficiency. Very aggressive doubling times, such as td =1 y,
will prevent tritium self-sufficiency unless FPPs can achieve relatively high TBE
(>1%), most obviously because the TBRr rapidly becomes physically unobtainable.
Relaxing the target doubling time is an effective way to decrease TBRr. However,
doubling time does not exist in a vacuum: it must make sense given projected
construction times for new grid-connected FPPs. Knowledge of other power plant
industries (and of fusion device constrution) indicates that FPP construction time is
likely to be much longer than 1-2 y, especially for FOAK plants. FOAK FPPs may
target slightly longer doubling times (3-4 y), making tritium self-sufficiency much
easier to achieve, and decreasing the complexity and cost of the plant.

Tritium inventories in an ARC-class FPP are much lower than large-sized reactors.
The total tritium inventory ranges from ∼ 100g to few kilograms. A significant, but
still reasonable, effort is needed to achieve a less-than-one-kilogram FPP. To do so,
a large TBE (TBE ≈ 5%) and short tritium residence times in the IFC and OFC
are required. The largest tritium inventories are found in the storage system (up to
kilograms, depending on the doubling time and the start-up inventory), the isotope
separation system (∼ 250g), and the tritium extraction system (∼ 50g). Safety
analyses must prioritize these systems, and multiple safety barriers (e.g., glovebox)
and a detritiation system seem necessary.
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In conclusion, conducting preliminary (conceptual) design and safety analysis
in parallel proved to be effective in identifying criticalities at an early stage of the
design process, resulting in a robust safety-oriented conceptual design of the primary
cooling system and fuel cycle. The novelty of fusion systems presents an opportunity
to develop modern computational tools and models that can incorporate machine
learning in the nuclear safety field. An ARC-class fusion power plant is very well
positioned with regards to tritium self-sufficiency and tritium safety. It should require
a relatively low start-up tritium inventory, be able to maintain relatively low plant
inventory, breed/process sufficient tritium to fuel itself, and provide tritium fuel for
future plant startup.

5.2 Recommended future work

5.2.1 Primary cooling system and thermal-hydraulics

The primary cooling system layout includes all the components required to provide
heat removal from the VV and blanket, but many other components may be present
(e.g., a chemical control unit for FLiBe, a FLiBe furnace, etc). While not strictly
relevant from the TH standpoint, the safety analysis would be deepened by including
these components in the design. More detailed tests on fusion-specific components
(e.g., first wall and divertor tiles) and ARC-class FPP components (e.g., molten
salt pumps) may provide accurate failure rates to improve the probabilistic safety
assessment.

From the modeling standpoint, the main criticality is the calculation of the heat
transfer coefficient in the tank. Developing a simple, yet accurate model for the
tank looks hard due to the complex geometry and the inherent impact of 3D flows
on heat transfer. Therefore, the heat transfer coefficient as a function of the FLiBe
inlet velocity may be quantified by component-level simulations and the function
can be implemented in the TH model to account for heat transfer changes during
transients. Also, a validation of the model should be performed as soon as relevant
TH experiments provide results for the validation.
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5.2.2 Machine learning and nuclear safety

Future works on machine learning for nuclear safety involve very different level of
applications.

At a very low level, the most suitable metrics for nuclear safety applications
should be identified. For classification tasks, penalizing misclassification looks
as a leading goal when choosing the metric, while the impact of different metrics
on regression applications has not been assessed in this work. Also, real-time
applications require very short computational time for ML models, thus requiring a
careful choice of the model architecture and of the input parameters.

From the safety perspective, ML models must demonstrate their reliability and
robustness. This requires a tremendous effort on topics that are quite far from the
nuclear engineering background, such as ML safety, UQ on ML models, and model
interpretability. Collaboration between different fields (nuclear engineering and data
science) looks crucial for this task.

Connected to the previous point, and from a boarder perspective, the nuclear
community should engage discussion with practitioners from other safety-relevant
fields, inheriting best practices and avoiding mistakes that might jeopardise the
adoption of ML in nuclear safety. The proposed framework presented in this work is
just a conceptual flow diagram that must be detailed and expanded to be accessible
and fruible.

5.2.3 Fuel cycle and tritium transport

The analysis of the fuel cycle highlighted many R&D steps needed to precisely assess
tritium inventories and tritium self-sufficiency in FPP. Tritium transport properties
(diffusivity, solubility, recombination and dissociation coeffiencts) in fusion-relevant
materials are highly uncertain. Dedicated experiments on tungsten and FLiBe
systems are required to produce more accurate correlations, and tritium transport
models for ARC-class FPP components must be developed to quantify the uncertainty
propagation from tritium transport at component-level to system-level quantities
(e.g., tritium inventories). Tritium extraction from FLiBe has to be modeled and
investigated experimentally to quantify the tritium extraction efficiency as a function
of the tritium concentration, since the TES efficiency strongly affects all the tritium
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inventories in the OFC. More detailed modeling of fuel cycle components is also
required to capture transients that can affect the fuel cycle dynamics (e.g., disruptions,
plasma ramp-up and ramp-down, etc.). Also, a coupled CFD and tritium transport
analysis of the heat exchanger is deemed necessary to set a tentative design that
achieves an acceptable heat transfer coefficient and limits tritium losses. Lastly, the
impact of tritium trapping on tritium retention in ARC FW must be assessed by a
dedicated tritium transport model that accounts for all the uncertainties described
above, and the production of additional trapping sites due to neutron irradiation
damages needs to be quantified.
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Appendix A

Summary of the FMEA of ARC PCS

Component Failure
mode

Possible causes Local effects System
effects

Plant effects Frequency
[ h−1]

Prob.
Cat.

Severity Preventive
and corrective
measures

Comments Source

Tank wall External
leakage

Material flaw,
penetration
welding failure,
corrosion

Small
coolant loss

Possible
depressurization
depending
on leakage
magnitude

Continuous
loss of
coolant if
reactor is not
shut down

1.7E-9 E 4 Design a
corrosion
resistant coating
for the wall.
Check welding
and penetration
during
construction/installation

Assumed
to be made
of the same
material of
the VV wall.

INEEL/EXT-
98-
00892

External
rupture

Material failure Medium or
large loss of
coolant

Depressurization,
loss of heat
removal
function

Reactor
shutdown

2.2E-10 E 1 Pre-service
inspection. Non
destructive
testing.

Assumed
to be made
of the same
material of
the VV wall.

INEEL/EXT-
98-
00892

Vacuum
vessel
joint

Rupture Thermomechanical
stresses,
mechanical
overstress during
assembly, fatigue

Missing
connection
between
vacuum
vessel and
supporting
structure

Stress
increase on
functioning
joints

Depends
on the
number of
functioning
joints

2.0E-7 D 3 Assess fatigue
threshold.
Minimize fatigue
cycles

Reference
reports a
2.0E-6 upper
bound failure
rate (90%
loosen, 10%
rupture).

Bickford
1995

First wall
(including
the
structural
material)

Internal
leakage

Material flaw,
penetration
welding failure,
corrosion (from
the structural
material side)

Gas or FLiBe
penetration
inside the
vacuum
vessel.
Disruption
is likely to
occur

Pressurization
of the
vacuum
vessel,
possible
mobilization
of radioactive
dust

Reactor
shutdown,
possible
damages
to the first
containment

1.7E-9 E 3 Design a
corrosion
resistant coating
for the wall.
Check welding
and penetration
during
construction

INEEL/EXT-
98-
00892
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Component Failure
mode

Possible causes Local effects System
effects

Plant effects Frequency
[ h−1]

Prob.
Cat.

Severity Preventive
and corrective
measures

Comments Source

Internal
rupture

Material failure,
creep, fatigue,
disruptions

Medium or
large gas
or FLiBe
penetration
inside the
vacuum
vessel

Pressurization
of the
vacuum
vessel, loss
of blanket
heat removal
function,
mobilization
of radioactive
dust

Reactor
shutdown,
damage to
the first
containment,
radiological
release

2.2E-10 E 1 Assess fatigue
threshold.
Minimize
fatigue cycles.
Set operation
conditions to
avoid creep

A single
disruption
should not
lead to first
wall failure.

INEEL/EXT-
98-
00892

Temperature
sensor

Fails to
operate

Fouling,
calibration
error, no power

No
information
on FLiBe
temperature

Possible
temperature
drift from
nominal
value

Need
operator
action

1.0E-6 C 4 System should
be designed
with at least two
sensors. Include
sensor test
during scheduled
maintenance

INEEL/EXT-
98-
00892

Improper
reading

Calibration error Wrong
temperature
information

Wrong
temperature
reading to
the operators

No
consequences
if other
sensors
available.
Otherwise
need
shutdown

7.0E-7 C 3 System should be
designed with at
least two sensors.
Voting logic and
three sensors
can filter the
spurious signal.
Select remote
calibrating
sensors to
limit workers
exposure. Include
sensor test
during scheduled
maintenance.

Improper
reading
may lead to
more severe
consequences
that fails to
operate.
Overheating
or
undercooling
may result
from wrong
reading.

INEEL/EXT-
98-
00892

External
leakage

Instrumentation
crack, welding
failure

Small
coolant loss

Possible
depressurization
depending
on leakage
magnitude

Continuous
loss of
coolant if
reactor is not
shut down

3.0E-5 B 3 Check welding
sealing during
scheduled
maintenance.
Isolate the leak if
possible.

Coolant loss
is probably
negligible.
Reactor can
operate until
scheduled
shutdown

EGG-
SSRE-
8875

Heaters
(pipe heat
tracing)

Fail to
start

Electric fault,
control failure, no
power

No FLiBe
temperature
increase

Possible loss
of flow due
to FLiBe
solidification

Isolation of
the failed
heaters
section

1.6E-6 C 3 Periodic testing.
QA on control
system

Higher
bound
chosen for
failure rate.
Failure
mode is not
specified (fail
to function)

IAEA-
TECDOC-
478
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Component Failure
mode

Possible causes Local effects System
effects

Plant effects Frequency
[ h−1]

Prob.
Cat.

Severity Preventive
and corrective
measures

Comments Source

Improper
starting

Control failure FLiBe
temperature
increase

Degraded
heat transfer
in blanket,
pressure
increase

Isolation of
the failed
heaters
section

1.6E-6 C 3 QA on control
system. Identify
operator
procedures.

Higher
bound
chosen for
failure rate.
Failure
mode is not
specified (fail
to function).
FLiBe
boiling
improbable

IAEA-
TECDOC-
478

Pressure
sensor

Fails to
operate

Fouling,
calibration
error, no power

No
information
on FLiBe
pressure

Possible
pressure drift
from nominal
value

Need
operator
action

1.0E-6 C 4 System should
be designed
with at least two
sensors. Include
sensor test
during scheduled
maintenance.

INEEL/EXT-
98-
00892

Improper
reading

Calibration error Wrong
pressure
information

Wrong
pressure
reading to
the operators

No
consequences
if other
sensors
available.
Otherwise
need
shutdown

8.7E-7 C 3 System should be
designed with at
least two sensors.
Voting logic and
three sensors
can filter the
spurious signal.
Select remote
calibrating
sensors to
limit workers
exposure. Include
sensor test
during scheduled
maintenance.

INEEL/EXT-
98-
00892

External
leakage

Instrumentation
crack, welding
failure

Small
coolant loss

Possible
depressurization
depending
on leakage
magnitude

Continuous
loss of
coolant if
reactor is not
shut down

3.0E-5 B 3 Check welding
sealing during
scheduled
maintenance.
Isolate the leak if
possible.

Frequency
assumed
the same as
Temperature
sensor

INEEL/EXT-
98-
00892

Pressurizer External
leakage

Material flaw,
penetration
welding failure

Small gas or
coolant loss,
depending on
the leakage
position

Possible
depressurization
depending
on leakage
magnitude

Continuous
loss of
coolant if
reactor is not
shut down

1.0E-8 E 3 Materials
selection in
design, pre-
inspection.

INEEL/EXT-
98-
00892
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Component Failure
mode

Possible causes Local effects System
effects

Plant effects Frequency
[ h−1]

Prob.
Cat.

Severity Preventive
and corrective
measures

Comments Source

External
rupture

Material failure Medium or
large loss of
gas and/or
coolant

Depressurization
of the system

Isolation
of the
pressurizer.
Reactor
shutdown

1.0E-10 E 2 Materials
selection in
design, pre-
inspection.
Isolate the
pressurizer if
rupture occurs

INEEL/EXT-
98-
00892

Pressurizer
heater

Fails to
start

Electric fault,
control failure, no
power

No heat to
the FLiBe
in the
pressurizer

Pressurizer
cannot
increase
system
pressure

Cannot reach
the required
pressure in
the FLiBe
circuit

2.2E-6 C 4 Periodic testing.
QA on control
system

Reported
failure mode
is "won’t
heat" and
"others"

IAEA-
TECDOC-
478

Improper
starting

Control failure Heat to the
FLiBe in the
pressurizer
when not
required

FLiBe
temperature
increases
in the
pressurizer

Pressure and
temperature
in the FLiBe
circuit
increase

2.2E-6 C 3 QA on control
system. Identify
operator
procedures.
Safety relief valve
will open when
the maximum
pressure is
reached.

Reported
failure mode
is "won’t
heat" and
"others".
FLiBe
boiling
improbable

IAEA-
TECDOC-
478

Rupture
disk

Improper
opening

Pressure pulse,
improper
installation,
corrosion,
construction
fault

Pressurizer
gas leakage

Depressurization
of the system

Isolation
of the
pressurizer.
Reactor
shutdown

3.3E-6 C 3 Replace the disk
at regular interval.

IAEA-
TECDOC-
478

Temperature
safety
relief
valve

Improper
opening

Wrong signal,
mechanical
malfunctioning

Coolant
flows out

Depressurization
of the system

Isolation
of the
pressurizer.
Reactor
shutdown

3.4E-6 C 4 Periodic
inspection and
testing

IAEA-
TECDOC-
478.
VSPDV

Internal
leakage

Valve wear,
corrosion

Small
coolant loss

Possible
depressurization
depending
on leakage
magnitude

Continuous
loss of
coolant if
reactor is not
shut down

1.5E-7 D 4 Periodic
inspection

IAEA-
TECDOC-
478.
VR68F

External
leakage

Welding flaw,
construction fault

Small
coolant loss

Possible
depressurization
depending
on leakage
magnitude

Continuous
loss of
coolant if
reactor is not
shut down

1.5E-7 D 3 Pre-service
inspection
and periodic
inspection

No data
are found
for external
leakage.
Same
probability
of Internal
leakage is
assumed

IAEA-
TECDOC-
478
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Component Failure
mode

Possible causes Local effects System
effects

Plant effects Frequency
[ h−1]

Prob.
Cat.

Severity Preventive
and corrective
measures

Comments Source

Internal
rupture

Material failure Medium or
large loss
of coolant
from primary
circuit to
safety tank

Depressurization
of the system

Isolation
of the
pressurizer.
Reactor
shutdown

1.0E-8 E 4 Inspection, non-
destructive testing

No data
are found
for internal
rupture. A
frequency
value is
assumed
according to
similar valve
failure

IAEA-
TECDOC-
478

External
rupture

Material failure,
welding failure

Medium or
large loss of
coolant

Depressurization
of the system

Isolation
of the
pressurizer.
Reactor
shutdown

1.0E-8 E 3 Pre-service
inspection, non-
destructive testing

No data
are found
for external
rupture. A
frequency
value is
assumed
according to
similar valve
failure

IAEA-
TECDOC-
478

Salt melter Improper
starting

Wrong signal Heat
production in
the storage
tank

Solid FLiBe
starts melting

No direct
effect unless
FLiBe
reaches
boiling
temperature

1.6E-6 C 4 QA on system
control. Design
the system to
accommodate
volume increase
due to phase
change.

The
technology
used to
melt the
salt greatly
affects failure
modes and
failure rates.
A common
electrical
heater
system is
assumed

IAEA-
TECDOC-
478

FLiBe
storage
tank

External
leakage

Material flaw,
welding failure,
corrosion

Small FLiBe
loss

FLiBe
storage
inventory
decrease

Continuous
loss of FLiBe
from storage
tank

1.0E-8 E 3 Check welding
and penetration
during
construction/installation

Same failure
rate as
pressurizer
leak

INEEL/EXT-
98-
00892

External
rupture

Material failure Medium or
large FLiBe
loss

FLiBe
storage
unavailable

Cannot
provide
FLiBe to
the coolant
circuit if
required

2.7E-8 E 2 Materials choice
in design. Pre-
service inspection.
Non-destructive
testing.

IAEA-
TECDOC-
478
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Component Failure
mode

Possible causes Local effects System
effects

Plant effects Frequency
[ h−1]

Prob.
Cat.

Severity Preventive
and corrective
measures

Comments Source

Pipes
(from
blanket
to tritium
extractor)

Rupture Material cracks,
corrosion,
overpressure

Large loss of
FLiBe

Depressurization
of the system

LOCA.
FLiBe has
maximum
tritium
concentration
in this section

7.0E-11 E 2 Pre-service
inspection.
Non-destructive
testing. Limit
corrosion by
neutralizing
corrosive
agents through
a dedicated
chemical unit.

Data includes
contribution
from all
pressure
bound
components
(nozzle,
fittings, valve
bodies).
Pipes are
nuclear grade.
FLiBe has
high tritium
concentration

IAEA-
TECDOC-
478

Plugging Corrosion product
buildup, impurity
buildup, external
materials buildup,
foreign material
intrusion

Flow reduced
or completely
stopped

FLiBe flow
reduced,
higher outlet
temperature
from blanket,
structural
materials
temperature
increase

LOFA 2.5E-9 E 1 Limit corrosion
and impurity in
FLiBe flow

Average
failure rate
for plugging
is 2.5E-11-m.
100m of
piping is
assumed

INEEL/EXT-
98-
00892

Pipes
(from
tritium
extractor
to blanket)

Rupture Material cracks,
corrosion,
overpressure

Large loss of
FLiBe

Depressurization
of the system

LOCA.
FLiBe has
minimum
tritium
concentration
in this section

7.0E-11 E 2 Pre-service
inspection.
Non-destructive
testing. Limit
corrosion by
neutralizing
corrosive
agents through
a dedicated
chemical unit.

Data includes
contribution
from all
pressure
bound
components
(nozzle,
fittings, valve
bodies).
Pipes are
nuclear grade.
FLiBe has
low tritium
concentration

IAEA-
TECDOC-
478

Plugging Corrosion product
buildup, impurity
buildup, external
materials buildup,
foreign material
intrusion

Flow reduced
or completely
stopped

FLiBe flow
reduced,
higher outlet
temperature
from blanket,
structural
materials
temperature
increase

LOFA 2.5E-9 E 1 Limit corrosion
and impurity in
FLiBe flow

Average
failure rate
for plugging
is 2.5E-11-m.
100m of
piping is
assumed

INEEL/EXT-
98-
00892
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Component Failure
mode

Possible causes Local effects System
effects

Plant effects Frequency
[ h−1]

Prob.
Cat.

Severity Preventive
and corrective
measures

Comments Source

Blanket
inlet valve
(MOV)

Fails
to
remain
in
position
(open)

Wrong signal,
motor fault

FLiBe flow
blocked by
the valve

No inlet flow
to the blanket

Reactor
shutdown.
Need actions
to the
secondary
cycle as well.

2.0E-7 D 3 Periodic testing.
Re-open the valve
or shutdown the
reactor

IAEA-
TECDOC-
478

External
leakage

Welding flaw,
construction fault

Small
coolant loss

Possible
depressurization
depending
on leakage
magnitude

Continuous
loss of
coolant if
reactor is not
shut down

2.0E-6 C 4 Check welding
sealing during
scheduled
maintenance.

IAEA-
TECDOC-
478.
VMATU

External
rupture

Material failure,
welding failure

Medium or
large loss of
coolant

Depressurization
of the system

Reactor
shutdown

1.0E-8 E 3 Periodic
inspection and
testing. QA on
valve construction

IAEA-
TECDOC-
478.
VMATW

Plugging Impurities
buildup,
corrosion
products buildup,
foreign material
intrusion

FLiBe flow
reduced or
stopped

No flow to
the blanket

LOFA 5.0E-9 E 2 Limit corrosion
and impurity in
FLiBe flow.

EGG-
SSRE-
8875

Blanket
outlet
valve
(MOV)

Fail to
remain
in
position
(open)

Wrong signal,
motor fault

FLiBe flow
blocked by
the valve

No outlet
flow from the
blanket

Reactor
shutdown.
Need actions
to the
secondary
cycle as well.

2.0E-7 D 4 Periodic testing.
Re-open the valve
or shutdown the
reactor

IAEA-
TECDOC-
478

External
leakage

Welding flaw,
construction fault

Small
coolant loss

Possible
depressurization
depending
on leakage
magnitude

Continuous
loss of
coolant if
reactor is not
shut down

2.0E-6 C 3 Check welding
sealing during
scheduled
maintenance.

IAEA-
TECDOC-
478

External
rupture

Material failure,
welding failure

Medium or
large loss of
coolant

Depressurization
of the system

Reactor
shutdown

1.0E-8 E 3 Periodic
inspection and
testing. QA on
valve construction

IAEA-
TECDOC-
478

Plugging Impurities
buildup,
corrosion
products buildup,
foreign material
intrusion

FLiBe flow
reduced or
stopped

No flow from
the blanket

LOFA 5.0E-9 E 2 Limit corrosion
and impurity in
FLiBe flow.

EGG-
SSRE-
8875

Flow
sensor

Spurious
function

Calibration error,
no power

Wrong flow
information

Wrong
information
to the
operator

No
significative
plant effect

4.3E-6 D 4 Other sensors
should provide
enough
information
to keep the
reactor running

IAEA-
TECDOC-
478



175

Component Failure
mode

Possible causes Local effects System
effects

Plant effects Frequency
[ h−1]

Prob.
Cat.

Severity Preventive
and corrective
measures

Comments Source

Pump
(motor
driven)

Fail
to run,
given
start

Motor fault,
motor overheated,
shaft damage

FLiBe flow
stopped

No flow in
blanket

LOFA 3.0E-5 B 2 System should be
designed with two
pumps. Each
pump should have
twice the required
pumping power.

Include
pump and
motor. Data
have been
chosen
according to
the ultimate
source
reported

IAEA-
TECDOC-
478.
PMYRW

Heat
exchanger

Degraded
heat
transfer

Fouling FLiBe
temperature
increase in
the HX

Higher
coolant outlet
temperature
from HX

Higher inlet
coolant
temperature
in blanket.
Lower
secondary
coolant
temperature

1.0E-6 C 4 Periodic
inspection and
maintenance. If
possible, choose
a heat exchanger
that can be easily
inspected and
clean

EGG-
SSRE-
8875

Tube
leakage

Welding flaw,
tube flaw

Small loss of
primary fluid

Possible
contamination
between
primary and
secondary
fluid

Negligible
loss of
primary fluid.
Possible
contamination
between
primary and
secondary
fluid

3.0E-9 E 3 Periodic
inspection and
testing

Failure rate
is given per
tube

IAEA-
TECDOC-
478

Tube
rupture

Welding failure,
tube failure,
overheating,
overpressure

Loss of
primary flow

Loss of
primary
flow. Mixing
between
primary and
secondary
fluid and
contamination

LOCA.
Contamination
of the
secondary
fluid

1.0E-6 C 2 Periodic
inspection
and testing.
Isolate the heat
exchanger
to avoid
contamination
of the secondary
fluid

Failure
rate per
tube bundle.
Consequences
depend on
secondary
fluid pressure

EGG-
SSRE-
8875

Shell
leakage

Material flaw,
welding flaw

Small loss
of secondary
fluid

Possible
depressurization
of the
secondary
circuit

Continuous
loss of
secondary
fluid

3.0E-6 C 3 Periodic
inspection and
testing

IAEA-
TECDOC-
478

Shell
rupture

Material failure,
welding failure

Loss of
secondary
flow

Depressurization
of the
secondary
circuit.
No heat
extraction
from coolant

Loss of heat
sink. Coolant
temperature
rises

1.0E-7 D 1 Periodic
inspection
and testing.
Isolate the heat
exchanger and
shut down the
reactor

Consequences
depend on
the secondary
fluid choice

EGG-
SSRE-
8875
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Component Failure
mode

Possible causes Local effects System
effects

Plant effects Frequency
[ h−1]

Prob.
Cat.

Severity Preventive
and corrective
measures

Comments Source

Plugging Corrosion product
buildup, impurity
buildup, external
materials buildup,
foreign material
intrusion

Flow stopped
in the tube
bundle

Higher
pressure drop
in the circuit.
Plugged heat
exchanger
unavailable

Small LOFA 3.0E-7 C 2 Limit corrosion
and impurity
in FLiBe flow.
Clean heat
exchanger
tubes during
maintenance.
Isolate failed heat
exchanger and
redirect FLiBe
flow to the other
heat exchanger

Severity
lower
than pipe
plugging
due to the
possibility
to redirect
the flow to
other heat
exchangers

EGG-
SSRE-
8875

HX inlet
valve
(MOV) -
Primary
circuit

Fail to
remain
in
position
(open)

Wrong signal,
motor fault

FLiBe flow
blocked by
the valve

No inlet flow
to the blanket

Reactor
shutdown.

2.0E-7 D 4 Periodic testing.
Re-open the valve
or shutdown the
reactor

IAEA-
TECDOC-
478

External
leakage

Welding flaw,
construction fault

Small
coolant loss

Possible
depressurization
depending
on leakage
magnitude

Continuous
loss of
coolant if
reactor is not
shut down

2.0E-6 C 4 Check welding
sealing during
scheduled
maintenance.

IAEA-
TECDOC-
478.
VMATU

External
rupture

Material failure,
welding failure

Medium or
large loss of
coolant

Depressurization
of the system

Reactor
shutdown

1.0E-8 E 3 Periodic
inspection and
testing. QA on
valve construction

IAEA-
TECDOC-
478.
VMATW

Plugging Impurities
buildup,
corrosion
products buildup

FLiBe flow
reduced or
stopped

No flow
to the heat
exchanger

Small LOFA 5.0E-9 E 3 Limit corrosion
and impurity
in FLiBe flow.
Redirect FLiBe
flow to the other
heat exchangers

EGG-
SSRE-
8875

HX outlet
valve
(MOV) -
Primary
circuit

Fail to
remain
in
position
(open)

Wrong signal,
motor fault

FLiBe flow
blocked by
the valve

No inlet flow
to the blanket

Reactor
shutdown

2.0E-7 D 4 Periodic testing.
Re-open the valve
or shutdown the
reactor

IAEA-
TECDOC-
478

External
leakage

Welding flaw,
construction fault

Small
coolant loss

Possible
depressurization
depending
on leakage
magnitude

Continuous
loss of
coolant if
reactor is not
shut down

2.0E-6 C 4 Check welding
sealing during
scheduled
maintenance.

IAEA-
TECDOC-
478.
VMATU

External
rupture

Material failure,
welding failure

Medium or
large loss of
coolant

Depressurization
of the system

Reactor
shutdown

1.0E-8 E 3 Periodic
inspection and
testing. QA on
valve construction

IAEA-
TECDOC-
478.
VMATW
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Component Failure
mode

Possible causes Local effects System
effects

Plant effects Frequency
[ h−1]

Prob.
Cat.

Severity Preventive
and corrective
measures

Comments Source

Plugging Impurities
buildup,
corrosion
products buildup,
foreign material
intrusion

FLiBe flow
reduced or
stopped

No flow
from the heat
exchanger to
the blanket

Small LOFA 5.0E-9 E 3 Limit corrosion
and impurity
in FLiBe flow.
Redirect FLiBe
flow to the other
heat exchangers

EGG-
SSRE-
8875

Freeze
valve

Spurious
Thaw

Mechanical
failure, control
failure

FLiBe starts
flowing
through the
freeze valve

Depressurization
of the system

Small LOCA 2.54E-05 B 3 Periodic
inspection and
testing

Chisholm,
2020



Appendix B

Machine learning for safety
applications

This Appendix frames the analysis shown in Chapter 3 in the broader context of ML
for safety applications. Readers who are not familiar with ML may benefit from
this Appendix to build a basic knowledge on ML models for safety applications. A
more detailed discussion on the main criticalities of ML algorithm in safety critical
industries is presented.

Overview of ML models in safety-critical industries

Machine learning is not an exact science. There is no model suitable for any kind of
application: the most effective ML model for a given application is usually identified
among potential models after training and test phases. Such an approach may be
extremely time consuming. The nuclear sector may benefit from the studies and
applications carried out in different fields, leveraging on past experiences and best
practices to modernize the nuclear industry [170]. This Appendix presents real-world
applications of ML in safety critical industries. Basics tasks such as classification,
regression, clustering and anomaly detections are placed in context. The fields
considered are autonomous driving, aeronautics and spacecraft, rotating machinery,
and energy production. For additional information, a comprehensive overview of
ML applications in industrial systems can be found in [87].
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Non-nuclear fields

Among safety critical industries, autonomous driving is probably the one that mostly
benefited from ML. Autonomous driving is based on computer vision, but it should
not be reduced just to it. Autonomous vehicles must first “understand” the
surrounding environment, which is done through computer vision, and then select
the action to undertake. A complicating factor is the presence of dynamic objects in
the environment whose behaviour may be hard to predict, such as other drivers or
pedestrians. A very detailed review on the topic can be found in [81]. The most
widely ML models exploited in autonomous driving are Convolutional Neural
Networks (CNN) [88]. CNN are multi-layered neural networks that take advantage
of the convolution operation and pooling layers to extract high-level features (e.g.,
shapes) from low-level features (e.g, pixels in an image). This is at the basis of
object recognition, whose goal is to correctly identify different regions in an image
and output a label (the object name) for them. The output can then be passed to
another DNN or an agent to undertake an action. Xu et al. [171] coupled a CNN
with a Long Short-Term Memory (LSTM) [124] network in an end-to-end system
capable to undertake discrete actions (e.g., stop, start, turn left) and to predict
continuous behaviours (e.g., steering wheel angle control). Similarly, NVIDIA
PilotNet predicts the steering angle based on raw images from a front-facing camera
exploiting a CNN only [172]. The input images for PilotNet were also rotated and
distorted to increase the robustness of the model. More importantly, the researchers
managed to visualize salient objects from the layers of the CNN [56]. The CNN
learned salient features such as road borders or the shape of other vehicles,
providing an explanation of how the trained network worked. An important step
forward required for these safety relevant systems is the capability of the model to
understand when a new situation is encountered. This issue is treated in detail in
Section 3 when discussing the generalization capabilities of ML models. As for the
autonomous driving is concerned, Richter [173] attempted to develop a method to
detect anomalies (in this case, novelties) and revert the operating approach of the
system from a learning-based to a (safer) non-learning-based. Differently from
computer vision, the input to the ML models comes as time series (i.e., physical or
logical variables as a function of time) in the other fields described in that paper.
Aeronautics and spacecrafts face a different kind of challenges. Inputs are usually
provided by multiple, multimodal sensors as a stream of raw, noisy measurements.
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The signals are analysed to predict some target variables of the system (regression)
or to detect anomalies. A feature extraction process is usually required to select only
those input signals that are relevant for the task. Features extraction may be
handcrafted [174] or embedded in the model [175]. Fuertes et al. [174] developed a
software for automatic anomaly detection in spacecraft by starting from manual
selection of the features, reducing the dimensionality of the input with PCA [176]
and exploiting a one-class support vector machine to detect the anomalies. Reddy et
al. [175] proposed a deep auto-encoder to automate the feature extraction process
and detect faults exploiting data from the NASA DASHlink open database. Both the
approaches reported good accuracy. However, ML models that achieve autonomous
feature extraction may unveil latent features that are instead overlooked by the
expert. There is indeed a rising trend to let the model discovering the relevant
features from the input data by exploiting DNN architectures [177]. A more
transversal field is rotating machinery and motors. The most critical task in this field
is again fault diagnosis (i.e., anomaly detection). Ince et al. [130] proposed a 1-D
CNN to perform real-time motor fault detection. The use of a CNN is justified by
the need to extract features prior to the fault diagnostics. Even though Recurrent
Neural Networks (RNN) (e.g., LSTM) may look more suitable for analysis of time
series (e.g., the raw sensor measurements), a 1-D CNN is light enough to perform
real-time monitoring and to correctly classify the system state. A similar approach is
followed by Lei et al. [129], who developed a DNN where the first two layers are
devoted to features extraction and the deeper layers compute the health condition of
the system. Additionally, Lei et al. [129] shew that the weights of the layers
performing feature extractions can be physically interpreted as a Gabon-like filter.
This is again an extremely important contribution to the understanding and
visualization of DNN. Another critical issue is addressed by Guo et al [128], who
developed a deep convolutional transfer learning network. As a matter of fact,
real-world data may not belong to the same probability distribution of the training
set. This usually translates in bad predicting capabilities of the model. Guo et al.
[128] exploited a 1-D CNN to assess system conditions, coupled with a domain
adaptation module that allows to learn domain invariant features. In such a way the
robustness of the model can be greatly increased. For further applications in this
field the reader is referred to [127]. Even in the energy production field, fault
diagnosis is of paramount importance. Appiah et al. [178] developed a LSTM that
processes input from simulated photovoltaic (PV) arrays to predict PV failure and
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possible fire hazard. The input does not come from real-world measurement but
from computer simulations, and the data are not processed in real time but offline.
Nevertheless, the model seems suitable to predict failures in PV arrays, and
highlights the importance of a tight coupling between system simulators and ML.
Five different supervised models are instead investigated by Jiménez et al. [179] for
mud level detection in wind turbines. The data is acquired by non-destructive
techniques on an experimental setup. Feature extraction is carried out separately
from the classifier by autoregressive models and PCA. The reduced input is then fed
into the five ML models to train and test the accuracy. A systematic review of
machine learning models for energy system can be found in [68].

Nuclear science and engineering

Nuclear industry is implementing machine learning techniques more gradually than
other fields. Strict regulation, high safety standards and intellectual properties may
slow the penetration of these methods for nuclear applications [180]. Nevertheless,
the International Atomic Energy Agency (IAEA) addressed this topic in the
TECDOC-812 [181], considering the introduction of AI tools to support decision.
Many applications of ML are related to fault detection and diagnosis, which is a
transversal topic touching different fields, as shown in Section B. A detailed
reference on this topic can be found in [86]. PCA, Multivariate State Estimation
Technique (MSET) and ANN (Artificial Neural Networks) are the most exploited
methods for Nuclear Power Plants (NPP). PCA has been used to monitor
instruments and equipment [86]. Its capability to reduce the dimension of the feature
space is exploited to select the most relevant signals coming from the sensors. ANN
are particularly suitable for this task, thanks to their capability to process large
inputs in short time. For instance, Souza and Moreira [182] demonstrated that the
reactor power peak factor can be computed with a low relative error (approximately
1%) by an ANN. ANN have been used also to identify transients [183]. More recent
applications of ML methods include DNN for flow regime identification [184],
Modified Self-Organizing Maps (MSOM) and SVM for transient identification
[183], RL for operation and decision support [185], and CNN for abnormality
diagnosis [186]. The reader should be aware that differently from the other safety
critical industries presented previously, most of the ML applications in the nuclear
field have been applied to real-world data or simulators data, but the implementation
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on real systems is usually missing. A broad and recent overview of learning-based
methods for nuclear science and engineering can be found in [180]. Lastly, a notable
effort to integrate a ML model on the hardware of a real reactor is found in the
nuclear fusion field. A reinforcement learning approach has been successfully
exploited for plasma control by acting on the control coils of the TCV reactor [187].

Criticalities and challenges in ML for safety
applications

Machine learning applications have undoubtedly a different level of maturity in
different fields. Some of the applications are closer to real-world applications (e.g.,
autonomous driving), while others are more restricted to academic studies, such
as for nuclear. Nevertheless, ML algorithms have a tremendous potential for both
real-world applications and academic research in the nuclear safety field. A deep
understanding of the issues will foster ML diffusion by carrying out more robust
analysis. Hence, this section provides a discussion on high-level and low-level
criticalities for ML applications in safety relevant fields. High-level criticalities
refer to those issues that are case-independent: ML safety, model interpretability,
robustness, and verification, to cite few. Low-level criticalities are more technical
related, such as availability of small dataset only, curse of dimensionality, model
complexity and loss of salient information, effective feature extraction, and so
on. Stated in another way, high-level criticalities affect the applicability of ML
models in a safety framework, whereas low-level criticalities affect the efficiency
and effectiveness of a given model to fulfil its task.

High-level criticalities

An open field of research is ML safety, which can be considered a subset of AI safety
[188]. Machine learning safety deals with unexpected and unintended behaviour
of ML algorithms that may harm people or damage the surrounding environment.
Machine learning models have a black-box nature, especially when considering
DNN and RL agents (which usually embeds a DNN). The output of a layer is
computed as f (w⃗ · x⃗+ b⃗ · z⃗), where w⃗ and b⃗ are the learnable model’s parameters
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(weights and biases), z⃗ is the output from the previous layer and f (·) is a non-linear
function. The information about a trained model is therefore embedded in the values
of w and b, which have no physical meaning. While shallow networks may be
somehow interpretable due to the limited number of parameters, DNN cannot be
easily interpreted. Model interpretability is indeed an issue when ML is applied to
safety-relevant cases. The requirement for high performances coupled with the high
dimensionality of the domain inevitably leads to the choice of deep, complex neural
networks that lack of transparency. Since RL is taking the lead in executing series of
task in complex environment, we will use the term agent instead of ML model or
ML algorithm in the discussion hereunder. The considerations made throughout this
paragraph applies also to simpler ML models. The actions undertaken by the agent in
a given environment are the main source of risk for ML safety. The effectiveness (and
safety) of the agent policy largely depends on its reward function and the possibility
to explore the environment. Generally speaking, the environment is in a good state
(e.g., a reactor during nominal operations), and any agent actions may worsen this
state. This is likely to occur when the reward function is not carefully defined. As
an example, imagine an agent that must keep the reactor safe, where the reactor
safety is defined by some metric involving reactor criticality. The easiest way to
fulfil this task is to have a criticality equal to zero. The agent may try to shut down
the reactor to maximize its reward function, with a detrimental effect on the reactor
availability (and a corresponding economic loss). Such a behaviour is a typical
reward hacking: the agent does not follow the expected behaviour because it found
a shortcut to maximize its reward. A related issue is the possibility of producing
negative side effects. If the reward function accounts only for a small part of the
environment, the agent may take actions that have a negative effect on the part
of the environment that is neglected by the reward function. If the unconsidered
environment also includes operators, this behaviour may be extremely risky. From a
practical viewpoint, defining an objective function with a high level of abstraction
may solve these issues. A poor agent training may lead to safety issues as well.
If the exploration of the environment is strongly constrained, the agent may face
new situations for which it is not properly trained. Conversely, if the agent is free
to explore the whole environment, it may undertake dangerous actions, which is
clearly not acceptable in a safety critical environment. A safe exploration may be
achieved if the risk profile in a given environment is known. This goal highlights the
importance of deterministic models for high-fidelity simulations of the environment,
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which is treated in Section B. The capability of the model to deal with new situations
is instead discussed below. A major assumption in ML is that the training data
belongs to the same probability distribution of operational data (i.e., the real-world
data that the model will process when deployed). However, this assumption may not
be satisfied in real-world scenarios. For instance, the training dataset may contain
data representing the nominal flow regime of the reactor coolant. In accidental
conditions the flow regime may drastically change, transitioning from turbulent
flow to natural circulation for a Loss Of Flow Accident (LOFA). A model trained
only with nominal condition data would fail to provide the desired output during
an accidental scenario. Out-of-distribution data may appear even if care is taken
in considering the accidental scenario domain. In the nuclear industry, accidents
are rare events. Thus, few data is available. Furthermore, this data may not be
representative of the whole spectrum of possible accidental scenarios that may occur.
Using a ML model for a safety-relevant task during an accidental scenario (e.g.,
predicting the plant end-state) may lead to incorrect predictions if the accidental
scenario differs from the ones used for model training. Such a behaviour may be
experienced even if the training data and the operational data look similar, at least
superficially, as demonstrated [120]. The generalization capability of the model
is therefore a leading issue for safety applications. An additional complication
is the lack of self-awareness of the ML model. In fact, DNN are prone to be
overconfident on their predictions, especially on unseen data [189]. Generalization
capabilities and self-awareness should be therefore tackled together when developing
a ML model. An issue related to generalization and distributional error is the
adversarial error. Despite the out-of-distribution samples, which occur “naturally”
in a given environment, adversarial samples are crafted with the explicit goal of
misleading the model without fooling the human [190]. Adversarial examples have
been deeply investigated for computer vision (i.e., crafting adversarial images), while
little interest has been shown by other fields that are not directly related to image
processing. It is legit to ask whether this is a topic that may affect those other fields.
Adversarial examples may be crafted following the same approach of computer
vision, but targeting different domains, such as signal monitoring. For instance,
Kokalj-Filipovic et al. [191] reported possible adversarial attacks to radio frequency
signals. Few works address this problem outside computer vision, and more detailed
discussion for the nuclear field are premature. Nevertheless, it should be noted that
adversarial errors and adversarial attacks rise concerns not only for safety, but also
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for security. Even if the model is developed following best-practices and design
guidelines, the initial question remains valid: how can we be sure that the ML model
behaves as expected during real-world operations? To address this problem in a
rigorous way a verification procedure is needed. Verification of a ML model is a
two-level issue. From the formal viewpoint, verification of ML algorithms cannot be
achieved following the guidelines for software safety [192]. A formal verification
requires exact specification of the algorithm properties to ensure that it exhibits
the expected properties when operating in a given environment. It is evident that
a formal verification of a black-box model is a hard task. Furthermore, the given
environment should be correctly specified, but machine learning algorithms rely
only on limited data samples from the environment. The environment might be not
properly described, as described previously for the generalization issue. Therefore,
from a practical point of view the verification of the model is affected also by the
available data, which may be missing, incorrect or noisy.

Low-level criticalities

The high-level criticalities described in the previous section usually find their
counterpart in technical, low-level criticalities. Interpretability, for instance, may be
lost when the feature extraction procedure is automated, or when the initial feature
space is reduced by means of dimensionality reduction techniques (e.g., PCA).
Nevertheless, manual feature extraction is time consuming, it requires expert
knowledge and may lead to loss of generality. This last event may occur whenever
the expert judges some features not relevant for the problem. However, many
applications in Section 2 reported increased model capabilities when the feature
extraction was performed by the algorithm itself, because the downsampling of the
input may involve combination of features that a human may ignore. Thus,
automatic feature extraction should be set as a target, increasing the effort in
explaining the results and the model, as done in [193]. Real-world data from safety
relevant fields comes mostly from nominal operations. Data from accidental
scenarios are much more limited. Hence, the available training sets are usually small
and unbalanced. Small datasets may be a leading issue for the generalization
capability of the model. Unbalanced datasets (e.g., datasets when most of the
samples come from nominal operations) have a more subtle effect on the model.
Models trained with an unbalanced training set may report high accuracy, but their
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accuracy drops if tested against relevant input data (e.g., only accidental scenarios).
Data augmentation is a common solution to increase number of training samples
from the relevant domain [194]. However, data augmentation is mostly exploited in
computer vision, where rotation, distortion and similar operations do not alter the
nature of an image (i.e., a cow remains a cow even if the image is rotated by 90°).
Stated in another way, the operations applied for data augmentation do not modify
the invariants of the sample. If the model is properly trained, it can still identify the
invariants of the input and fulfil its task. This approach becomes much harder when
dealing with signals from an industrial plant, that is, when dealing with temporal
series instead of images. Modifying the input signal during a transient may alter the
end-state of the system. This happens because the signal is related to a physical
variable of a system in evolution – if we change the physics of the process, the
process may evolve in a different way. The only way to check if the end-state (which
may be the target variable) remains the same is to simulate that specific physical
condition. Therefore, deterministic codes become of paramount importance to
increase the available data for training the model. The reader should be aware that
the previous discussion refers to data augmentation. Many applications in literature
report increases in the robustness of the model by adding noise and perturbations to
the input signal. This is a valid and effective approach to improve the robustness of
the model against noisy signals but does not tackle the issues related to small or
unbalanced datasets. Lastly, results from ML models inevitably include false
positive and false negative. While this is a minor issue for some ML applications
(e.g., wrong advertisement on a user homepage), it becomes extremely relevant for
safety application. Labelling an incipient accidental transient as a safe transient may
have harsh consequences if an operator, or a higher-level software, does not
undertake the required actions.



Appendix C

ARC fuel cycle model

A detailed layout of the IFC is shown in Figure C.1. The FC components and the
tritium flows, with the corresponding nomenclature, are shown in Figure C.2. A brief
description of the components of the OFC and IFC (and examples of techologies
that can be used) is provided in Table C.1 and Table C.2.

All the quantities used in the residence-time-model are defined in Tab. C.3.
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Component Description Examples

Blanket (LIB) The blanket employs a lithium-
containing material (FLiBe in the LIB),
which interacts with neutrons from the
D-T reactions in the plasma to produce
tritium.

LIB (ARC) [5], Helium-cooled lithium
lead (DEMO) [195], Water-cooled
lithium lead (DEMO) [195], Helium-
cooled pebble bed (DEMO), Dual-
coolant lithium lead (DEMO) [195],
liquid lithium (STEP).

First wall and vacuum
vessel (FW/VV)

The FW surrounds the plasma. It must
withstand high heat loads (∼MW/m2)
and damaging PMI. It is usually made
of high-Z materials. In ARC, the FW is
immediately adjacent to the VV, which
is inside the blanket.

Tungsten FW (ARC, expected), Be FW
(JET-ILW [196]) VV: TBD, but low-
activation material likely necessary.

Divertor The divertor provides ash removal
and heat extraction. The divertor
design depends on the plasma magnetic
configuration. It must withstand very
high heat loads (∼10 MW/m2) and
strong particle bombardment.

Tungsten divertor (ARC, expected [3]),
ITER tungsten cassette assemblies.
Single null [197], double null [198],
snowflake [199].

Heat exchanger (HX) The HX transfers thermal energy from
the primary coolant to the secondary
coolant.

Shell and tube heat exchanger [200],
plate heat exchanger, concentric pipe
heat exchanger [201], heat pipes [202].

Tritium extraction system
(TES)

The TES removes tritium from the
tritium carrier (which may be solid,
liquid, or gas depending on design). The
extracted tritium is sent to the inner fuel
cycle.

Permeator against vacuum [203–205],
liquid-liquid contractor [206], gas-
bubble columns [158], vacuum sieve tray
[207].

Table C.1 Key components in the outer fuel cycle of a DT-burning fusion power plant, along
with a non-comprehensive list of examples.
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Component Description Examples

Vacuum pump Vacuum pumps provide exhaust
pumping from the vacuum chamber. The
exhaust contains unburnt fuel, He ashes,
and plasma enhancement gases.

Cryopumps [208], vapor diffusion
pumps [209], liquid ring pumps [210].

Fuel clean-up Fuel clean-up separates hydrogenic
species from the other exhaust gases
(plasma enhancement gases, helium ash).

Pd-Ag alloy permeator [211].

Isotope Separation System
(ISS)

ISS separates hydrogen, deuterium, and
tritium.

Pressure swing absorption [212], thermal
diffusion [213], cryogenic distillation.

Detritiation system The detritiation system removes tritium
in trace amount from water (water
detritiation system) and exhaust (exhaust
detritiation system).

Wet scrubber [214], getter beds
[215],[216].

Storage and management
system

The storage and management system is
used to store the initial tritium inventory
and the tritium that eventually will be
transferred to new FPP.

Uranium beds [215], ZrCo beds [216].

Fueling system The fueling system delivers the required
fuel mixture to the plasma.

Gas gun pellet injection [217], centrifuge
pellet injection [217].

DIR loop The DIR loop separates hydrogenic
species from the gas exhaust by
exploiting hydrogen superpermeation
through metal foils (for MFP) or
hydrogen cryosorption in different pump
chambers (for cryopumps)

Possible DIR technologies include MFP
or a multi-stage cryopump, linear
diffusion pumping, and liquid ring
pumping [147]

Table C.2 Key IFC components and a non-exhaustive list of associated technologies.
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Fig. C.1 Detailed layout of ARC IFC considering the DIR loop. Tritium, PEG, helium and
impurity flows are shown in different colors.

The general form for tritium balance in the i-th component is adapted from [30]:
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ṄT,burn

TBE
+ f5−3

I5

τ5
− I3

T3
(C.4)



191

PLASMAVacuum 
Pump

Storage and 
Management

Fueling 
System

Fuel 
Cleanup

Isotope 
Separation 

System

Detritiation 
System

First Wall

Blanket

Divertor

Heat 
exchanger

DIR

Outer fuel cycle (OFC)

Inner fuel cycle (IFC)

Tritium flow
Tritium ion flux

Neutron flux

Path may or may not 
be present, pending 
technology choices

TES

7

6

8

9 10 11

ሶ𝑚6−9

ሶ𝑚9−6

ሶ𝑚7−8

ሶ𝑚8−9

ሶ𝑚9−10 ሶ𝑚10−11

ሶ𝑚11−𝑝

ሶ𝑚𝑝−7

ሶ𝑚𝑝−4

ሶ𝑚𝑝−1

ሶ𝑚𝑝−3

ሶ𝑚1−2

ሶ𝑚4−1 ሶ𝑚2−5

ሶ𝑚2−12

ሶ𝑚5−1

ሶ𝑚3−1

First Wall

Blanket

Divertor

Heat 
exchanger

TES

ሶ𝑚5−4

ሶ𝑚5−6

First Wall

Blanket

Divertor

Heat 
exchanger

TES

3

1

4

2

5

T separation 
membrane

12
ሶ𝑚12−10

ሶ𝑚5−3

Fig. C.2 ARC fuel cycle layout. Only the components that have been modeled are shown in
the figure. The tritium flows between components are depicted. For the definition of each
tritium flow see Tab. C.3.
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where:

1
Ti

=
1+ εi

τi
+λ (C.13)

εi = 10−4,∀i ̸= 3,4,10 (C.14)

ε3 = ε4 = ε10 = 0 (C.15)

and the initial conditions are given by:

Ii(t = 0) = 0,∀i ̸= 10 (C.16)
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I10(t = 0) = Istartup (C.17)

The non-radioactive loss fraction has been assumed as εi = 10−4 in this analysis.
The values of the fi→ j terms are reported in Table C.4.
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Component Flow rate, source or sink
1 S1 = TBRṄT,burn
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(
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)
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All components Losses =−εi

(
Ii
τi

)
−λ Ii

Table C.3 Mathematical definition of the terms appearing in ARC fuel cycle model (Fig.
C.2).



195

Flow rate fraction Value

f5−1 0.33
f5−3 0.33
f5−6 10−4

f9−6 0.1
fp−3 10−4

fp−4 10−4

Table C.4 Tritium flow rate fractions for the fuel cycle model. The flow rate fractions from the
FLiBe tank to the other components have been estimated according to the FLiBe flow rates
specified in [3] (∼ 66% of coolant flow rate to the main chamber, ∼ 33% to the divertors).
An equal distribution from the main chamber to the FW/VV channels and the FLiBe tank
was assumed (i.e., f5−3 = f5−1)
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List of Acronyms

AI: Artificial Intelligence
AUC: Area Under the Curve
ARC: Affordable, Robust, Compact
BDBA: Beyond Design Basis Accidents
CANDU: CANadian Deuterium Uranium
CDF: Cumulative Density Function
CPS: Coolant purification system
DBA: Design Basis Accidents
DEMO: DEMOnstration nuclear FPP
DL: Deep Learning
DIR: Direct internal recycling
DNN: Deep Neural Network
DSA: Deterministic Safety Assessment
EBB: Encapsulated Breeding blanket
FC: Fuel Cycle
FCNN: Fully Connected Neural Network
FMEA: Failure Modes and Effects Analysis
FN: False Negative
FNR: False Negative Ratio
FP: False Positive
FPP: Fusion power plant
FPR: False Positive Ratio
FPY: Full power year



197

FW: First wall
HX: Heat Exchanger
JET-ILW : Joint European Torus - ITER like wall
IE: Initiating Event
IFC: Inner fuel cycle
ISS: Isotope separation system
LBFGS: Limited-memory Broyden–Fletcher–Goldfarb–Shanno
LIB: Liquid immersion blanket
LOCA: Loss of Coolant Accident
LOFA: Loss of Flow Accident
LSTM: Long Short-Term Memory
LWR: Light Water Reactors
MC: Monte Carlo
MFP: Metal foil pump
ML: Machine Learning
MLP: Multi-Layer Perceptron
MSE: Mean squared error
MSR: Molten Salt Reactor
MSRE: Molten Salt Reactor Experiment
ODE: Ordinary differential equation
OFC: Outer fuel cycle
OOM: Object-Oriented Modeling
PCS: Primary Cooling System
PDF: Probability Density Function
PI: Proportional Integral
PFC: Plasma facing component
PSA: Probabilistic Safety Assessment
RAMI: Reliability, Availability, Maintenability, Inspectability
ROC: Receiver Operating Characteristic
RL: Reinforcement Learning
RIC: Relative sensitivity Index Coefficient
RTM: Residence time method
STEP: Spherical Tokamak for Energy Production
TBE: Tritium burn efficiency
TBR: Tritium breeding ratio
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TES: Tritium extraction system
TH: Thermal-Hydraulics
TN: True Negative
TP: True Positive
TSS: Tritium self-sufficiency
TTF: Time-To-Failure
UQ: Uncertainty Quantification
VV: Vacuum vessel
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