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Abstract

Fusion power is the production of electricity from a hot plasma of deuterium
and tritium, reacting to produce α particles and 14 MeV neutrons, which are
collected by a cooling system. Their kinetic energy is transformed into heat
and electricity via steam turbines. The constant flux of neutrons on the first
wall of the reactor produces atomic displacement damage through collisions
with nuclei, and gas bubbles as a result of transmutation reactions. This
leads eventually to hardening and embrittlement. Designing a material able
to withstand such intensity of damage is one of the main aim of research in
the field of controlled fusion.

In the past decades, many experiments have been carried out to under-
stand the formation of radiation–induced damage and quantify the changes
in mechanical properties of irradiated steels, but the lack of facilities prevents
us from testing candidate materials in a fusion–like environment. Modelling
techniques are utilised here to extract information and principles which can
help estimate changes in steels due to damage.

The elongation and yield strength of various low–activation ferritic/
martensitic steels were modelled by neural networks and Gaussian processes.
These models were used to make predictions which were compared to exper-
imental values. Combined with other techniques and thermodynamic tools,
it was possible to understand the evolution of the mechanical properties of
irradiated steel, with a particular focus on the role of chromium and the
roles of irradiation temperature and irradiation dose. They were also used
to extrapolate data related to fission and attempt to make predictions in
fusion conditions.

A set of general recommendations concerning the database used to train
the neural networks were made and the usage of such a modelling technique
in materials science is discussed.

iv



An attempt to optimise the performance of neural networks by suppress-
ing some random aspects of the training is presented. Models of the elon-
gation, yield strength and ductile–to–brittle transition temperature trained
following this procedure were created and compared to classical models.
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Nomenclature

Chapter 2

at% Atomic percentage
D Deuterieum
eV Electron–volt
Z
AM Metallic atom with a mass number Z and an atomic number A
n Neutron
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wt% Weight percentage
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Chapter 3
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hi Hidden unit of the network
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N Number of inputs
P (A) Prior probability of event A
P (A|B) Conditional probability (or likelihood) of event A, given event B
P (A,B) Joint probability of event A and B (also written P(A ∩ B)
tN Output vector {t1, t2, ..., tN}
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t Time
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Chapter 1

Introduction

The aim of the work presented in this thesis is to continue to explore the
possibilities offered by various modelling techniques to understand and cal-
culate the mechanical properties of steels for fusion power plants.

Fusion power is the production of electricity from a plasma of deuterium
and tritium and is expected to be one of the major sources of energy in
the next 50 to 100 years. However, fusion reactions yield 14 MeV neutrons
which represent one of the greatest technical challenges to the success of a
fusion power plant. Displaced atoms and gas bubbles induced by irradiation
cause hardening and embrittlement of materials in the first wall. Therefore,
in the last decades, research has focused on designing an ideal material able
to stand such level of damage without jeopardising its engineering properties.

Due to the lack of understanding of hardening and embrittlement mech-
anisms at high irradiation doses and the lack of facilities, modelling plays
a major role here by creating mathematical expressions that can be im-
plemented with little physical knowledge of the system. Neural networks
are a popular and well–established method to model complex properties in
materials science. They have been used already for irradiated steels and,
combined with genetic algorithms, have helped making some guidance for
new alloys for fusion power plants.

In this work, general recommendations concerning databases are established
and neural–network models of the elongation and yield strength are created
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and tested. Gaussian process models are introduced and compared with
neural networks. Finally, a method to optimise the training of neural net-
works is implemented.

Chapter 2 gives an overview of the fusion power and materials involved
in the fusion programme, focusing on alloys for the first wall. The basic
physics of a fusion reaction and its effects on steel are presented. Candidate
alloys developed over the past 30 years are reviewed and their mechanical
properties and responses to irradiation outlined.

The theory behind neural networks, the training and the importance
of uncertainties, is described in Chapter 3. The general usage of neural
networks in materials science and the first examples of models of irradi-
ated alloys are reviewed. The theory of Gaussian process modelling is also
presented.

Chapter 4 details the databases utilised for the models presented in
this thesis. The principal differences with previous effort are explained and
a set of recommendations are established.

In Chapters 5 and 6, various models of the elongation and the yield
strength of irradiated steels steels are created. They are combined with
thermodynamic tools and other modelling techniques to discuss some as-
pects of the mechanical properties of irradiated steels. Predictions and ex-
trapolations are carried out and commented on. For the yield strength, the
Gaussian process and neural–network methods are compared.

An optimised method for training neural networks is experienced in
Chapter 7. Models of the elongation, the yield strength and the ductile–
to–brittle transition temperature are designed with the main objective of
improving their performance and reducing modelling uncertainties in ex-
trapolation mode.

Finally, Chapter 8 contains the overall summary of the work and estab-
lishes the future axis of research.
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Chapter 2

Fusion power and

materials – literature survey

Fusion power plants are a potential replacement for fission power and a
promising clean source of energy for the “near future” but the design of
a commercial fusion reactor represents a great scientific, technical and in-
dustrial challenge. Levels of irradiation reached in plasma–facing materials
(PFM) designed to absorb heat and provide neutron shielding will be a lot
more intense than those reached during fission. Materials directly exposed
to radiation will therefore be expected to undergo dramatic modifications
of their mechanical properties, in addition to becoming radioactive through
transmutation. Because the replacement of irradiated components would be
expensive and time consuming, the ideal material should be able to meet
the design life of 20 years under severe operating conditions.

Several materials, such as steel, vanadium alloys and silicon carbide fibre–
reinforced silicon carbide (SiCf/SiC) composites have been considered candi-
dates and tested; so–called low–activation ferritic/martensitic steels (LAFM),
developed since the 1970s, are in the most advanced stage. They are able to
resist high levels of irradiation, and are considered the best candidates for
fusion power.

Steels in fission reactors typically experience a dose of 20 displacements–
per–atom (dpa) but levels of damage will be as high as 200 dpa in a fusion
reactor [1]. This will cause modifications of the microstructure and produc-
tion of gas via transmutation. Such harsh conditions will only be achieved
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2.1 Plasma and fusion energy

experimentally in three prototype facilities to be constructed in the near
future: the International Fusion Materials Irradiation Facility (IFMIF), the
International Thermonuclear Experimental Reactor (ITER), currently be-
ing built, and the DEMOnstration reactor (DEMO) whose realisation will
depend on results provided by the IFMIF and ITER. The time scale for
these experiments is in the range 15–30 years ahead.

This literature survey describes the basics of fusion energy and the effects of
irradiation on metals. It reviews alloys likely to be chosen for fusion power
plants and briefly presents current problems and future materials.

2.1 Plasma and fusion energy

Nuclear power plants are nowadays a reliable source of electricity. They are
all based on fission reactions and the technology is well advanced. Fusion
power is expected to be a promising replacement source of energy in the fu-
ture but the technology to sustain a reaction has not yet been mastered and
the deployment of fusion power is not expected before 2050 [2]. The theo-
retical basis for a fusion reaction was originally postulated in the 1920s and
the first Tokamak, a machine confining a plasma using a toroidal magnetic
field, was realised in the 1950s by Kurchatov [3]. Since then, research into
controlled fusion has been continuously carried out but the longest burns
in experimental reactors only lasted for a couple of seconds, whereas a full–
scale commercial reactor would have to sustain the plasma for much longer
periods. Large–scale international research programmes such as the IFMIF,
ITER (Figure 2.1) and DEMO aim at proving the scientific and technologi-
cal feasibility and the economic viability of fusion energy [4].

One major concern about fusion remains the production of radioactive waste
through activation of structural components and the severe life conditions
of materials exposed directly to the plasma: high temperature (peak oper-
ating temperatures range from room temperature to 500–700◦C), high radi-
ation flux (the high–energy neutron wall loading is expected to be around
1 MW m−2 [5]) and high displacement damage over the life of the reactor
(200 dpa) [6].
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2.1 Plasma and fusion energy

Figure 2.1: Scheme of the experimental fusion reactor ITER. 1: gravity sup-
ports; 2: cryostat; 3: bioshield; 4: Tokamak containing the plasma chamber;
5: central solenoid; 6: port plugs providing access to the plasma; 7: divertor
cassettes. Blanket modules composing the plasma chamber of the Tokamak
are detailed in Figure 2.3. Picture from [7].

2.1.1 Fusion reaction and fusion power

Nuclear energy is based on fission reactions, which consist of splitting heavy
nuclei into smaller ones in an extremely exothermic reaction. In a fusion
reaction, two small elements, usually deuterium (D), tritium (T) or helium,
fuse to form a heavier atom. Amongst several possible reactions (D–D, D–T
or T–He), that between deuterium and tritium (D–T) is the easiest one to
initiate [8]. A plasma of deuterium (2H) and tritium (3H) is heated to about
100 million Kelvin. 2H and 3H fuse to form an unstable 5H which bursts
into a 4He (helium ion or α particle) with 3.5 MeV of kinetic energy and a
neutron (n) with a recoil energy of 14.1 MeV [9, 10]:
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2.1 Plasma and fusion energy

2H + 3H→ 5H→ α (helium ion) + 3.5 MeV + n + 14.1 MeV (2.1)

α particles produced during the reaction are confined in the reactor by the
magnetic field. However, neutrons are not affected and are able to escape
the plasma. They move through the first wall of the vacuum chamber and,
by collision, exchange energy with a coolant system (usually liquid lithium).
The heat released can be used to produce steam, which generates electricity
via turbines.

The initial energy of neutrons created during the deuterium–tritium fu-
sion reaction is equivalent to 14.1 MeV (large peak in Figure 2.2) but there
is also a significant flux at lower energies.

Figure 2.2: Calculated neutron energy spectrum for a fusion reactor. Graph
from [11]. Calculation after [12].

The constant flux of neutrons on the first wall has three main consequences:
displacement of atoms, activation of elements and generation of gas. Neu-
trons directly hit atoms composing the first–wall blanket of the reactor (Fig-
ure 2.3) and produce interstitials and vacancies. The material becomes ra-
dioactive and radiation–induced gas (helium, hydrogen) is produced through
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2.1 Plasma and fusion energy

Figure 2.3: Scheme of a blanket module. 1: blankets absorbing heat and
providing neutron shielding; 2: first wall; 3: toroidal field coil; 4–5–6: port
plugs providing the main access to the plasma; 7: gravity support. Picture
from [7].

transmutation. Such changes in the structure dramatically modify the me-
chanical properties of the material.

Many steps will be necessary to test materials and validate predictions
before the first commercial fusion power plant produces electricity. For that
purpose, several large–scale facilities are being built.

The IFMIF will be used for testing candidates in conditions similar to
those found in a fusion reactor. It will use a source based on the deuteron–
lithium stripping reaction (D–Li source) to accelerate deuterons on a liquid
lithium target, producing a large flux of neutrons with an energy close to
14 MeV. The irradiation doses will be around 50 dpa per year, permitting
the achievement of the expected critical dose of ≈200 dpa within a few years
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2.1 Plasma and fusion energy

[13, 14]. The only limiting factor is the small irradiation volume (≈0.5 L).
In parallel with the IFMIF, ITER will be an experimental full–scale

fusion reactor based on a plasma torus that should produce plasma burns
for 500 s and generate 400–500 MW [15]. It is being developed to prove
the economic sustainability of fusion reactions as a viable energy source and
will also serve as testbeds for the blanket modules [16] that will be used as
structural materials in DEMO.

DEMO is a larger scale prototype designed to produce electricity and
demonstrate the fusion power viability [15]. It is an intermediary step be-
tween ITER and a commercial reactor, required to satisfy all the basic func-
tions of a power plant.

The size scales, energies involved, temperatures and levels of irradiation
are constantly increasing with the development of new fission reactors and
soon fusion reactors. Table 2.1 gives a comparison the targeted perfor-
mances for ITER, DEMO and a commercial reactor. Table 2.2 gives an
order of magnitude of some parameters for different nuclear reactors. The
increasing operation temperature, irradiation dose and helium level imply
that irradiation–induced changes in the material will become the main prob-
lem in structural materials. Overcoming these difficulties will be the key to
a successful power plant.

Table 2.1: General performance goals for fusion devices (ITER, DEMO and
a future commercial fusion reactor) [17–20].

ITER DEMO Commercial reactor

Fusion Power (GW) 0.5–1 2–4 3–4
Irradiation dose (dpa) 3 30–80 (5 years) 100–150 (5 years)
Operational mode Pulses Quasi–continuous Continuous

2.1.2 Irradiation damage

Fast neutrons escaping from the plasma are not deflected by repulsive forces
near the nuclei of atoms and directly hit and displace them into interstitial
positions, leaving trailing vacancies. If the primary knock–on atom (pka)
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2.1 Plasma and fusion energy

Table 2.2: Comparison of irradiation environments between existing, pro-
posed fission reactors and a fusion reactor. Generation I (Gen. I) refers to
the first generation of fission reactors produced in the 50–60s. Generation
IV (Gen. IV) refers to the next generation of fission reactors not available
available before 2030 [21].

Fission Fission Fission liquid Fusion
(Gen. I) (Gen. IV) metal breeder

Max. temperature (◦C) < 300 600–1000 600 550–700
Irradiation dose (dpa) ≈ 1 ≈ 30–100 ≈ 150 ≈ 150
Helium (appm) ≈ 0.1 ≈ 3–10 ≈ 30 ≈ 1550

energy is greater than 1 keV, a sequence of collisions is initiated with other
atoms (Figure 2.4) within the material [22]. Neutrons keep displacing atoms
and perturbing the crystallographic lattice as long as their energy exceeds
the displacement threshold (some 10 eV for metals), introducing further
defects and producing more gas bubbles. Defects and bubbles both modify
the mechanical properties of the material.

Figure 2.4: Interaction between a high–energy neutron (n) and the nuclei of
a solid lattice that can lead to displaced atoms (interstitials and vacancies),
transmutation products and α particles [23].

The number of displaced atoms can reach into the hundreds with corre-
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2.1 Plasma and fusion energy

Figure 2.5: Transmission electron micrographs of 9Cr implanted with
0.25 at% He at 250◦C showing helium bubbles [26].

sponding numbers of interstitials and vacancies created during the cascade.
Under a given set of temperature and irradiation parameters, numerous de-
fects immediately annihilate but others can agglomerate to create clusters
and the concentration of those remaining free is a steady state between
appearing and disappearing defects [10]. The new structure, consisting of
interstitials, vacancies, dislocation loops, gas bubbles and radiation–induced
precipitates (Figure 2.5 and 2.6), determines the intensity of the hardening
[24, 25].

The accumulation of defects in the matrix leads to a slow down of the
motion of dislocations which eventually causes hardening and embrittle-
ment, characterised by an increase in the strength, a loss in the ductility
and a shift in the ductile–to–brittle transition temperature. After reaching
an extremum, the effects of irradiation tend to saturate [5] [27]. Besides
displacement damage caused by fast neutrons, transmutation reactions lead
to large helium generation rates [25].

Thermal neutrons (n) react with metallic atoms (M) to produce lighter
atoms (M’) and helium:
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2.1 Plasma and fusion energy

Figure 2.6: Transmission electron micrographs of 9Cr implanted with
0.25 at% He at 250◦C showing dislocation loops and small defect clusters
(black dots) [26].

Z
AM + n→ Z−3

A−2M’ +4
2 He (2.2)

Elements such as nickel and boron are the most likely to produce helium:

58Ni + n→59 Ni 59Ni + n→56 Fe +4 He (2.3)

10B + n→7 Li +4 He (2.4)

Helium atoms cannot dissolve in metal and generally agglomerate in clusters
to form microvoids, which lead to a swelling of the material, embrittlement
and hardening. Helium–induced hardening is added to that of displaced
atoms and presents a major concern especially at low temperature.
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2.1 Plasma and fusion energy

Table 2.3: Effects of the addition of 2 wt% Ni on ∆DBTT in 9Cr–1MoVNb
and 12Cr–1MoVNb [28].

Temperature Alloy Irradiation Helium DBTT
(Kelvin) (dpa) (appm) (Kelvin)

573

9Cr–1MoVNb 20–34 16–27 167
9Cr–1MoVN-2Ni 21–31 184–284 218
12Cr–1MoVNb 20-34 51–90 105
12Cr–1MoVNb–2Ni 20–31 184–284 162

673

9Cr–1MoVNb 37–42 30–34 204
9Cr–1MoVN–2Ni 38–42 353–391 348
12Cr–1MoVNb 38–42 99–111 242
12Cr–1MoVNb–2Ni 38–42 353–391 348

Until the first 14 MeV neutron source is available, nickel– or boron–doped
alloys are used to simulate large quantities of helium as these elements eas-
ily transmute. Nickel has no direct effect on hardening or embrittlement
but it is estimated that the irradiation of a 2 wt% Ni steel gives a helium–
to–dpa ratio similar to what is expected in a fusion reactor [5] (estimated
at about 10 appm/dpa [9]). Variations of the ∆DBTT in 9Cr–1MoVNb1,
9Cr–1MoVNb–2Ni2, 12Cr–1MoVNb3 and 12Cr–1MoVNb4 are summed up
in Table 2.3. Variations of up to 150 K are observed.

Compared with fission reactors, transmutation rates in a fusion environ-
ment are expected to be ten times higher and will create approximately 10
appm He and 100 appm H per dpa, reaching 1000 appm He in walls exposed
to loads of 10 MW yr/m2 (100 dpa), which might make the construction of

1C 0.09, Mn 0.36, P 0.008, S 0.004, Si 0.08, Ni 0.11, Cr 8.62, Mo 0.98, V 0.209, Nb
0.063, Ti 0.002, Co 0.013, Cu 0.03, Al 0.013, W 0.01, Sn 0.003, N 0.050, O 0.007 in wt%,
normalised 30 min at 1040◦C and tempered 1 h at 760◦C

2C 0.064, Mn 0.36, P 0.008, S 0.004, Si 0.08, Ni 2.17, Cr 8.57, Mo 0.98, V 0.222, Nb
0.066, Ti 0.002, Co 0.015, Cu 0.04, Al 0.015, W 0.01, Sn 0.003, N 0.053, O 0.006 in wt%,
normalised 30 min at 1040◦C and tempered 5 h at 700◦C

3C 0.09, Mn 0.50, P 0.011, S 0.004, Si 0.18, Ni 0.43, Cr 11.99, Mo 0.93, V 0.27, Nb
0.018, Ti 0.003, Co 0.017, Cu 0.05, Al 0.030, W 0.54, Sn 0.02, N 0.020, O 0.005 in wt%,
normalised 30 min at 1050◦C and tempered 2.5 h at 780◦C

4C 0.2, Mn 0.49, P 0.011, S 0.004, Si 0.14, Ni 2.27, Cr 11.71, Mo 1.02, V 0.31, Nb
0.015, Ti 0.003, Co 0.021, Cu 0.05, Al 0.028, W 0.54, Sn 0.002, N 0.017, O 0.007 in wt%,
normalised 30 min at 1050◦C and tempered 5 h at 700◦C
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2.2 Alloys for power generation industry

a commercial fusion power plant based on present concepts unlikely [29, 30].

2.2 Alloys for power generation industry

Power generation has always been in need of new steels, especially in the
Cr–Mo family, able to satisfy higher steam temperatures associated with
greater thermodynamic efficiency [31]. Since the first alloys used in power
generation, new steels have been developed to meet the criteria for fusion,
with the radiological requirement of low–activation characteristics to avoid
long–lived radioactive waste and the mechanical requirement of long life-
time (upper operating temperature of 550–600◦C with an estimated operat-
ing stress of ≈ 50 MPa [32]) under neutron bombardment. As seen in the
next section, austenitic and ferritic steels were first considered candidates
as well as vanadium alloys and silicon carbides [33] but low–activation fer-
ritic/martensitic alloys are today in the most advanced stage of development
in the context of fusion.

2.2.1 Austenitic steels

In the early 1970s, austenitic stainless steels were the favourite candidates for
liquid metal–cooled reactors because of their good properties and corrosion
resistance at high temperature and their weldability [33]. The main candi-
date AISI 316 was in the 17 wt% Cr range with 13 wt% Ni and 2 wt% Mo.
However, the observation of swelling due to high–nickel concentrations in
neutron–irradiated AISI 316 led to the search for a replacement and ef-
forts were made to find a substitute that would have a reduced tendency to
swell but also better mechanical properties (creep, rupture strength, post–
irradiation tensile strength) and ferritic alloys were then considered.

Austenitic steels are not suitable for use at high fluences because they are
life–limited by high–temperature embrittlement [34] which reduces the up-
per operating temperature and because they do not exist in low–activation
versions as attempts to replace nickel by niobium have not been successful
[35]. However, they will be used in ITER as its principal structural material
because they are well qualified for moderate upper temperatures and limited
neutron fluences, and are available for immediate construction [34].
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2.2 Alloys for power generation industry

2.2.2 Ferritic steels

In the late 1970s, ferritic steels were introduced in the fusion materials pro-
gramme [36] and were considered the first candidates for fusion power plants
because they were found to be more swelling–resistant than austenitic stain-
less steels. They also had a higher thermal conductivity and a lower thermal
expansion, which gave them a better resistance to thermal stress in a pulsed
mode [37].

One of the concerns about ferritic steels is that they are ferromagnetic and
hence may interfere with the magnetic field in the reactor (field perturbation
of the plasma or magnetostatic forces on the structures) [38] but calcula-
tions have proved that this problem can be handled by a careful design of
the reactor [30].

2.2.3 Low–activation ferritic/martensitic steels

Low–activation ferritic/martensitic (LAFM) or reduced–activation ferritic/
martensitic (RAFM) are now the main candidates for DEMO and future
fusion reactors [34] as they are the most advanced amongst the three can-
didates [39] and have achieved the greatest maturity in production, welding
technology and industrial experience. They have acceptable radiological per-
formance and long term radiation levels following neutron irradiation [16].
RAFM are based on conventional Fe–(8–12)Cr–(1–2)Mo steels with slight
modifications in the composition.

The idea of low–activation or reduced–activation steels was first introduced
in the international fusion programme in the middle of the 1980s when it
was noticed that replacing elements likely to transmute would not affect
their mechanical properties and would allow a control on activation levels
in reactor structural materials [40].

True low activation alloys do not exist because of the transmutation of iron
itself and because undesirable elements cannot be totally removed. How-
ever low– or reduced–activation alloys are such that radioactivity decays
rapidly once the nuclear exposure stops and allow land burial to dispose of
radioactive wastes instead of deep geological storage. The activation level is
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2.2 Alloys for power generation industry

reduced by suppressing elements from the composition and keeping others
with longlived radioactive isotopes to minimal concentrations (Table 2.5).

Calculations were first carried out to determine which elements needed to
be reduced to minimise the activation and obtain a quick decay of induced
radioactivity levels after irradiation [5]. Molybdenum was replaced by tung-
sten to produce Cr–W steels as an alternative to Cr-Mo steels and niobium
was replaced by tantalum [37]. Elements such as B, Nb, Cu and N were
kept to a minimum [37, 41]. Low–activation steels now show mechanical
properties which are as good as or better than that of commercial steels
[21].

2.2.4 International collaboration

At an International Energy Agency workshop in 1992 in Tokyo, a programme
was brought forward to determine the feasibility of using ferritic/martensitic
steels for fusion. Japan offered to make large heats of low–activation fer-
ritic/martensitic steel to be used in collaboration [32]. Now, Japan, Europe
and the USA work on three different candidates.

The Japanese fusion programme focuses on two types of RAFM: F82H,
from the Japanese Atomic Energy Agency and JLF–I, from Japanese uni-
versities (Table 2.4). Two 5–tonne heats of F82H were produced in 1993 and
1995 and used for physical and mechanical characterisation in irradiation ex-
periments in the High Flux Isotope Reactor (HFIR) in the US, the Japan
Research Reactor (JRR–4), the Japan Materials Test Reactor (JMTR) in
Japan, and the High Flux Reactor (HFR) in The Netherlands. A 1–tonne
batch of JLF–I was produced for the Japanese Universities Fusion Materials
Programme and tested mainly in Japanese universities [30].

The European fusion programme focuses on Eurofer’97, a 9CrWVTa reduced–
action ferritic/martensitic steel based on the Japanese F82H and JLF–I
whose composition (Table 2.4) was defined in 1997 [35]. Two batches of
Eurofer’97 were produced in 1999 and 2004 [42] and a large campaign of
irradiation and characterisation was carried out, demonstrating that the
European candidate had a good hardening, tempering and transformation
behaviour compared with other RAFMs. The next step in the programme
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2.2 Alloys for power generation industry

Table 2.4: Composition in wt% of JLF–1 [44], F82H [45], Eurofer’97 [32],
HT9 [46] and 9Cr–2WVTa (ORNL) [47].

Element JLF–1 F82H Eurofer’97 HT9 9Cr-2WVTa

C 0.1 0.097 0.109 0.21 0.1
Si 0.24 0.09 0.003 0.18 0.2
Mn 0.48 0.07 0.49 0.5 0.45
P 0.002 0.002 0.011 0.011 -
S 0.003 0.003 0.003 - -
Cr 8.87 7.49 9.04 11.99 8.5–9
V 0.19 0.18 0.19 0.27 0.25
W 1.9 2.1 1.04 0.54 2.0
Mo - - - 0.93 -
Ta 0.084 0.03 0.140 - 0.07
Nb - - - 0.018 -
N 0.024 0.002 0.023 0.020 -
Cu - - 0.04 0.05 -
Ni - - 0.06 0.43 -
Al - - - 0.03 -
Sn - - - 0.002 -

is the development of Eurofer–II with improved post irradiation mechanical
properties and then Eurofer–III with a control of levels of impurities for real
low–activation with recycling times below 100 years [35]. The production
of experimental heats is well advanced but the control of impurities in large
batches is more delicate.

In the USA, Sandvik HT9 (Table 2.4), which had been developed in Europe
for fast reactors, was the first alloy considered for the fusion programme. At
the beginning of the 80s, the US Department of Energy called for develop-
ment of low–activation materials and several other alloys were designed [40].
The US fusion programme now mainly focuses on 9Cr–2WVTa (Table 2.4),
developed by the Oak Ridge National Laboratories in the mid–1980s [43]
and F82H, produced as a part of the US Department of Energy / Japan
Atomic Energy Research Institute (JAERI) collaboration [39].
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2.2 Alloys for power generation industry

Table 2.5: Level of impurities in several low–activation steels [48]. Concen-
tration are given in wppm.

Element F82H JLF–1 9Cr–2WVTa 9Cr–1Mo HT9

Ag <0.1 0.21 0.16 0.23 1.3
Bi <0.05 <0.1 <0.05 <0.1 <0.1
Cd <0.05 <0.05 <0.05 3.3 5.1
Co 16 7.6 34 58 393
Ir <0.05 <0.05 <0.05 <0.05 <0.05
Mo 19 20 70 - -
Nb 2.4 4.3 4 - 23
Ni 474 13 402 1251 5692
Os <0.05 <0.05 <0.02 <0.02 <0.05
Pd <0.05 <0.05 0.18 0.27 0.4
Dy <0.05 <0.05 <0.05 <0.05 <0.05
Er <0.05 <0.05 <0.05 <0.05 <0.05
Eu <0.05 <0.05 <0.05 <0.05 <0.05
Ho <0.05 <0.05 <0.05 <0.05 <0.05
Tb - <0.05 - <0.05 <0.05
U <0.05 <0.05 0.6 0.12 <0.05
Al 14 26 170 <0.1 44
Cu 100 100 300 300 1000

2.2.5 Concerns and future options

Reduced activation ferritic/martensitic steels are the most developed and
characterised alloys for DEMO but still present some unacceptable prop-
erties. Their upper operational temperature is limited by a drop in me-
chanical strength at 500–550◦C [16] and their lower temperature is limited
to 350◦C by radiation–induced embrittlement. Further research is needed
to investigate enhanced creep and hardening resistance, as well as a better
quantification of the loss of ductility, shift in the ductile–to–brittle transi-
tion temperature and decrease in fracture toughness. No conclusive answer
can be given on actual performance in a fusion reactor before a dedicated
14 MeV neutron source exists but modelling can contribute [42]. A short
review of work on models of irradiated steels is given in Section 3.1.3. How-
ever, the main concern remaining is the effect of helium and hydrogen on
fracture properties.
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2.3 Mechanical properties of irradiated steels

Research now mainly focuses on creating advanced low–activation ferritic/
martensitic steels with improved elevated–temperature properties in order
to increase the upper temperature operating limit. Alloys with an increased
tungsten concentration (up to 3 wt%) have shown interesting properties in
the sense that the creep strength is enhanced by tungsten in solution [30].

Ferritic or ferritic/martensitic steels strengthened with a fine dispersion of
oxide (ODS) have also been considered as they have been shown to have
improved mechanical properties at high temperature compared with con-
ventional ferritic or ferritic/martensitic steels (Figure 2.7). The numerous
interfaces between oxides and the matrix represent sinks for defects. The
high density of defects act as nucleation sites for helium bubbles [16, 39].
Work is being carried out in Europe, the USA and Japan on ODS versions
of existing RAFMs (Eurofer ODS, 9 and 12Cr–Y2O3) [30]. ODS reduced–
activation alloys have presented superior high temperature creep properties.
However, even if ODS show promising results at low irradiation doses [49],
homogeneity of microstructure and isotropy of properties resulting from the
way they are fabricated remain a problem and still very little is known about
their response to higher irradiation doses and about their welding potential
[39].

2.3 Mechanical properties of irradiated steels

Vacancies, interstitials and helium atoms introduced during irradiation block
the motion of dislocation leading to hardening and embrittlement.

During irradiation, the strength of the steel increases with the irradiation
dose and the defect concentration. Figure 2.8 shows the yield strength for a
316L stainless steel1 irradiated with neutrons at different doses, highlight-
ing a direct relationship between the strength and the extent of irradiation,
measured in displacements–per–atom (dpa).

Figure 2.9 shows the variation in strength and Figure 2.10 the shift in
the ductile–to–brittle transition temperature of several ferritic/martensitic

1C 18.55, Ni 11.16, Mo 2.01, Mn 1.7, Cu 0.026, Si 0.15, C 0.028 in wt%
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Figure 2.7: Properties of oxide–dispersion strengthened alloys compared to
conventional ferritic steels [50].

steels as function of fluence.

Figure 2.8: Stress/strain curves from annealed 316L stainless steel irradi-
ated with neutrons at different doses [51]. Test temperature (Tt) and irradi-
ation temperature (Tirr) were both 50◦C. The yield strength increases from
300 MPa in the unirradiated state to 900 MPa at 9.3 dpa.
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Figure 2.9: Variations in yield stress (∆σ) with irradiation dose for different
normalised and tempered reduced-activation steels [52]. Compositions are
given in Table 2.6.

Figure 2.10: Shift in the ductile–to–brittle transition temperature (∆DBTT)
with irradiation dose for Eurofer’97 and different normalised and tempered
reduced–activation steels [53]. Compositions are given in Table 2.6.
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Table 2.6: Chemical composition in wt% of MANET I and II [54],
OPTIFER-Ia and -II [55], F82H [56]

Alloy C Cr Ni Mo V Nb

MANET I 0.13 10.6 0.87 0.77 0.22 0.16
MANET II 0.1 10.3 0.65 0.57 0.19 0.14
OPTIFER-Ia 0.11 9.3 - - 0.26 -
OPTIFER-II 0.13 9.5 - - 0.28 -
F82H 0.09 7.46 - 30 wppm 0.15 1 wppm

Alloy Si Mn B N Ta W Ge

MANET I 0.37 0.82 0.08 0.02 - - -
MANET II 0.14 0.75 0.08 0.03 - - -
OPTIFER-Ia - 0.5 0.006 0.016 0.07 0.96 -
OPTIFER-II - 0.49 0.006 - - - -
F82H 0.10 0.21 - 0.006 0.023 1.96 -

During irradiation, cascades created by neutrons cause point and clus-
ter defects that can relax and diffuse. Interstitials and vacancies created as
near neighbours can recombine and annihilate and others can be trapped by
sinks, such as grain boundaries or dislocations, or can aggregate to preex-
isting defects to create bigger defect clusters, contributing to the hardening
[23].

Two mechanisms have been proposed to explain hardening. At low doses,
hardening is produced mainly by point defects or small clusters whereas at
higher doses, it is caused by dislocation loops and networks. These obstacles
are barriers to dislocation motion and give rise to the strengthening [5].

The saturation in hardening is attributed to a limit in the concentration
of dislocation loops formed by self–interstitials [5]. Klueh and Vitek [10]
assumed that in ferritic steels, hardening is first due both to displacement
damage and helium production. Then, strengthening due to the dislocation
loops begins to saturate and a transition from loop nucleation to growth
appears. Loops no longer nucleate but existing ones keep growing and are
sinks for new vacancies. The production of helium also continues with in-
creasing irradiation dose. This explains why the rate of increase in strength
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7.5 Ductile–to–brittle transition temperature

(a) Classical model (b) Optimised model

Figure 7.10: Predictions for the training set.

(a) Classical model (b) Optimised model

Figure 7.11: Predictions for the testing set.

(a) Classical model (b) Optimised model

Figure 7.12: Predictions in the extrapolation set.
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7.5 Ductile–to–brittle transition temperature

Table 7.3: Calculations for the ductile–to–brittle transition temperature
with a classical and an optimised mode. All values are given in K.

Dose Parameter Classical model Optimised model

Training set Rtest 11.8 20.3
(0–15 dpa) Ebar ±12.2 ±16.6

Testing set Rtest 4.7 17.9
(15–30 dpa) Ebar ±13.2 ±21.2

Extrapolation Rtest 149.8 73.3
(> 30 dpa) Ebar ±289.4 ±154.7

Similar to the yield strength, the classical model gives better predictions
on the training and the testing set. However, for extrapolated data, pre-
dictions with the optimised model are more accurate. Rtest is reduced by
≈76 K and error bars by ≈135 K.
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7.6 Discussion

Predictions for the three sets of data for the two training methods are listed
in Tables 7.4, 7.5 and 7.6.

Table 7.4: Predictions for the training set (0–15 dpa).

Classical model Optimised model

Elongation / %
Rtest 2.2 2.3
Ebar ±1.3 ±1.5

Yield strength / MPa
Rtest 24 32
Ebar ±17 ±22

∆DBTT / K
Rtest 11.8 20.3
Ebar ±12.2 ±16.6

Table 7.5: Predictions for the testing set (15–30 dpa).

Classical model Optimised model

Elongation / %
Rtest 1.4 1.3
Ebar ±1.3 ±1.4

Yield strength / MPa
Rtest 25 29
Ebar ±24 ±33

∆DBTT / K
Rtest 4.7 17.9
Ebar ±13.2 ±21.2

The situation for the training and testing sets is similar. For irradiation
doses below 15 dpa, predictions for the elongation are comparable. In each
case, Rtest and Ebar calculated by both models are of similar sizes. However,
predictions are less accurate and modelling uncertainties are larger for the
yield strength and the ∆DBTT (+8 MPa for Rtest and +5 MPa for Ebar for
σ and +8.5 K and +4.4 K for the ∆DBTT).

For irradiation doses between 15 and 30 dpa, the two training methods
give the same results for the elongation. However, Rtest and Ebar are slightly
larger for the yield strength (+4 MPa for Rtest and +9 MPa for Ebar) and
much larger for the ductile–to–brittle transition temperature (13.2 K for
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Rtest and 8 K for Ebar).

Table 7.6: Predictions for data used in extrapolation mode (>30 dpa).

Classical model Optimised model

Elongation / %
Rtest 8.7 5.0
Ebar ±11.6 ±11.1

Yield strength / MPa
Rtest 361 300
Ebar ±817 ±682

∆DBTT / K
Rtest 149.8 73.3
Ebar ±249.4 ±154.7

For calculations on the extrapolation set, Rtest and Ebar are naturally
much larger, because data are well outside the range of the training database.
However, for the optimised model, a reduction in the residual test is ob-
served for the three parameters (-3.7 % for the elongation, -61 MPa for the
strength and -76.6 K for the ductile–to–brittle transition temperature) and
modelling uncertainties accompanying the predictions are also reduced for
σ and ∆BDTT (-135 MPa and 94.7 K) but nothing conclusive can be said
for the elongation.

Some arguments can be put forward to explain the advantages of the opti-
mised model over the classical one.

An optimised neural–network model is made of sub–models that par-
ticularly perform well at high irradiation doses and it is known that neural
networks often keep the trend they have captured at the end of the database
[142]. The trend inferred at high dose still represents the reality as long as
underlying mechanisms remain the same [150]. In the case of irradiation,
the hardening mode changes after a critical dose whose value varies between
10 and 20 dpa. Radiation–induced hardening is very important in the early
moments of the irradiation but it usually saturates above that value. Models
that have captured that feature are selected in the committee and are more
likely to correctly represent what happens beyond the database. However,
after a certain lengthscale, predictions by a neural network are biased by
the mathematical function initially chosen.

The possibility to choose the type of data to include in the training or
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testing set allows a better distribution of the information. Databases are
often compiled by aggregating results from the literature which can lead to
the accumulation of experimental values concerning a particular alloy. After
the splitting, such clusters can end up in one or the other set of data, and
that would mean that submodels can be trained on a particular grade of
alloys and tested on another one. When the final committee is built up, it
may not perform satisfactorily on the whole database. In some cases, it has
been observed that the manual selection of the two sets leads to improved
prediction ability [151].

Before the splitting of the initial database, it is also possible to allow
the randomisation of the database, to avoid the existence of aforementioned
clusters of data. This involves a random reorganisation of the lines of the
database.

7.7 Conclusions and summary

A method for training a neural network during which the initial database was
manually partitioned into a training and a testing set was tested. The train-
ing set was made of data for which the irradiation dose is below 15 dpa and
the training set data for which the irradiation was between 15 and 30 dpa.
Data with irradiation doses in excess of 30 dpa were used for extrapola-
tion. Models of the elongation and yield strength were created compared to
classical models.

The principal conclusion is that this optimised training, which forces the
algorithm to select models which generalise well on data for high–irradiation
doses, reduces errors and modelling uncertainties for new data that are sit-
uated outside the range of the database. However, this improvement in ex-
trapolation mode is balanced by less accurate predictions in interpolation,
for data already included in the database.

Besides that, the creation of the network, by specifically determining the
training and testing sets, suppresses some randomness–based aspects of the
partitioning of the initial database. It also allows a better distribution of
the data in the two sets, avoiding the lack or the overrepresentation of a
certain family of inputs in one or the other set of data.

This method can be extended to other cases where the model is used to
extrapolate.
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Chapter 8

Conclusions and suggestions

for future work

The main goal of this thesis was to create well–designed empirical models
of the mechanical properties of irradiated steels.

Based on prior experience with neural networks and previous work with
irradiated steels, a set of recommendations for training future models were
postulated. Models were improved by taking into account the heat treatment
and by training them on the raw value of the output instead of a derived
function. These two modifications brought more physical knowledge in the
model and suppressed a mathematical bias observed in earlier calculations,
particularly important highly extrapolated models.

A neural–network model was created, which allowed the calculation of
the elongation for a variety of alloys. The Bayesian framework allowed an
estimation of uncertainties via error bars which give information about the
risk of extrapolation. Results from this model suggest that the elongation
may not be optimised at 9 wt% Cr.

A neural–network model of the yield strength was created and produced
correct predictions. In combination with other modelling tools, it helped
to describe the loss of strength with the irradiation and test temperature.
A model of the variation in the yield strength described the influence of
temperature on hardening.

The Gaussian process technique was implemented to calculate the yield
strength. When compared to neural networks, it showed a better ability to
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generalise to new data.

Neural–network and Gaussian process predictions in fusion conditions were
attempted but large modelling uncertainties at high dose and elevated tem-
perature prevent one from drawing clear conclusions. Moreover, extrapolat-
ing two neural–network (in Kemp et al. and in this thesis) and a Gaussian
process model of the same parameter has led to three different trends, which
could be partly explained by the different mathematical functions chosen for
each model. This also emphasises that the lack of data and knowledge of
mechanisms remains the major problem.

It was possible to improve modelling predictions in extrapolation at mod-
erate doses by manually allocating the training and testing sets. Models of
three parameters were created and predictions were made for sets of data
situated outside the range for training. They showed an improvement in
accuracy and a reduction in modelling uncertainties. However, it would be
necessary to determine to what extent the values delimiting the training,
testing and extrapolating sets can influence that result. It would also be
interesting to see if that result can be generalised and if such a training
technique produces the same improvement with other neural network mod-
els.

Longer scale extrapolation will however require more data which will
have to be collected. Data yielded by the IFMIF and ITER should be
correctly exploited. Experiment reports should include an extensive charac-
terisation of alloys (composition, heat treatment, any information relative
to any pre–irradiation treatment of the steel) and a detailed description of
the irradiation and tensile testing experiments (concentration in helium and
hydrogen, type of reactor, duration of irradiation, flux, information about
the energy of neutrons). Such detailed data would allow more “artificial pa-
rameters” which are the only way to include physical aspects in the model
(dpa/helium, kinetic time, etc.).

An alternative suggestion to reduce modelling uncertainties and increase
the reliability of models in areas far from the domain of available knowledge
must come from a better understanding of hardening mechanisms. It will
also be necessary to postulate mechanisms that are likely to influence the
strength and toughness at high doses, such as radiation-induced dissolution
of precipitates or radiation-induced amorphisation. This will enable us to
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decide which trend is most likely to be true.

Finding an optimal composition for candidate materials using neural net-
works has already been attempted [116]. Such compositions should be re-
fined as better models will be produced when data at higher doses are col-
lected. Several parameters could be simultaneously optimised, by using dif-
ferent genetic algorithms or by using multiobjective evolutionary algorithms.
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Appendix A

Publications used for the

database

This is a list of the references (articles and experiment reports) used to
create the databases for the neural–network and Gaussian process models of
the elongation, yield strength and ductile–to–brittle transition temperature.
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2000.
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Appendix B

Neural–network model of the

elongation

This page details the program designed to calculate the elongation of irra-
diated steel, as described in Chapter 5. The program is available on the
Materials Algorithms Project
(http://www.msm.cam.ac.uk/map/mapmain.html).

Provenance of Source Code:
Stéphane Forsik,
Phase Transformations Group,
Department of Materials Science and Metallurgy,
University of Cambridge,
Cambridge, U.K.

The neural network program was produced by:
David MacKay,
Cavendish Laboratory,
University of Cambridge,
Madingley Road,
Cambridge, CB3 0HE, U.K.

Purpose

This package allows prediction of the elongation of irradiated steels, as
a function of the chemical composition, heat treatment, irradiation and test
parameters.
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Specification

Language: FORTRAN / C
Product form: Source code / Executable files
Operating Selntem: Linux & Windows 95/98/200/XP/Vista

Description

ELONGATION IRRADIATED STEEL contains a suite of programs which

enable the user to estimate the elongation of irradiated steels, as a function

of the chemical composition, heat treatment, irradiation and test parame-

ters. It makes use of a neural network program called generate44, which

was developed by David MacKay and is part of the bigback5 program [70].

The network was trained using a large database of experimental results (Ap-

pendix A). 19 different models are provided, which differ from each other by

the number of hidden units and by the value of the seed used when training

the network. It was found that a more accurate result could be obtained

by averaging the results from all the models [139]. This suite of programs

calculates the results of each model and then combines them, by averaging,

to produce a committee result and error estimate, as described by MacKay

(page 387 of reference [152]). The source code for the neural network pro-

gram can be downloaded from David MacKay’s website [143]; the executable

files only are available from MAP. Also provided are FORTRAN programs

(as source code) for normalising the input data, averaging the results from

the neural network program and unnormalising the final output file, along

with other files necessary for running the program.

Programs are available which run on a Linux, and on a PC under Win-

dows 95/98/2000/XP. A set of program and data files are provided for the

model, which calculate the elongation of irradiated steels in NN. The files

for Unix and Linux are included in a directory called NN. This directory

contains the following files and subdirectories:

README

A text file containing step–by–step instructions for running the pro-

gram, including a list of input variables.
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MINMAX

A text file containing the minimum and maximum limits of each input

and output variable. This file is used to normalise and unnormalise the

input and output data.

test.dat

An input text file containing the input variables used for predictions.

model.gen

This is a unix shell file containing the command steps required to run

the module. It can be executed by typing csh model.gen at the com-

mand prompt. This shell file compiles and runs all the programs nec-

essary for normalising the input data, executing the network for each

model, unnormalising the output data and combining the results of

each model to produce the final committee result.

RET AUST.exe

This executable program for the PC correspond to the unix command

file model.gen.

no of lines.ex

This executable file reads the information of number of data from

keyboard input and creates no of rows.dat file, this file is used by

spec.ex/spec.exe to create spec.t1.

spec.ex / spec.exe

This executable file reads the information in no of rows.dat and cre-

ates a file called spec.t1.

spec.t1

A dynamic file, created by spec.ex/spec.exe, which contains infor-

mation about the module and the number of data items being supplied.

It is read by the program generate44 / generate55.exe.
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norm test.in

This is a text file which contains the normalised input variables. It is

generated by the program normtest.for in subdirectory s.

generate44 / generate55

This is the executable file for the neural network program. generate44

runs on unix selntems and generate55 on the PC. It reads the nor-

malised input data file, norm test.in, and uses the weight files in

subdirectory c. The results are written to the temporary output file

out.

ot, out, res, sen

These files are created by generate44 and can be deleted.

Result

Contains the final un–normalised committee results for the elongation.

SUBDIRECTORY s

no of lines.c

The source code for program no of lines.ex.

spec.c

The source code for program spec.ex.

normtest.for

Program to normalise the data in test.dat and produce the nor-

malised input file norm test.in. It makes use of information read

in from no of rows.dat and committee.dat.

gencom.for

This program uses the information in committee.dat and combines

the predictions from the individual models, in subdirectory outprdt,

to obtain an averaged value (committee prediction). The output (in

normalised form) is written to com.dat.
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treatout.for

Program to un–normalise the committee results in com.dat and write

the output predictions to unnorm com. This file is then renamed Result.

committee.dat

A text file containing the number of models to be used to form the

committee result and the number of input variables. It is read by

gencom.for, normtest.for and treatout.for.

SUBDIRECTORY c

w*f

The weights files for the different models.

*.lu

Files containing information for calculating the size of the error bars

for the different models.

c*

Files containing information about the perceived significance value for

each model.

R*

Files containing values for the noise, test error and log predictive error

for each model.

SUBDIRECTORY d

outran.x

A normalised output file which was created during the building of the

model. It is accessed by generate44 via spec.t1.

SUBDIRECTORY outprdt

out1, out2 etc.

The normalised output files for each model.
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com.dat

The normalised output file containing the committee results. It is gen-

erated by gencom.for.

Detailed instructions on the use of the program are given in the README

files.

Parameters

Input parameters

The input variables for the model are listed in the README file. The

maximum and minimum values for each variable are given in the file

MINMAX.

Output parameters

These program gives the elongation of irradiated steels. The corre-

sponding output files is called Result.dat or Result.

Error Indicators

None.

Accuracy

A full calculation of the error bars is presented in reference [139].
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Appendix C

Neural–network model of the

yield strength

This page details the program designed to calculate the yield strength

of irradiated steel, as described in Chapter 6. The program is available

on the Materials Algorithms Project

(http://www.msm.cam.ac.uk/map/mapmain.html).

Provenance of Source Code:

Stéphane Forsik,

Phase Transformations Group,

Department of Materials Science and Metallurgy,

University of Cambridge,

Cambridge, U.K.

The neural network program was produced by:

David MacKay,

Cavendish Laboratory,

University of Cambridge,

Madingley Road,

Cambridge, CB3 0HE, U.K.

Purpose

This package allows prediction of the yield strength of irradiated

steels, as a function of the chemical composition, heat treatment, irra-
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diation and test parameters.

Specification

Language: FORTRAN / C

Product form: Source code / Executable files

Operating Selntem: Linux & Windows 95/98/200/XP/Vista

Description

YIELD STRENGTH IRRADIATED STEEL contains a suite of pro-

grams which enable the user to estimate the yield strength of irradiated

steels, as a function of the chemical composition, heat treatment, irra-

diation and test parameters. It makes use of a neural network program

called generate44, which was developed by David MacKay and is part

of the bigback5 program [70]. The network was trained using a large

database of experimental results (Appendix A). 19 different models are

provided, which differ from each other by the number of hidden units

and by the value of the seed used when training the network. It was

found that a more accurate result could be obtained by averaging the

results from all the models [139]. This suite of programs calculates the

results of each model and then combines them, by averaging, to produce

a committee result and error estimate, as described by MacKay (page

387 of reference [152]). The source code for the neural network program

can be downloaded from David MacKay’s website [143]; the executable

files only are available from MAP. Also provided are FORTRAN pro-

grams (as source code) for normalising the input data, averaging the

results from the neural network program and unnormalising the final

output file, along with other files necessary for running the program.

Programs are available which run on a Linux, and on a PC under Win-

dows 95/98/2000/XP. A set of program and data files are provided

for the model, which calculate the yield strength of irradiated steels

in NN. The files for Unix and Linux are included in a directory called

NN. This directory contains the following files and subdirectories:
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README

A text file containing step–by–step instructions for running the pro-

gram, including a list of input variables.

MINMAX

A text file containing the minimum and maximum limits of each input

and output variable. This file is used to normalise and unnormalise the

input and output data.

test.dat

An input text file containing the input variables used for predictions.

model.gen

This is a unix shell file containing the command steps required to run

the module. It can be executed by typing csh model.gen at the com-

mand prompt. This shell file compiles and runs all the programs nec-

essary for normalising the input data, executing the network for each

model, unnormalising the output data and combining the results of

each model to produce the final committee result.

RET AUST.exe

This executable program for the PC correspond to the unix command

file model.gen.

no of lines.ex

This executable file reads the information of number of data from

keyboard input and creates no of rows.dat file, this file is used by

spec.ex/spec.exe to create spec.t1.

spec.ex / spec.exe

This executable file reads the information in no of rows.dat and cre-

ates a file called spec.t1.

spec.t1

A dynamic file, created by spec.ex/spec.exe, which contains infor-
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mation about the module and the number of data items being supplied.

It is read by the program generate44 / generate55.exe.

norm test.in

This is a text file which contains the normalised input variables. It is

generated by the program normtest.for in subdirectory s.

generate44 / generate55

This is the executable file for the neural network program. generate44

runs on unix selntems and generate55 on the PC. It reads the nor-

malised input data file, norm test.in, and uses the weight files in

subdirectory c. The results are written to the temporary output file

out.

ot, out, res, sen

These files are created bygenerate44 and can be deleted.

Result

Contains the final un–normalised committee results for the predicted

yield strength.

SUBDIRECTORY s

no of lines.c

The source code for program no of lines.ex.

spec.c

The source code for program spec.ex.

normtest.for

Program to normalise the data in test.dat and produce the normalised

input file norm test.in. It makes use of information read in from

no of rows.dat and committee.dat.

gencom.for

This program uses the information in committee.dat and combines
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the predictions from the individual models, in subdirectory outprdt,

to obtain an averaged value (committee prediction). The output (in

normalised form) is written to com.dat.

treatout.for

Program to un–normalise the committee results in com.dat and write

the output predictions to unnorm com. This file is then renamed Result.

committee.dat

A text file containing the number of models to be used to form the

committee result and the number of input variables. It is read by

gencom.for, normtest.for and treatout.for.

SUBDIRECTORY c

w*f

The weights files for the different models.

*.lu

Files containing information for calculating the size of the error bars

for the different models.

c*

Files containing information about the perceived significance value for

each model.

R*

Files containing values for the noise, test error and log predictive error

for each model.

SUBDIRECTORY d

outran.x

A normalised output file which was created during the building of the

model. It is accessed by generate44 via spec.t1.

SUBDIRECTORY outprdt
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out1, out2 etc.

The normalised output files for each model.

com.dat

The normalised output file containing the committee results. It is gen-

erated by gencom.for.

Detailed instructions on the use of the program are given in the README

files.

Parameters

Input parameters

The input variables for the model are listed in the README file. The

maximum and minimum values for each variable are given in the file

MINMAX.

Output parameters

These program gives the yield strength of irradiated steels. The corre-

sponding output files is called Result.dat or Result.

Error Indicators

None.

Accuracy

A full calculation of the error bars is presented in reference [139].
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