@

EFDA—JET-CP(07)05/02

O. Barana, A. Murari, |. Coffey and JET EFDA contributors

Artificia Neura Networksfor Rea-Time

Diagnostic of High-Z Impuritiesin
Reactor-Relevant Plasmas



“This document is intended for publication in the open literature. It is made available on the
understanding that it may not be further circulated and extracts or references may not be published
prior to publication of the original when applicable, or without the consent of the Publications Officer,
EFDA, Culham Science Centre, Abingdon, Oxon, OX14 3DB, UK.”

“Enquiries about Copyright and reproduction should be addressed to the Publications Officer, EFDA,
Culham Science Centre, Abingdon, Oxon, OX14 3DB, UK.”




Artificta Neural Networksfor Rea-Time
Diagnostic of High-Z Impuritiesin
Reactor-Rdevant Plaamas

O. Barana', A. Murari®, 1. Coffey? and JET EFDA contributors®

JET-EFDA, Culham Science Centre, OX14 3DB, Abingdon, UK

'Consorzio RFX — Associazione Euratom-ENEA sulla Fusione, Corso Sati Uniti 4, 1-35127 Padova, Italy
Queen’s University, Belfast, BT7 1NN, UK.
* See annex of M.L. Watkins et al, “ Overview of JET Results”,
(Proc. 21 % | AEA Fusion Energy Conference, Chengdu, China (2006)).

Preprint of Paper to be submitted for publication in Proceedings of the
|EEE International Symposium on Intelligent Signal Processing, Alcala de Henares- Madrid.
( 3rd October 2007 - 5th October 2007)






ABSTRACT

The operation of JET with a new wall, made of beryllium in the main chamber and a tungsten
divertor, will require additional carein handling plasma-wall interactions, sincethese new materials
are certainly much less forgiving than the present ones. In particular, detecting tungsten will be
extremely important not only for safety but also to understand the behaviour of high-Z impuritiesin
reactor-relevant plasmas. Inthispaper Artificial Neural Networks areinvestigated to facethe problem
of real-time detection of high-Z impurities in plasma scenarios of ITER relevance. The data were
collected with JET spectroscopy in aseries of experiments, where laser blow-off was used to inject
thevariousimpurities. A wide range of plasma parameterswas explored to cover the most important
regions of the spectra. The good results obtained in recognizing the most important lines of the
relevant materials prove that Artificial Neural Networks are strong candidates for real-time
monitoring of theimpurities both for protection purposesand for investigation of first-wall erosion.

[.INTRODUCTION

To support the design and operation of ITER, JET will be upgraded with a completely new wall,
consisting of beryllium (Be) in the main chamber and tungsten (W) in the divertor [1]. This fully
metallic wall will givethe opportunity to test scenariosin an integrated way, taking into account the
constraints and difficulties imposed by ITER materials. Monitoring the W content of the plasma
will be crucia in two respects: @) to keep under control the status of the divertor and to monitor its
erosion; b) to assess the behaviour of thisimpurity and its effects on the plasma performance. The
safety issueslinked to thewall integrity will require continuous surveying of variousimpurity lines
and thiswill haveto be donein an automatic way. W transport in the plasmawill need first detection
of the radiation emitted by the lower ionization stages to determine the influxes. The radiation
emitted by higher ionization stageswill providetheimpurity content of the plasmacore and detection
will have to be optimized for the various temperature ranges of interest. To determine the impurity
content, the W lines must aso be properly discriminated from similar materials like hafnium (Hf),
which has been considered as an implant in JET to study the erosion of plasmafacing components.
Thereforeitisalsoimportant to detect timely their presencein JET plasmas. These problemslinked
with impurity monitoring will of course become even more difficult in ITER, whose discharges
will last orders of magnitude longer than JET’s, rendering manual solutions practically impossible.
The complexity of thistask of line identification for safety and scientific purposes motivated the
investigation of the potential of Artificial Neural Networks (ANNS) in thisfield.

The development of ANNswas historically triggered by the interest in modelling the behaviour
of the neuronsin the human brain, but already one among thefirst publicationsinthefield [2] dealt
with important computational aspects. In the 1980s the back-propagation learning algorithm [3]
acquired a lot of popularity. In those years it became clear not only that multilayer ANNs could
model non-linear functions but also that a sound learning procedure was available.

Since the 1980s the development and progressin ANNSs has constantly increased, so that the use



of ANNS has become common even in nuclear fusion applications. TheANN potential to implement
non-linear transfer functions is very important in a domain characterized by complex and strong
non-linear problems. In JET, for example, two ANNS have been trained and tested to provide the
total radiated power and the divertor emission with an accuracy clearly better than the linear
combination of chords[4], even though the implementation of the latter is usually rather basic. In
the determination of theinternal plasma inductance based on the Shafranov integrals, ANNs have
al so been successfully applied to determine this volume-dependent parameter [5], whichisdifficult
to derive from the external magnetic measurements.

Up to now, in nuclear fusion, ANNSs have probably found their most useful application in the
real-timeidentification of several plasmaparameters. In this context, ANNs offer clear advantages
interms of speed and generalization capabilities. This has suggested investigating their potential to
detect high-Z impurities, in the framework of developing automatic survey techniques to reduce
the need for human operators. The approach can also be of substantial help in scientific studies,
because ANNSs can, for example, provide afirst screening of the data and identify the interesting
lines, reducing the burden on the scientists, who normally have to devote a significant part of their
time to this task.

Section 2 of this paper presents abrief summary of the requirementsfor spectroscopy in JET with
the new al-metallic wall, which can certainly be considered a prototype of the ITER wall. Section 3
presents those architectural characteristics of ANNSs that are particularly relevant to the applications
described in this paper. The subject of Section 4 isthe description of the experimental equipment used
at JET to perform the blow-off of variousimpurities and to detect the relevant lines spectroscopically.
Section 5 presents the results obtained by means of the ANNSs devel oped for the detection of high-Z
impurities relevant to JET and ITER walls, both in terms of bulk materials and erosion markers.
Finally, the last section addresses the prospects of future and more advanced networks.

2. SPECTROSCOPY FOR WALL PROTECTION AND EROSION STUDIESIN
PLASMAS OF REACTOR RELEVANCE

In the present generation of tokamaks, carbon isthe most used material for the divertor, where most
of the plasma-wall interaction takes place. The main advantages of this element are its high
sublimation point of 3800 K and low Z. Instead of melting when reaching this temperature, it
evaporates and then emitsradiation in the plasmaedge, reducing the peak loads on thewall. Despite
these advantages, carbon is not a realistic candidate for a reactor, as it would be eroded too fast
under reactor conditions[6]. Alternative wall materials, robust against sputtering by plasmaparticles,
have therefore to be investigated. Moreover, it has been found in today’s fusion devices, which
operatewith first walls of carbon fibre composites, that amorphous carbohydrate layersforminside
the vacuum chamber during plasma operation. If similar layers formed in ITER, the co-deposited
amount of tritium could hit the safety limit of 350g in less than 100 discharges, delaying further
operation unacceptably. To overcome these problems, the present ITER design foresees a Be wall



with a W divertor, reducing the amount of graphite to a minimum, i.e. the tiles hit by the strike
points. To prepare for ITER, at JET anew wall, with Be in the main chamber and aW divertor, is
being designed. This upgrade will allow progressing the scenario development with the same
mechanical boundary as ITER. This follows an extensive work performed at ASDEX Upgrade
(AUG), thefirst large fusion experiment that implemented tungsten as a plasmafacing material on
alarge scale, increasing the tungsten surface coverage from year to year [7].

However, notwithstanding the positive results obtained in AUG, plasma operation has to be
conducted with great carein order to avoid large impurity influxes and excessive W concentrations
in the plasma. From this experience, it has emerged very clearly that a basic pre-requisite, for
operating alarge fusion device with tungsten, isthe ability to diagnose the impurity concentrations
with the necessary accuracy, time and space resolution. Moreover, it isaso extremely important to
detect the increase in the W influxes and concentration very quickly, in order to alow the feedback
systemstointervenein time, to guarantee safe operation of the machine and the successful execution
of the scientific programme.

In addition to detecting impurities for wall protection, spectroscopy is aso afundamental tool to
study erosioningeneral. JET hasastrong research programme on Plasma-Wall Interactions (PWI1). In
this framework, the assessment of erosion and re-deposition of materials in the divertor region has
always been considered an issue of high priority. Thereforein JET a dedicated program is focussing
on investigating the possibility to deposit suitable materials (belonging to the transition metals and
therefore with high atomic number Z) into the tiles and detect spectroscopically when the erosion has
reached theseimplants[8]. Oncein the main plasmathese high Z transition metalsemit characteristic
lines, which have to be identified to assess how deeply the first wall has been eroded.

3. GENERAL DESCRIPTION OF THE ADOPTED NEURAL NETWORK

Asmentioned intheintroduction, ANNsarevery useful to reduce the burden of human operatorsin
the case of general surveying. As explained above, in future nuclear fusion experiments, it isvery
likely that thefirst wall erosion will beamajor issue, requiring very close monitoring. To implement
fast real-time control schemes, ANNSs have the potential of being simple transfer functions, whose
outputs can therefore be cal culated on asub-millisecond time scale. This could become afundamental
advantage when computational timeisacrucial issue.

The general architecture of the adopted ANNSs consists of afeedforward Multi-Layer Perceptron
(MLP) with asingle hidden layer, i.e. the ANNs are made of three layers: an input layer, a hidden
layer and an output layer; each unit of alayer is connected, by means of weights connections, to
every unit of the previous and/or the following layer [9]. A typical MLP schemeisshownin Fig.1,
where the content of a perceptron (i.e. an ANN unit) is highlighted.

Therelation that links the outputs 'y, to the inputs x; is given by

yk:g(iwkj‘gj(éwjixi)) (1)
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where g is anon-linear activation function (the hyperbolic tangent), § alinear one and thew’s are
the weights. It can be indeed demonstrated that at |east in principle every continuous function can
be reproduced by a feedforward ANN with a single hidden layer, for a finite range of the input
values, and that, being g a non-linear activation function, an ANN has the ability of modelling in
principle any arbitrary transfer function [9].

Sincethe ANNSs are supervised, they need to betrained using the error back-propagation method.
In particular, the ANNsfor the identification of the marker materials use the L evenberg-Marquardt
rule[9]. The error function is the following, which is proportional to the mean squared error:

18 2
E=> 2 (k- (2)
k=1

(where t, is the k™ desired output). Though used in most applications, expression (2) does not
represent the unique error function adopted in practice. In fact any error function whose derivative
can be calculated at the output layer may be used instead, taking into account possible relations
among the activation values of the output units.

4. JET LASER BLOW-OFF SYSTEM SAND SPECTROSCOPY

Heavy Z impurities were injected into JET plasmas using the laser ablation system [10,11]. A
vacuum chamber located on one of the main JET horizontal ports contains the target holder. This
consists of 15 separate glass slide targets (49x49 mm2) coated with various materials. The laser
itself isasingle pulseruby laser located outside the torus hall (694.3nm, 25ns pul se length, ~5-9 J).
When the laser is fired onto the target it vaporizes a portion of the thin film coating (typically 3-
Sum thick), producing a burst of impurities which propagates towards the plasma. A 3mm diameter
spot size produces afew 10™ atoms, although only asmall fraction of this reaches the plasma giving
an injected impurity concentration of the order of 107* n, (Where n isthe electron density).

Many heavy Z speciesintherange Z = 28 to Z = 83 have been injected to study their spectroscopic
signature and establish if they are distinguishable from each other using the available diagnostics on
JET. Hf, tantalum (Ta), W, rhenium (Re), zirconium (Zr), molybdenum (M o) and nickel (Ni) haveall
been injected using this method. The main spectroscopic region of interest on JET isin the soft X-ray
to VUV (~1-100nm) [12]. An extreme-grazing-incidence Schwob-Frankel spectrometer [13]
(SOXMQOS, 1-340nm, 0.02nm resol ution) and agrazing-incidence M cPherson 251 spectrometer [ 14,15]
(SPRED, 10-110nm, 0.3nm resolution) monitor the line emission spectra in this waveband. Both
Instruments have microchannel -plate/phosphor detectors, fibre-optically coupled toidentical Princeton
Instruments diode-array cameras. The maximum time resolution of both instrumentsis 11ms.

To further assess the effects of the injected impurities on the plasmathe overall X-ray emission
ismeasured using two soft X-ray cameras[16], and the radiated power P, ,ismeasured viathe JET
bolometer arrays [17]. Both of these instruments can give spatial and temporal data, alowing
tomographic reconstruction of the evolution of the emission profiles. As the injections are often



parasitic to other experiments, the amount of impurity injected isusually set to provide the minimum
useful signal, so as not to perturb the plasmaunnecessarily. Normally aiP,; of 1-2 MW issufficient
for this purpose.

5. ARTIFICIAL NEURAL NETWORK FOR REAL-TIME IDENTIFICATION AND

CONTROL OF IMPURITIES
A dedicated ANN has been designed and trained by usto investigate the possibility of recognizing
in real-time the spectroscopic fingerprint of the various marker materials once they are emitted
from the main plasma. An example of the spectra in question is reported in Fig.2 for W, Hf and
composite W/Hf targets. Another exampleisshownin Fig. 3for Mo, Zr and Ni targets. Thetraining
set has been designed by first determining the best wavelength interval where the spectra differ
most with respect to each other (found to be between 120A and 200A), and then excluding some
spectra, in particular those belonging to the pre-ablation phase and the saturated ones (the level of
saturation was of 4.2€° counts/s). The threshold between the pre-ablation and the ablation spectra
was set to be equal to 5€” counts/s. Thisisidentified by the black dashed linesin the Figures 2 and
3, which report, together with examples of ablation spectra (black solid lines), examples of pre-
ablation spectra (grey solid lines). Finally, before feeding the ANN, the data were normalized with
respect to the saturation level.

The architecture of the adopted feedforward Levenberg-Marquardt ANN consists of one input
layer of 58 elements, one hidden layer of 10 elements and one output layer of 6 elements. The
number of input unitsis the result of two operations:. the restriction of the wavelength interval to
120A -200A and then the selection of one wavelength sample every three. The number of hidden
unitswas chosen after several attempts asthe least number of unitsthat produce the desired outpui.
Six isthe number of output units and is equal to the number of examined materias (W, Hf, W/HT,
Mo, Zr and Ni). From thisit is possible to understand that the ANN isused as a classifier; the input
training and test sets consist of patterns whose associated outputs are arrays of zeros, except for the
output element linked to the input pattern, whose value is one. Fig.4a shows a couple of input
patterns (black line for W and grey line for Mo), while in Fig.4b the output patterns related to the
inputs of Fig.4a are reported (circles for W and crosses for Mo). In this preliminary phase of the
study, the data consisted of 136 patterns, three fourths of which were employed to train the ANN.
Since the ANN is quite smple and the number of available input patterns is restricted, the time
spent totrainit was of afew secondson aPentium 1V —3.2GHz PC using Windows X P as operating
system. Theremaining fourth was used to test the network, which was able to classify successfully
all the data patterns. It isworth noting that both the training set and the test set were chosenin order
to have the same proportion of patterns related to the different elements.

6. FUTURE PROSPECTS
The use of ANNSs in various fields of nuclear fusion, ranging from real-time and monitoring



applications to data analysis and modelling of non-linear transfer functions, can be considered
generally very positive. The networks normally present better accuracy than the usual algorithmic
approaches, require less computational time and can very often be upgraded with |ess manpower.
These positive aspects have motivated the application study of a specific ANN for the real-time
identification of spectral lines emitted by high-Z materials.

For the future we intend to include in the data set al so spectrafrom other transition metals, like
for examplerhenium, to prove the versatility of the approach. Additional laser blow-off experiments
are also being planned to increase the database and support the conclusions with better statistics.

Asthe complexity and the number of input patterns of theANN increase, and to face the constraint
related to the ANNS' extrapolation ability, a quality factor could be introduced in order to discard
unpredictabl e outputs deriving from input patternsthat lie outside the space defined by the training
set. This quality factor can be a mean squared error computed on the outputs and would benefit
from the fact of using, as output pattern, a gaussian function centred at the desired position instead
of apattern asin Fig.4b [18].

Once the ANN will have been intensively and successfully tested off-line, it will be ready to be
checked on-line and, if no problems will be encountered, it will be possible to use it for the real
time monitoring of the impurities.

The developed ANN could also be used in amore general framework of model-based feedback
of injected impuritiesto achieve highly radiative plasmas. Indeed, in order to reduce the severity of
PWIs in ITER, plasmas are planned to work at a radiated fraction of about 90%. Since in JET
normally the radiation losses are of the order of 50% of the input power and they are going to
decrease with the metallic wall, to study I TER-relevant scenarios, it will be important to increase
radiation by injection of extrinsiclow-Z impurities, like nitrogen. In order to optimizethe efficiency
of theseimpurities, also their density will haveto be controlled in feedback, not only their radiation,
asin present-day schemes. To this end ANNSs of the type described in this paper could be used to
quickly identify the necessary linesto be used by the modelsto quantify theimpurity densitiesused
for the feedback control of the radiation.
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Perceptron’s content

Figure 1: Pictorial view of a feedforward multi-layer perceptron. The content of a perceptron
(i.e. an ANN unit) is highlighted.
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Figure 2: Example of JET spectra of tungsten (W),
hafnium (Hf) and of composite W/Hf erosion markers.
The solid black lines represent samples that were used to
train the ANN. The solid grey linesrepresent pre-ablation
samples that were excluded from the training sets. The
black dashed lines identify the noise limit: a spectrum
whose maximum is under this limit is not part of the
training set.

Figure 3: Example of JET spectra of molybdenum (Mo),
zirconium (Zr) and nickel (Ni) erosion markers. The solid
black lines represent samples that were used to train the
ANN. The solid grey lines represent pre-ablation samples
that were excluded fromthetraining sets. The black dashed
lines identify the noise limit: a spectrum whose maximum
isunder thislimitisnot part of the training set.
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Figure 4: a) example of input patterns used to train the ANN: the black solid line is associated with a tungsten (W)

sample, while the grey solid line is associated with Molybdenum (Mo); b) output patterns associated with the input
patterns of Fig.4a: the circles are for W and the crosses for Mo.
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