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Abstract

Impurity injection using laser accelarated pellets and the study of the transport of
these injected impurities has been the major field of investigations in recent years on
the MT-1M tokamak. In some experiments, two 16-channel MCP cameras were
placed at various cross sections of the torus, one horizontally, the other vertically.
With various filters added, these cameras provided information on the distribution of
the injected impurity ions in a cross section of the torus. More precisely, each channel
of these cameras measured some sort of integral of the radiation of the injected
impurity ions along a linear domain of the cross section. These signals were digitalized
every 10 us and thus a time evolution of the cloud of impurity ions could be
investigated. The problem is to restore the original distribution of impurity ions in the
cross section of the torus from measurements as well as possible.

Obviously, a lot of information is lost because each channel integrates the
radiation along a linear domain, and it is impossible to restore the exact distribution.
One way to proceed is to make additional assumptions about the distribution. In
practice, this means that we are trying to find a distribution in the form of a given class
of functions. For example, a linear combination of some functions may be used, and
the coefficients that minimise some sort of error function may be selected. This is fairly
simple and computationally efficient, however it requires a good choice of base
functions that resemble the symmetries of the distribution involved to be truly
meaningful. In our case, the assumption is a localised distribution moving with the
ablating pellet, and therefore such a linear fit is not possible. A nonlinear fit of a
localised distribution with parameters for the horizontal and vertical position of the
center, the amplitude and the width in both directions would be a good candidate, it is,
however computationally far too tedious to be used for the evaluation of masses of
experimental data.

Neural networks have been used for fast measurement evaluation in plasma
physics previously, including nonlinear curve fitting to experimental data. Such an
approach for the fast evaluation of tomographic measurements was also utilised on the
MT-1M tokamak. Since with a given distribution it is straightforward to calculate the
values that the various channels would measure, it is simple to build a good database
on which the neural networks can be trained. The networks can be then used to
estimate the parameters that a nonlinear curve fitting would produce. This method has
the advantage of performing tedious, time consuming calculations only once (during
the training phase), after which the trained networks process data quickly and
efficiently. In our work, we have explored the applicability of neural networks to such
nonlinear tomographic problems, and found them a useful tool for the fast processing
of large amounts of data. Several test were performed on the reliability of neural
network estimates, and on the amount of time needed for training the networks
compared to the time needed for conventional nonlinear fittings. The network
estimates have proven to be accurate enough to be used without further processing.
Alternatively, the estimates provided by the networks can be regarded as preprocessing
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of experimental data, and used as a startingpoint for regular nonlinear curve fitting to
lessen computational time on data of interest. Neural networks have the advantage of
being insensitive to noise, and this robustness makes them ideal for the task of picking
out automatically the important features of noisy experimental data. The training time
required has proven to be the same as required by around two or three hundred
conventional nonlinear fits, and therefore well worth investing into. Even though new
networks have to be trained for every experimental setup to accommodate to the
geometry of the detector, they have proven to be a useful aid in transport studies.

Impurity injection using laser accelerated pellets and the study of the transport of
these injected impurities has been the major field of investigations in recent years on the
MT-1M tokamak [1, 6-10]. In some experiments, two 16-channel MCP cameras [11] were
placed at various cross sections of the torus, one horizontally, the other vertically. (Fig. 1.
shows the experimental setup.) With various filters added, these cameras provided
information on the distribution of the injected impurity ions in a cross section of the torus.
More precisely, each channel of these cameras measured some sort of integral of the
radiation of the injected impurity ions along a linear domain of the cross section. These
signals were digitised every lOpis and thus a time evolution of the cloud of impurity ions
could be investigated. The changing of the signal on the channels of the two cameras in a
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Fig. 1. Experimental setup.

Fig. 2. The signal on the channels of the cameras in a typical experiment, horizontal
camera on the left, vertical camera on the right.
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typical experiment can be seen on Fig.2. It can be seen to correspond to a localised
distribution around the center of the tokamak cross section in the horizontal direction, and
moving from the edge of the plasma towards the center in the vertical direction. The
problem is to restore the original distribution of impurity ions in the cross section of the
torus from these measurements as well as possible.

Obviously, a lot of information is lost because each channel integrates the radiation
along a linear domain, and it is impossible to restore the original distribution exactly. We

are therefore trying to approximate the distribution function <E>(x,.y) from the
measurements on the channels of the cameras

using a given class of functions F{x,y;pj() containing parameters p^. The functions

a>i{x,y) contain information on the measurement setup (geometry, etc.) and are assumed
to be known. The aim is to find the set of parameters that minimise the error function

M]
This means, that we are trying to minimise the measurable difference between the original
distribution function, and an approximating function belonging to a prescribed class of

functions. The integrals containing the functions a>j{x,y) must be evaluated numerically. If

F{x,y;pj() functions are linear functions of their parameters, i.e.

then during an iterative minimisation of the error function the parameters can be taken out
of the numerical integrals containing the characteristics of the measurement setup, and
these integrals have to be performed only once for each measurement setup and choice of
base functions. The minimisation will therefore be that of a quadratic function of the
parameters, which is simple and computationally efficient. In our case the problem is, that
there is no set of base functions which corresponds well to a localised distribution moving
in the cross section of the tokamak. A natural choice would be to fit a two dimensional
gaussian distribution to the measurements,

F{x,y,Pk) = -z exp
(y-yo)2)

2 a-/ 2 a/

with parameters for the position of the center of the distribution in the horizontal and
vertical directions, the widths of the distribution in the two directions, and an amplitude
parameter. The problem is, that this function contains its parameters nonlinearly, and this
means, that the numerical integrals have to be evaluated in every step of an iterative
minimisation of the error function. This makes fitting nonlinear functions to tomographic
data extremely inefficient and cumbersome.

Neural networks have been used for fast measurement evaluation in plasma physics
previously, including nonlinear curve fitting to experimental data [12-17]. The basic idea
behind neurocomputing is to use a large number of primitive processors to evaluate data in
parallel [2,3]. The single processor, or neuron would perform a simple task of multiplying
each of a number of input values by an internal weight value corresponding to that input,
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creating a linear sum of the weighed inputs and producing some simple function of the
linear sum as its output. With a large number of neurons organised into a network, the
network as a whole may be able to perform complicated tasks. One of the most important
virtues of such systems is, that so called learning strategies may be utilised to change the
weights of individual neurons to adjust the performance of the network. These strategies
can be used to teach a network to solve a problem using examples of desired output to
specific inputs. One architecture of neural networks, that has been used extensively and
with success is the so called Backpropagation Network. This is a multilayered, feedforward
type network, that realises a mapping from an n-dimensional input space to an m-
dimensional output space. There are mathematical theorems to prove this network to be a
universal function approximator under certain conditions [2], and it is simple enough for a
straightforward learning strategy for training from examples to be formulated. Another
important virtue of this network (and many others as well) is its resistance to noise, its
ability to perform well in a noisy environment.

The question now arises, whether such neural networks could be trained to 'guess'
the parameters that a conventional nonlinear curve fitting would produce on tomographic
data. In other words, we may try to find a complicated mapping, that returns the
parameters that a nonlinear curve fitting would produce, given the tomographic data. A
database of samples of the input space with corresponding desired outputs to train the
networks may be obtained by taking two dimensional gaussian distributions with various
parameters, making these generating parameters the desired output, and calculating the
signals that the detectors would measure from the knowledge of the experimental setup.
Thus data for training is readily available, and this fact makes the application of the
Backpropagation Network straightforward. This method of data evaluation was tried on
the MT-1M tokamak.

A database was set up, on which the networks were trained, and a separate database
was used for testing the performance of the networks and to compare it to the performance
of a conventional nonlinear curve fitting. A substantial amount of noise was also added to
the channel values of the samples to simulate realistic experimental conditions. The results
of the comparison can be seen on Fig.3. and Fig.4. The left-hand side figures show how
well the neural networks guessed the generating parameters of the samples (the desired
output), while the right-hand side figures show the same for a conventional nonlinear curve
fitting. Standard deviations from the generating parameters can be seen on top of each of
the figures. It can be seen on the figures, that the results for position parameters are
slightly worse for the neural network estimate, while the results for amplitude parameters
are practically the same for the conventional nonlinear fit and the neural networks. While
the standard deviations for the width parameters are smaller for the neural networks, the
structure of the error is different, as the relative error for narrow distributions is much
larger for the networks. By changing the circumstances of learning, this can be changed,
and it is possible to train the network, so that the relative error of the parameters is
constant. The overall performance of the networks thus makes them suitable for fast
measurement evaluation, and the values returned by the networks may be used later as a
startingpoint for a conventional nonlinear fit if greater accuracy is desired, reducing time
needed for convergence.

The price to be paid for utilising neural networks lies in training the networks.
Training the Backpropagation Network involves a nasty nonlinear minimisation involving a
large number of parameters. This is, of course extremely time consuming, and training
networks only pays off, if there are large numbers of tomographic data to be evaluated. In
our setup, the computational load of training the networks was equal to that of completing
a few hundreds of conventional nonlinear fits. Since using the networks also involves some
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Fig. 3. Performance of the neural networks and conventional curve fitting on position and
amplitude parameters. On each of the figures the network output or the results of the
curve fitting are plotted on the vertical axis against the generating parameters of the

samples (desired output). Standard deviation from the desired output is written on top.
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experimenting as to which architecture is most suitable to solve a given problem, it is wise
to invest into neural network training only if the amount of tomographic data exceeds a few
times that amount.
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F/g. 4. Performance of the neural networks and conventional curve fitting on width
parameters. On each of the figures the network output or the results of the curve fitting
are plotted on the vertical axis against the generating parameters of the samples (desired

output). Standard deviation from the desired output is written on top.

Real experimental data was also processed by the networks. The results on a series of
tomographic data involving a pellet injection into the plasma can be seen on Fig.5. It can be
seen, the position parameters returned by the networks do indeed correspond to a pellet
moving into the plasma from bellow, while the amplitude rises sharply as the pellet enters
the plasma. A further test of reliability may be also devised by fitting the vertical position
parameters by a straight line, calculating the velocity of the pellet, and comparing that with
the velocity obtained by a time of flight calculation. The velocities obtained from the neural
network positions tend to be slightly smaller than that of the time of flight method, the
reasons for which are unclear. It must be mentioned, that the standard deviations of the
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position parameters correspond to approximately half the distance between adjacent
measuring channels.
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Fig. 5. Results of tomographic data processed by neural networks. The position parameters
can be seen to correspond to a localised distribution moving into the plasma from bellow
in the vertical direction, while the amplitude parameters correspond to a sudden increase

in radiation from impurity ions.

As a conclusion, we can say, that neural networks are suitable for fast processing of
tomographic data, but it is worth investing into training such networks only if either there
are large numbers of tomographic data to be processed, (which is, however most often the
case) or if real time evaluation is needed for some reason.
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