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I - Introduction

Artificial neural networks are computer
algorithms that simulate, in a very simplified form, the
ability of brain neurons to process information.
Basically, within each unit of the network, all the
input weighted signals are summed and an excitatory
or inhibitory signal is then fired to the next layer's
units (Fig. 1). The training of the neural net is
performed by adjusting the weights between each
connection as to minimize the error during the
prediction processes ("back propagation”) [1,2].

Fig. 1 — Feed-forward neural network
showing the weighted connections between
all the neurons units.

II - Basic Idea

Considering the tokamak a low dimensional dynamic system and supposing the time
delayed vector:

Xt = [Xta Xty X215 oo » Xt—n‘t]a (1)

then it is reasonable suppose that the future state of he system at time could be predicted by a
smooth non-linear function F:

X (t+1)=F Xp (2)

However, since the function F is not
known, the idea is to alternatively use a
neural networ.k to approximate. F and, o p— O (O
therefore, predict the future evolution of the (Tokamak)
system. To do this, the neural net must be
properly trained first, that is, the correct set
of weights for all connections must be found.
This process consists basically in feeding the
neural net repeatedly with experimental data, ey
and in comparing the output signal O
(forecasted) with the real (experimental)
signal O (Fig. 2):
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Fig. 2 — The training of the neural networks has been
— e 2 achieved when the error function € {W} is minimized.
e{W}=1/M X (O;-0,{W}) (3) f



III - Forecasting Disruptions

The coupling between the m = 1 and m = 2 MHD modes has been usually accepted as the
main triggering mechanism for the disruptive instabilities in tokamaks [3,4]. Therefore, both
soft X-ray and Mirnov magnetic signals were chosen, alternatively, to be used in a neural
network to forecast disruptions. Using the data taken during the last 200 ms of TEXT
discharges, disruptions could be predicted 1.12 ms and 3.12 ms in advance, when magnetic
and soft X-ray signals were used, respectively [5,6].
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Fig. 3 — Experimental signal (a) compared with the
results obtained (b — e) using magnetic signals from
one Mirnov coil, in multiple time-step predictions.
Even for 28 time-steps (e) the results show that both
minor and major disruptions could be predicted by the
neural net.
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Fig.4 — Results obtained using soft X-ray signals. The
major disruption is accurately predicted up to 3.12 ms
in advance (c). For longer time-step predictions, a
time delay is observed as compared to the
experimental data (d).

More recently, however, a different neural network architecture has been tested, which
yielded much better results. The new neural net used still has one input layer, two hidden
layers and one output layer, but the number of neural units within each layer was chosen as to
follow the relation m.:2m:m:I, where m is the embedding parameter of the system. The
corresponding results obtained, for the entire plasma duration, are shown in Figs 5 and 6.
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IV — Predicting Time Series
Finally, the relation m:2m:m:1 120 ‘
was also verified to be a good initial ol ]
guess, for the ideal net architecture, =
when chaotic time series are * 5o k/\/\}
predicted. In Fig. 7, for example, the 120 .
. . . - 30.0 35.0
results obtained for predicting the 2o ‘
Lorentz series, for different time- ol ® v M
steps, are shown [7]. Note that the > o,o E
prediction is practically perfect for _s,o /V\/\ [\ d
Flm.e—steps up to T = 0.5, which 120, = TR w0
indicates the network has successfully m)E = : ‘ -
. . C) i
learned the dynamic of the chaotic 80 /\/M ‘
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Fig.7 (Right) — Lorentz chaotic time series -120 a0 e o mo  mo w0 %0

predictions for time steps (a) T= 0.3, (b) T=
0.5 and (c) T=0.9.

V — Conclusions

It was demonstrated that neural networks could be successfully used to predict the
future state of non-linear systems. Both minor and major disruptions can be forecasted during



a tokamak plasma discharge, and even chaotic time series can be predicted using a proper
architecture for the neural network. In this sense, the relation m.:2m:m:1, where m is the
embedding parameter of the system, has been observed to be a good initial guess for finding
the best neural network architecture.

References

[1] - HERTZ J., KROGH A., PALMER R.G. - “Introduction to the Theory of Neural
Computation”, Addison-Wesley, Reading, MA (1991).

[2] - HINTON G. - Scientific American, Sept. issue (1992) 145.

[3] - VANNUCCI A. and GILL R.D. - Nucl. Fusion 31 (1991) 1127.

[4] - VANNUCCI A. and McCOOL S.C. - Nucl. Fusion 37 (1997) 1229.

[5] - HERNANDEZ J.V., VANNUCCI A., TAJIMA T., LIN Z., HORTON W., McCOOL
S.C. - Nucl. Fusion 36 (1996) 1009.

[6] - VANNUCCI A., OLIVEIRA K.A., TAJIMA T. - Nucl. Fusion 39 (1999) 255.

[7] - OLIVEIRA K.A., VANNUCCI A., SILVA E.C. - Physica A 284 (2000) 399.



