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Fuzzy Logic and Support Vector Machine Approaches to Regime Identification in JET Andrea Murari, Guido Vagliasindi, Student Member, IEEE, Maria Katiuscia Zedda, Robert Felton, C. Sammon, Luigi Fortuna, Fellow, IEEE, Paolo Arena, Senior Member, IEEE, and JET-EFDA Contributors Abstract—A plasma regime is a distinct type of plasma confinement, which can be identified from several conventional plasma diagnostic signals. An accurate and general regime identifier is considered an important tool for future real time applications in Joint European Torus (JET). In this perspective, a traditional approach based on Discriminant Analysis was tested, using various sets of JET real time signals. Unfortunately, no combination of signals managed to provide a success rate higher than 90%. To improve the performance and increase the generalization capability, an identifier based on Fuzzy Logic was developed, which allowed inclusion , a quantity normally not exploited of the time evolution of the by more traditional solutions. With this technique a success rate of and the derivative of N diamag95% was achieved using only netic as inputs. A support vector machines approach, based again on a suitably defined distance like discriminant analysis, provided slightly inferior results with exactly the same inputs but matched the fuzzy logic method with the inclusion of the absolute value of N diamagnetic. This comparative performance assessment of the various methods is an important first step on the route to identify the best solution for a regime identifier for JET and in due course for ITER. Index Terms—Discriminant analysis, fuzzy logic, regime identification, support vector machine.



I. INTRODUCTION



I



N THE LAST decades, real time control has assumed an increasingly important role in experimental fusion devices. Since the scenarios are becoming more complicated, with higher shaping and input power, feedback on various parameters is necessary to stabilize the configurations and to maximize performance. As a consequence, in Joint European Torus (JET) nowadays, practically all the main diagnostics produce real time outputs [1], [2] to allow integrated identification of the plasma state. Moreover, various tools are also available to close the feedback loop: from the magnetic coils, acting on the magnetic topology, to the gas valves and all the heating systems (LH, ICRF, and neutral beams). Furthermore, other emerging techniques, using new generation of real time visual processors, offer promising strategies for efficient real-time
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control [3]. All of these technical means allow a great variety of control scheme to be implemented [4]. On the other hand, one of the main limitations of present day control schemes is their static nature, i.e., the fact that the plasma is assumed to reach a certain confinement state at a certain time a priori, i.e., before the shot and on the basis of the pre-programmed discharge parameters. The actual real time control strategy is then determined on the basis of this assumption about the regime reached by the plasma at the time of the feedback. As already reported in ASDEX Upgrade [5], in case of unexpected variations in the plasma confinement state, the real time controller can on certain occasions apply a nonoptimal strategy, which can be counterproductive, contribute to the degradation of the plasma performance, and even induce disruptions. This problem has motivated the development of automatic techniques capable of determining in real time the confinement regime of the plasma and therefore giving the opportunity to adopt the best feedback strategy for the actual scenario and not for the one assumed a priori before the shot. In JET experiments, the identification of certain regimes is relatively straightforward. The advanced scenarios, for attains a example, being reached when the Larmor radius certain value, are very simple to identify, since this parameter is already available in real time [6]. To control the radiation fraction, a digital neural network has already been developed, which determines the total emitted power in the main plasma and in the divertor from the line integrals of bolometry [7]. Discriminating if the plasma is in the - or -mode of confinement remains a more difficult issue. First of all there is no single quantity providing a unique discrimination. Moreover the most useful measurement, typically used by the specialists in which is difficult to analyze autheir off line analysis, is the tomatically because the relevant information resides in the time history and power spectrum of the signal and not in its absolute value. Therefore, to solve this problem the traditional approach consisted of trying to discriminate the regime on the basis of a series of magnetic and kinetic measurements. The first attempt was made by Franzen et al. [5], who devised a fast online regime identification algorithm for ASDEX upgrade. By using scaling laws and 14 online-available signals, -mode and -mode in low and high radiative scenarios were discriminated, achieving an identification rate of over 95%. The system was able to react dynamically to plasma regime transitions within a cycle time of 2.5 ms. This allowed unexpected regime transitions to be detected and corrected. The first to use discriminant analysis and nonlinear system identification to localize the -mode/ -mode boundary in multidimensional operational space, were Martin and Bühlmann [8] on the TCV tokamak. This was followed by an extensive project by Giannone et al. [9] on ASDEX upgrade
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who developed a regime identification system with online signals using scaling laws, as well as discriminant analysis. Using a linear combination of two to five plasma variables, with this approach, it was possible to distinguish between -mode and -mode with an error as low as 1.3%. The system was also applied to improve the distinction between -mode and advanced -mode yielding a failure rate of 5.3%. At JET, an implementation of this approach of discriminant -mode identification was attempted. function analysis for The results were quite good but some weaknesses of the method, which is based on defining a suitable distance in the parameter space of the measurements, became quite apparent. First of all, the number of parameters required for the classification is quite high and the discrimination is based on their absolute value, requiring specific tuning of the thresholds depending on the range of the main plasma parameters like the current and the toroidal field. Second, the main quantity used by the specialists, , is not included because the relevant information resides the in the time history and not in the instantaneous value of this signal. Moreover, the final success rate in the classification is good but not excellent (see Section II), reflecting the difficulties in devising algorithms general enough to cope successfully with the great variety of JET scenarios and experimental programmes. In order to improve performances and identify methods more suited to JET needs, the scope of the entire classification task was redefined and new solutions, based on soft computing approaches, were tried. With regard to the scope of an automatic regime identifier at JET, it was considered important to find a solution which would satisfy the following requirements: 1) being able to discriminate on a millisecond time scale between the - and -mode of operation; 2) require a small number of input data (e.g., less than 10); 3) provide a high rate of identification (e.g., more than 95%); in the set of parameters describing the plasma; 4) include 5) minimize the dependence on the engineering parameters of the discharge (e.g., use derivatives or normalized signals). -mode transition and the requireGiven the nature of the ments for the identifier, fuzzy logic appeared from the beginning as a good candidate. Fuzzy set theory, contrary to boolean logic, does not use sharp distinctions, but is based on continuous degrees of membership. It is, therefore, particularly suited to solve vague problems for which the expert opinion is essential. With this method, a significantly better success rate was obtained with a reduced number of measurements, using mainly signal derivatives. In order to further address the relative merits of this approach with respect to more traditional solutions, the results were compared with another technique: support vector machines (SVMs). A SVM is a learning algorithm for pattern classification and regression. A SVM classifier finds the optimal hyperplane that correctly separates (classifies) the largest fraction of data points while maximizing the distance of either class from the hyperplane (the margin). With almost the same inputs (all the inputs less one), SVMs perform slightly less well than fuzzy logic but by the addition of one more signal, they reach the same level of success As the main objective of the work was to asses the relative merits of more advanced methods, like fuzzy logic and SVMs,



IEEE TRANSACTIONS ON PLASMA SCIENCE, VOL. 34, NO. 3, JUNE 2006



TABLE I LIST OF PULSES USED IN THE PAPER INCLUDING MAIN PLASMA PARAMETERS



for the identification of the plasma confinement state, it was decided to produce a database incorporating a large variety of conditions, in terms of plasma density, plasma current, and heating power, but without including an excessive large number of shots (the selection of a wider database to be used in a more comprehensive validation analysis of the method is already in progress). The chosen pulses were considered by various experts of JET and transition times. This team to evaluate the correct information was used to validate the results obtained with the different automatic methods. The pulses used for the analysis described in this paper are reported in Table I, together with the main plasma parameters, i.e., the plasma current (Ip), the toroidal field (TF), the integrated density (Ne), the neutral beam injection power (NBI), the radiofrequency power (RF), the neutron fluence (neutrons), and the diamagnetic energy (Wdia). With regard to the structure of the paper, the next session is devoted to the discriminant analysis approach, describing the way it was implemented at JET and the obtained results. The , as an indicator of edge localized modes importance of the (ELMs), is mentioned in Section III, where the approach used to include this signal in the fuzzy logic identifier is reported in detail. Section IV describes the approach based on SVM. Finally, summary and conclusions are given in Section V. II. CLASSIFICATION BASED ON DISCRIMINANT ANALYSIS Discriminant analysis, a recognized branch of statistics, is a technique concerned with the identification of patterns, described by a set of features. Its main objective consists of devising the best rule to classify experimental observations into
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distinct groups so that the membership of subsequent data can be optimally determined. This approach is based on discriminant functions that need to be maximized to achieve the required partitioning of this feature space. In our case, the feature space is defined by a selection of plasma parameters. The samples have then to be mapped to the class labels, -mode and -mode, in different multivariate plasma parameter spaces. The parameter space was partitioned by a discriminant function using a Bayesian approach. In particular, a classifier was set up to use the “maximum posterior” (MAP) decision rule. This means that the criterion for assigning a label or class to a given sample was , the “posterior probability” of a class, , to maximize that is its probability, given a particular sample, , in dimensional feature space
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TABLE II LIST OF TESTED PARAMETERS



(1) By using Bayes’ rule, the MAP discriminant functions can be . This is the written in terms of the posterior probability, probability that is observed given that the class is known (2)



TABLE III COMBINATIONS OF PLASMA PARAMETERS YIELDING THE HIGHEST SUCCESS RATES



By assuming that the likelihood densities follow a multiin variate normal distribution, it is possible to write terms of statistical parameters such as mean, and covariance of the given class matrix



(3) In relation (3) is the prior probability of a class to occur and is the probability of observing , which is constant, when considering a given sample. Simplifying by eliminating constant terms and taking logs, the discriminant function becomes



(4) It can be seen that the classifier depends strongly on the called the Mahalanobis quadratic term distance. This is a vector distance normalized to the covariance , which is a way of quantifying the spread of the various , the Mahaquantities in the training set. By maximizing lanobis distance of an observation to a class centre approaches is, therefore, a minimum distance classifier. The zero; is second term can be neglected, provided the difference in small for -mode and -mode, which is normally verified at JET. Equal prior probabilities were assumed for -mode and -mode classes, that is and therefore the third term results in the simple adding of a constant which can be ignored. In order to classify a set of samples using discriminant analysis in the way described above, it is necessary to know the following statistical parameters of the classes: class means and covariances . These parameters were obtained from a



training set, a subset of the data base described in the previous section. Since at JET a series of quantities is available in real time, a systematic investigation was performed to determine the most suited to the classification under study. The list of tested parameters is reported in Table II. The one-to-five dimensional mappings, for which the discriminant analysis algorithm has the highest success rates, are given in Table III. The success rate is the fraction of the observations in the validation set for which the discriminant analysis classifier gives the same estimate as the expert. The best success rate appears to depend strongly on the number of parameters: for one or two parameters, the algorithm produces a vague indication of whether a discharge is in -mode or -mode, for larger sets, around 3–5 parameters, a fairly clear indication is given. On the other, hand no combination of inputs was able to provide a success rate higher than 90%. It is also worth pointing out that no improvement in the classification was obtained by using other signals in Table I. This seems to indicate a redundancy in the information contained in the table. This was additional evidence that motivated the incluin the set of input signals as described in the next sion of section. III. FUZZY LOGIC APPROACH TO THE REGIME IDENTIFICATION The results obtained with the discriminant analysis approach were not as satisfactory as those reported on other machines.
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Fig. 1. Field of view for the D signal.



This is probably due to a particularly wide operation space and the great variety of plasma scenarios of JET. These aspects are an additional obstacle to overcome when assessing whether an tranalready difficult and not clear cut phenomenon such as sition is taking place, which always requires a close look by the experts in order to be properly determined. These difficulties in the set motivated on the one hand the inclusion of the of inputs, since this is one of the main signals used by the experts. On the other hand, the somehow uncertain nature of the transition suggested the adoption of a fuzzy logic approach to the identification problem. A. ELMs and Regime Identification ELMs [10] are instabilities occurring in the edge of -mode plasmas in toroidal magnetic fusion experiments, producing a loss of confinement. As a result, the lost energy flows along the field lines to the divertor plates, causing a peak in the radiation. Monitoring the radiation in the divertor region can provide, then, useful information on the presence of ELMs. In particular, at JET, there are two signals which are particularly suited to this purpose, the S3AD/AD35 and the S3AD/AD36, radiation in the outer and inner divertor, which monitor the respectively, as shown in Fig. 1. In addition to revealing the presence of ELMs, the other main signal is that it can help to identify the tranadvantage of the sition point between the - and -mode. In particular, it was transition is accompanied by a drop observed that often the signal while the one is denoted by a little step up in the (Fig. 2). Unfortunately, the individuation of the transition time signal is not completely unambiguous on the basis of the because it is strictly dependent on the plasma configuration and the divertor conditions.
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Indeed, in discharges with a detached divertor or if the strike lines of sight, the above menpoints are too far from the tioned conditions for the transition are not always clearly distinguishable. Moreover, depending on the scenario, -mode discharges can exhibit ELMs free phases or type-I ELMs with very signal is not low frequency. In these plasma conditions, the always enough to evaluate the plasma confinement mode. In order to overcome these problems, additional measuretransitions are acments are required. It was observed that , Wmhd, companied by a change in the slope of Bndiam in Table II). It is worth pointing out or the electron density ( that although the absolute value allows one to estimate quite accurately the confinement modes in a single plasma experiment or at maximum in experiments from the same session, it results difficult to extrapolate a general rule that could be applied to shots from different experimental sessions. Indeed, the absolute value of these signals is strictly dependent from the engineering ) chosen by the physicists to perform parameters (e.g., , a specific plasma experiment. Therefore, in order to keep the approach as general as possible and eliminate the need of algorithm’s re-tuning in dependence from the plasma parameters, only the derivative of the aforementioned three signals was reproved to be tained in the set of input signals. In particular, the best suited since, being a normalized quantity, is the less affected by the absolute value of plasma parameters. B. Fuzzy Mode Identifier transiThe reported considerations on the nature of the tion and the interest in devising a quite general solution, both point in the direction of adopting the approach of fuzzy logic. Fuzzy logic, indeed, is now an established and rigorous mathematical discipline in which knowledge representation is based on degrees of memberships rather than on the crisp membership of classical binary logic. Fuzzy logic is multivalued and reaches conclusions applying specific inference rules. The ability to represent sets with fuzzy boundaries allows this logic to represent also linguistic variables and it is, therefore, a very good tool to take into account the very valuable but often not easily quantifiable opinion of the experts. A fuzzy system for the identification of the plasma confinement regime was, therefore, developed by means of the Matlab Fuzzy Logic Toolbox [11] using a Mamdani-type fuzzy inference system (FIS) [12]. The main difficulty consisted in representing in a suitable way the information contained in the signals, in order to select the best inference rules for the discernment between the - or -mode. signal is sampled at two different frequencies At JET, the samplesand5kHzfor duringthepulse,10kHzforthefirst the remaining samples. It was chosen to take into consideration only the part of the signal with the higher sampling frequency. radiation signals In order to obtain a parameter from the (S3AD/AD34-35) that could be a suitable input for the fuzzy logic identifier, the chosen approach was trying to extrapolate the information about the frequency spectrum of the signal and its time evolution during the discharge. To achieve such a result, an overlapping sliding window fast Fourier transform (FFT) analysis was performed. The window used for the computation samples, obtaining a frequency of the FFT comprises resolution of 10 Hz. The window is moved along the samples,
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Fig. 2. Trend of some of the observed signals during a plasma discharge (58816). It is possible to observe the drop in the transition and a little step up of the signal itself during the transition back to the -mode.



LH



using a step size of 100 samples, so that the result obtained has a sampling period of 10 ms. Most of the other main signals reported in Table II have, in fact, a sampling frequency of 100 Hz. At this stage, the signal obtained by this elaboration of frequency the experimental data consists therefore of the spectrum, calculated every 10 ms on a window sliding over the signal itself. The time assigned to each frequency spectrum is the right extreme of the window used to calculate the FFT. , a tridimensional signal having the This result is, then, time as axis, the frequency as axis and the power spectrum one, as axis. In order to reduce it to a bidimensional the power spectrum is integrated over frequency up to 600 Hz paying attention in subtracting the amplitude of the lowest frequency components. Indeed, for the scope of the present analysis, it is not important to obtain the single harmonic components and their amplitude but just to determine how big the contribution of the higher harmonic terms is. The resulting signal, which is directly proportional to the ELMs frequency content, is provided as first input to the fuzzy network and spectrum integral.” is called “ The first component of each FFT calculation, that represent , constitutes another the direct current (dc) component of signal, which is time derived in order to estimate the step in , the most evident symptom of the transition from - to the -mode and vice versa. This signal is provided as the second dc derivative.” input and is called “ The third input is the time derivative of the plasma normal. ized with respect to the diamagnetic energy
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D



signal during a



and the transitions As already mentioned, both the are accompanied by a change in the slope of this quantity. The derivative allows identifying this change quite accurately. In Fig. 3, it is possible to observe the trend of the abovementioned signals for shot 58816. In perfect agreement with the philosophy of the fuzzy logic, the output of the network, the confinement mode of the plasma, is not represented by a crisp indicator but by a continuos quantity, a number comprised between 0 and 1, 0 indicating the -mode and 1 the -mode. The fuzzy sets for the input signals were devised manually after a careful observation of the various input signals during the transitions and steady state. In particular, in Table IV, the membership functions (mfs) for the signals involved are reported. A total of 12 if-then rules, involving some or all of the input signals, were elaborated (Table V). The resulting algorithm was tested on the shots from the previously described database, a total of 25, and then compared with the estimated transition times from the experts. The performances of the identifier are of about 95.3% of transition time success at steady state (see Table VI). The was determined with a time error less than 0.1 s in 19 shots, one with an error less than 0.2 s in 18 shots. while the On some shots it resulted quite difficult to identify correctly transition, the maximum error is the transition. For the of about half a second, observed in five shots, while for the inverse transition the maximum error was of 0.63 s observed in three shots.
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Fig. 3. Trend of signals used in the fuzzy logic identifier. TABLE IV MEMBERSHIP FUNCTIONS (FOR DETAILS ABOUT THE MF TYPE PLEASE CONSULT [2])



TABLE V LINGUISTIC RULES



It is worth mentioning that the shots for which the identifier is less accurate are those deemed more difficult to interpret also by the experts, who estimate that the error bars in the determination of the transition time are comparable to the uncertainties in the identifier output.



the general problem of learning to discriminate between two classes (positive and negative class) of dimensional vectors. During the so-called learning phase, a set of input–output patterns (training set) has to be suitable chosen by the designer in order to set the design parameters. The SVM algorithm operates by mapping the training set into a possibly high-dimensional feature space and attempting to locate in that space a plane that separates the positive from the negative examples. During the test phase, the SVM can then



IV. CLASSIFICATION BASED ON SVM A SVM is a supervised algorithm developed by Vapnik and others [13] over the past decade. The algorithm addresses
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TABLE VI PERFORMANCES OF THE FUZZY LOGIC IDENTIFIER
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TABLE VII PERFORMANCES OF THE SVM CLASSIFIER USING DA-SI, DA-DER, -DER



predict the classification of an unlabeled example by mapping it into feature space and asking on which side of the separating plane the example lies. Much of the SVM’s power comes from its criterion for selecting the best plane when many candidate planes exist. Statistical learning theory suggests that, for some classes of well-behaved data, the choice of the optimal separating hyper-plane, which maximizes the margin between itself and the closest data point, will lead to maximal generalization when predicting the classification of previously unseen examples. The optimal hyper-plane can be obtained by solving the following optimization problem:



(5) subject to (6) where and are coefficients of the optimal hyper-plane equation, is the error penalty, and are parameters for handling no separable inputs. The index labels the training cases, is is the corresponding the th training pattern and class label. The kernel is used to transform data from the input to the higher dimensional feature space. Some of the kernels that can be used in SVM models: are • polynomial • radial basis . The dominant feature, which makes SVMs very attractive, is that classes that are nonlinearly separable in the original space can be linearly separated in the higher dimensional feature space. Thus, SVM is capable of solving complex nonlinear classification problems. A. Results The nonlinear SVM classifiers have been trained using the OSU SVM Classifier Matlab Toolbox (ver. 3.00) based on the version 2.33 of LIBSVM [13]; LIBSVM is a software library for classification and regression by means of SVMs, that implements the training algorithms developed by Vapnik [15]. In this case, the available 27 pulses have been divided in two sets: the 30% of the pulses (eight pulses, 9128 samples) have been used for setting the parameters of the SVM (training set), samples) have been and the remaining 70% (19 pulses, used as test set. As input to the SVMs three signals were selected, almost the same used by the fuzzy logic identifier: radiation; • high frequency components of the • derivative of the dc component of the radiation;



TABLE VIII PERFORMANCES OF THE SVM CLASSIFIER ADDING PRECIOUS SIGNALS



TO THE



• the time derivative of the plasma normalized with respect . to the diamagnetic energy In Table VII, the performance of the best SVM classifier are reported in terms of the samples correctly classified. Improvements of these results (Table VIII) have been obtained adding to the previous signals the absolute value (not only . the derivative) of the The reported results were obtained with the radial basis kernel and it was also double-checked that adopting the polynomial did not cause any significant difference in the success rate. V. SUMMARY AND CONCLUSION The traditional approach of discriminant analysis was tried to identify JET confinement regime but its performances were not completely satisfactory. The accuracy was not particularly high even when five different signals were used as inputs. Moreover, the use of the absolute value of so many signals is believed to limit the generalization capability of the technique, requiring significant fine tuning, when the main parameters of the discharges are significantly varied. These drawbacks motivated the investigation of different solutions. First of all, a systematic analysis of the best way to include the information of the signal was performed. Second a fuzzy logic approach was implemented, to handle the vagueness aspects of the problem in hand. With this method, a success rate of 95% was achieved and the as inputs. Moreover, since mainly using only the the derivatives of the inputs are exploited, this identifier is less dependant on the engineering parameters of the discharge and can potentially be successfully applied to a larger set of configurations. To compare the results of the fuzzy identifier with another distance based method, the alternative of SVMs was also implemented. The results are slightly inferior (91%) when almost the same input signals are used. On the other hand, the success rate increases to 95% when also the absolute value of is included. The series of tests reported in this paper constitute a good staring point for the identification of the best regime identifier for JET. In the near future, in addition to assessing the generalization capability of the fuzzy logic and the SVM approaches on a wider data base, these techniques will also be tested during JET next campaigns in a variety of new plasma configurations. Since the main goal of JET is now to develop ITER relevant scenarios, this activity should naturally provide some interesting information in the perspective of next step machines.
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