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I ntroduction
The availability of fast framing CCD cameras with up to 1 moiti frames per second enables
the study of edge plasma turbulence by means of the Gas Pafitm (GPI) technique [1].
The data contain a lot of information about the turbulentaiyicts in the plasma boundary.
Potentially, one could gain deep insight into edge plasmtautance, however, the data analy-
sis is a challenge for several reasons: 1. high complexityuge amounts of data (2d spatial
information with good temporal resolution), 3. no estdimd data analysis schemes for such
data. Typical data rates of todays fast framing camerasfatee@rder of 100 Mbyte/s. E.g.,
the Photron Ultima 40k camera (specs: 40500 frames/s witbbpixel resolution, 8 bit) has
a data rate of 160 Mbyte/s with a recording time of up to 2 si{echby the amount of camera
memory, only). Taking into account the technical improvatsén camera resolution which can
be expected over the next few years, the data storage protilebe getting more severe.
Due to the stochastic nature of turbulence,
a statistical characterization scheme is ap& L
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correlation function [2]. This analysis method ===

is not appropriate for the fast camera dakigure 1:Sequence of video frames recorded by an

with two spatial dimensions, since the dimetitima 40k fast framing camera with a rate of 40.5

sionality in the cross-correlation function igFrames/s. The camera is viewing in toroidal direction

. . and records light from the radial-poloidal plane of the
conserved. Here, we describe a different ag- ,
dge plasma of the TJ-II stellarator (discharge #11431).

proach for the extraction of meta"nforma‘t'oﬁ‘he moving average intensity of each pixel over 100
by means of pattern recognition techniqu@&ames is subtracted. Inset: The view of the camera and
and demonstrate the capability of this methdee magnetic configuration in TJ-II (top view).

for preliminary data from turbulence imaging
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measurements on the TJ-Il stellarator. The Photron Ultibkacamera recorded the turbulent
fluctuations in the visible light in a view approximately plel to the magnetic field. A se-

quence of 9 frames is shown in Fig. 1.

Region hierarchy and extraction of meta-infor mation

Pattern recognition generally consists of three basicssteamely: segmentation, feature
extraction and classification [3]. The segmentation disitlee data in regions, which should
represent existent structures in the data. If we considéngiesvideo frame, the interesting
subgroups are the local maxima and minima. For the multestata in our case, a watershed
algorithm [3] yields good extraction results. The alganthused here are programmed in IDL
[4]. In Fig. 2, a sample input frame and the detected localimaxare shown. The recursive

1
(a) (b) (©) E fork: @

Intensity [a.u.]

ol -
® ¢ o

‘ min. detected size:O‘ 0

S g

Figure 2:(a) Sample input for the segmentation: Objects A-J withedéiit amplitudes and sizes. (b) Extraction

result are the 4 objects, which do not contain more than ohebject and are larger than the minimum detected
size. The amplitude is the average over the intensity of #teafed structure size. (c) Region object hierarchy in
tree representation. The green objects follow the selectite (see text), the darker green objects are also larger

than the minimum size (rejection of pixel artifacts).

algorithm looks for regions with a higher amplitude than aegi base-level. In each of the
obtained region, all regions with the next-higher levelextracted and so on, until the regions
with the highest level are found. At the end of the segmemtat hierarchy of region objects
(which all know their parent and their children objects)adses each frame (Fig. 2c). Pixel
artifacts are suppressed by the definition of a minimal adlole structure size. A useful subset
of these region objects are those regions, which are oné dbexe a fork (that is a parent
object with two or more children objects) and which have n& fo their descendants (cf. Fig.
2). This subset maps the basic structure of the region leieyaMoreover, the region objects
in the subset have no intersections between each otherhwhadvantageous for the region
tracking described below.

In a next step, the features (as mean intensity, size, posifithe centroid, elongation, aspect
ratio and tilt angle) are extracted from those region olsj&gt principle components analysis.

This way, the shapes of the region objects are approximatedlipsoids. Each region object
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is represented by a single point in a low-dimensional featyrace. Provided that this repre-
sentation is sufficient, i.e. the features contain the egletrbulent structures, the problem of
the large data amounts to be handled is solved: the typic&imgratio is of the order of 1 /
1,000,000. It is of course necessary to check the assumgtiarsufficient approximation by
comparison of raw and meta data. However, as will be showhamext section, the utilized
segmentation algorithm is already quite powerful for tragistical description of the turbulent
dynamics.

For the classification, sequences of frames are considsieck we are interested in the
turbulent dynamics in the spatio-temporal domain (not apigtial). This is possible by a simple
object tracking based on a minimal distance criterion betweegion objects in subsequent
frames. The paths of region objects can be followed overrakframes and the velocities are
calculated accordingly. One main advantage of the patesognition technique, which cannot
be easily accessed by other methods, is the possibilityttingdeatureadistributionsin contrast
to just averages. Histograms are a good representationf ¢ size of region objects, life time
and velocity . We note here, that effects like region spigt{which might occur in a sheared
flow) will not always be detected in a correct way by this siengpproach. In a further step it
is planed to incorporate the full hierarchy of region obgdar a better matching of features to

the turbulent structures and in order to improve the tragkasults.

First results of pattern recognition characterization

In Fig. 3(a) the paths of the basic structures are plottedrémne #7 of Fig. 1. The positive
structure 1’ is moving from the middle of the left edge towathe lower right corner. Structure
'3’ starts higher at the top left edge and then shows a sintriégectory. The negative structure
'2’ seems to follow structure '1’, suggesting a dipole sture. However, this effect might be
an artifact caused by the data preprocessing, since theastibh of the mean from the original
data causes a negative 'hole’ for a moving positive strectlr Fig. 3(b) the paths of region
objects (maxima only) within a sequence of 100 frames aréqupand the corresponding
velocity field is shown in Fig. 3(d). A similar flow as previdyslescribed for the single region
objects 1’ and '3’ is also evident in this averaged data espntation. From the velocity field
it is thus possible to get valuable information on the tuebagke dynamics without the need of
(the very time-consuming) frame-by-frame evaluation efvitdeo data.

Further useful statistics for the turbulence charactédnaare histograms of the area, mean
value, life time and velocity of the basic structures (cfg.F3(c,e)). The detection of large
coherent structures ('blobs’) is of particular interesthie GPI investigations [1], since these

blobs seem to be responsible for a large fraction of the ateredransport in the edge plasma.
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Figure 3:(a) Result of the segmentation and feature-extractiorckogdlipsoids: the region objects) and of the
object tracking (black crosses: previous positions, yelloes: path in subsequent frames). Numbers mark region
objects discussed in the text. (b) Object paths from tragldonnected to the object life time. (d) Velocity field.

These blobs are characterized by a relatively large life tamd a strong radiation due to their
high density. They can easily be detected within the pati&cagnition approach by searching
for region objects with a large product of life time and irgeyn

Conclusions

Pattern recognition techniques for data analysis of tece imaging is a very promising
approach. This method has the potential to significantlypbfgnthe analysis of the huge data
amount collected by fast framing cameras. Combined witealijacking a unique insight into
the turbulent dynamics is possible. It is possible to edtndsstributions of feature parameters
like life times of structures, etc. Moreover, the extradcieatures are a good basis for novelty

detection techniques, which statistically classify tueinge data, e.g. for different discharge
scenarios.
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