
A Neural Network detection system
for Lower-Hybrid Cavities in

electron plasma density measured
by the FREJA satellite

J. Waldemark, P.-O. Dovner, J. Karlsson

I RF Scientific Report 219
March 1995

ISSN 0284-1703

INSTITUTET FÖR RYMDFYSIK
Swedish Institute of Space Physics

UMEÅ Sweden

VOL 2 B H? 2 2



A Neural Network detection system for Lower-Hybrid
Cavities in electron plasma density measured

by the FREJA satellite

by

Joakim Waldemark
Umeå University

Dept of Applied Physics and Electronics
S-901 87 Umeå, Sweden

Per-Ola Dovner
Swedish Institute of Space Physics

Uppsala Division

Jan Karlsson
Swedish Institute of Space Physics
Laboratory for Mechanical Waves

IRF Scientific Report 219
March 1995

Printed in Sweden
Swedish Institute of Space Physics

Kiruna 1995
ISSN 0284-1703



A Neural Network detection system for Lower-Hybrid Cavities in
electron plasma density measured by the FREJA satellite

Joakim Waldemark

Umeå University

Dept of Applied Physics and Electronics

S-90187 Umeå. Sweden

Per-Ola Dovner Jan Karlsson

Swedish Institute of Space Physics Swedish Institute of Space Physics

Uppsala Division Laboratory for Mechanical Waves

Abstract

This paper presents a lower-hybrid cavity detection system, CDS, for measurements of
electron plasma density on the FREJA satellite wave experiment. The system can reduce
the amount of data to be analysed by as much as 96% and still retain more than 85% of
the desired information. The CDS is a combination of a hybrid neural network. HNN, and
expert rules. The HNN is a Self Organizing Map, SOM, combined with a feedforward
backpropagation neural net. BP. The CDS can be controlled by the user to operate with
various degrees of sensitivity. Maximum detection capability is as high as 95% with data
reduction lowered to 85 7c.



Contents:

A Neural Network detection system for Lower-Hybrid Cavities in electron
plasma density measured by the FREJA satellite

Abstract 1

Introduction 3

Learning and test data selection 5

Input data pre-processing 6

Selection of suitable NN algorithm 6

Method , 7

The expert post-processing system 8

Results 10

Adaptive to user control 12

Analysis of different classification errors 12

Conclusionr. 14

References: 15



Introduction

The FREJA satellite is a joint Swedish-German civil scientific satellite
[Lundin et al. 1994], its mission is research of the aurora. Other contributors to its
scientific payload are Canada and the United States. There are two project scientists. In
Sweden Prof. Rickard Lundin. Swedish Institute of Space Physics. Kiruna: in Germany.
Prof. Gerhard Haerendel, Max-Plack -Institut fiir extraterrestrische Physik, Garching.
FREJA continues the upper ionosphere and lower magnetosphere research programmes
that started in 1986 with the launch of VIKING, Sweden's first satellite.

Onboard the FREJA satellite are detectors for high energy particles, magnetic and
electric wave experiments, electric field sensors and a UV imager. The cavity detection
system, CDS, described in this paper was developed for analysis of measurements from
the plasma density and wave-experiment, the F4 experiment.

F4 measures the electric and magnetic fields as well as the variations in the electron
density. The electric field and electron density measuring system samples data at high
frequency during short periods, so called snapshots, instead of continually measuring at
low frequency. There are three different types of snapshots with different duration
intervals and sampling frequency. This results in measurements being logged in a series of
timeseries. The lowest sampling frequency is 4096 s~l with a duration of 0.75s repeated
every fourth second, alternately 0.375s with two seconds apart [Holback et al. 1994].

One of the observed phenomena in the measured timeseries is the so called lower-
hybrid cavities. A cavity is a density depletion in the plasma. If in this cavity we have
electrostatic waves of enhanced intensity, in the lower-hybrid range, we call it a lower
hybrid cavity, e.g. Freja orbit 790 figure 1.

Lower-hybrid cavity theory is an active area of space plasma physics. It is not known
how a density depletion is created. One theory is that the pondermotive force from the
lower-hybrid electrostatic waves "hollows out" the plasma. Other theories imply different
creation processes and that tht cavities trap the electrostatic waves. Preliminary statistics
show that a cavity has no motion in the space plasma, i.e. its location is fixed in space.
Furthermore, its extent in the cross-section (the satellite pass direction) perpendicular to
the magnetic field is about 50 m.

The extent in the parallel direction to the magnetic field is unknown but must be larger
than the satellite probe separation (20 m). The variation in depletion relative to the
background plasma ranges from less than 1% up to about 15% [Eriksson et al.1994] and
[Dovner et al.1994]. The cavities have been found in almost all kinds of plasma
environments and no relation to plasma parameters or energetic ions have yet been found
[Eriksson et al.1994].

A lower-hybrid cavity is distinguished from other plasma phenomena due to its distinct
form in density measurements and it is often, but not always, accompanied by a wave
packet in the electric field. One reason that wave packages are not always found in
combination with cavities may be due to the fact that the sampling frequency is too low to
resolve the lower-hybrid waves. Due to this, the CDS only analyses the electron density
sensors P5 and P6, that is the CDS is only searching for pure cavities not necessarily
lower-hybrid cavities.
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Figure 1. Freja orbit 790, UT 023308.06. The electric field sensor
P12 top. and the two electron density sensors P5 and P6. This is an
example of a Lower-hybrid cavity. The figure was made with PSAT. a
graphic interface developed by LMW-IRF to display results of F4 in MS-
DOS environments.

The final visual analysis of the CDS result will show if it is a lower-hybrid cavity.
However, the CDS lowers the total amount of data that needs to be examined visually by,
at least, a factor 10. Tests show that almost all cavities identified by the CDS are lower-
hvbrid cavities.

In order to further investigate the dependencies of the plasma parameters and the
micro physical properties of the cavities, we need to extend the systematic statistical
research to a large number of cavities. Analysing measurements is time consuming since
no correlation between other plasma measurements (of lower frequency) and cavity
locations have been found. This lack of correlated information results in the need to
examine all data from the F4 experiment. However, the amount of data to be analysed is
so large that it is practically impossible to do so manually. Therefore an automatic search
for possible cavity locations, such as the system described in this paper, is desirable. It is
important that such a search system lowers the amount of data to be analysed extensively
without disregarding the desired information, i.e. the cavity locations.



Learning and test data selection.

Suitable data series with cavities for training and testing the CDS were selected
manually. The dataset was selected in order to create data suitable for training the hybrid
neural network, i.e. not only train the network to identify given examples but also develop
good generalisation capability. Preliminary studies indicate that cavities occur only in
about 3-5% of the measured data. This information ratio is too low to successfully train a
neural network pattern recognition system.

If one wishes to classify two types of data series, one true and one false, and 95% of
all cases used are examples of the false type, then a back propagation neural net will learn
to classify all data as false and perform with 95% accuracy. But since also all true cases
are classified as false, then in fact the system is a 100% failure. The CDS also need to
classify the true cases correctly. In order to do so. the training data set needs to have a
more even distribution of true and false cases. The large difference between the two cases
(true/false) in this data was solved by randomly removing some of the "false case" data.

Measured data of electron density (sensor P5 and P6) are usually examined visually
through a moving window sliding along the timeseries. Practice has shown that when data
is examined visually, a 256 point moving window is the smallest suitable window for
accurate detection of cavities.

A cavity is defined to exist, in this work, if it can be distinguished from a relatively
smooth surrounding, see e.g. figure 1. and be about 10-15 ms wide in time (about 50m).
Furthermore, the depletion of electron density must be at least 1% compared to the
surrounding. If the window is too small, then the observer does not have adequate
information about the surrounding variations. On the other hand, it is difficult to get a
good detail resolution in a large window.

The cavity detection system. CDS. was developed to detect windows containing
cavities. The window size was selected to be 256 points wide in order to simplify the
visual examination. The classification system was chosen to have three levels
(or categories) yes' (Y), fuzzy' (F) and 'no' (N) cavity. The training dataset only
contained Y and N category, this improved generalisation capability. Windows containing
cavities less then 1% variation of the electron density was neglected during training. The
task was to identify cavities larger than \% depletion relative to the surrounding.
However, results of the CDS show that even some of the cavities of size less than 1 % can
still be correctly classified.



Input data pre-processing

First, a general data representation is needed as tests have shown that the pattern
recognition system can not be trained directly on timeseries data. A cavity can be located
in any place in a window, e.g. middle, beginning or end. If the CDS is trained on direct
data then it learns the exact locations of a cavity. If the cavities have a different location in
the test dataset, then the CDS cannot correctly recognise them. A transformation of the
data is needed so that:

1: The number of input data to the CDS is kept at a minimum

2: A window that contains a cavity (or cavities) can be distinguished from other
windows regardless of the location of the cavity (cavities)

3: Finally, the transformation must provide scale invariant features, since the
depletion of cavities varies.

The fast Fourier transform (FFT) provides such a transformation of the data sets.
Visual studies of several FFT spectra of cavity examples has shown that only the first 15
components (low frequency) of the FFT amplitude spectra were required for classification.

Selection of suitable NN algorithm

Different Neural Network (NN) algorithms were investigated; Fuzzy ART-MAP
(FAM). Logicon projection net (LPN). functional link net (FLN). Self Organizing Map
(SOM) and back propagation (BP). [Kohonen 1988] [Pao 1989] and [Wasserman 1989],
The FAM did show the most accurate training result with about 99% correct classification
on both "cavity" and "no cavity" category. However, the FAM disappointingly showed a
high failure rate on test data, it was too sensitive to noisy variations in the test dataset.

The most useful NN algorithm was found to be a combination of SOM and BP in
series with five simple expert rules to handle classification errors. The technique to use a
combination of SOM and BP is also described in [Liszka et al 1995]. All investigation and
J'velopment of NN systems were made using NeuralWare Inc. software Professional
II/Plus [NeuralWare 1993] on an IBM-PC486 platform.



Method

First, the "raw" timeseries dataset was pre-processed using the FFT as described
above. Then the 15 FFT components of the training set were fed into a two dimensional.
2-D SOM. with 15 inputs and two outputs, the actual map area was a 15x15 Kohonen map
and the outputs were simply the normalized co-ordinates of the mapping result. The SOM
performs a non-linear mapping of the FFT spectra. A result from the SOM of the test
dataset is shown in figure 2.

The important contribution of the SOM is that its outputs (the map co-ordinates of the
spectra) are provided as inputs, in combination with the FFT components, to the BP. i.e.
the BP then uses 17 inputs. 15 FFT spectra components and the two SOM outputs. The
SOM outputs have been found to be a useful dimensional expansion of the FFT input.

Several configurations of the BP net have been tested and the most useful was found to
be a two hidden layer BP using connect prior, momentum, epoch and a tanHyp transfer
function [NeuralWare 1993], The BP net architecture used consists of 17 inputs. 25 nodes
in hidden layer 1. 10 nodes in hidden layer 2. and one output. The SOM-BP was trained
using only Y or N categories, i.e. the output was set to either 0 ( = N) or 1 ( = Y).
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Figure 2. The result ot SOM mapping of the test data-set, filled
boxes represent windows of category Y. the empty represents N. Some
of the boxes overlap, e.u (-1. -0.35).



The expert post-processing system

In order to filter out as much of the misclassified windows, e.g. windows that belong
to N-class but have been misclassified as Y. an expert rule system has been added to the
SOM -BP to combine the result of the SOM-BP and pure statistical properties of the
window.

It is well understood that if one aims to correctly classify all cavities . all Ys. then the
system automatically will misclassify some non-cavity windows (Ns) to be Ys. and vice
versa. In order to lower the number of misclassified windows without affecting the already
correctly classified windows, one needs to identify the errors. This was done as follows.

The skewness measure. Skew, is used in the expert-rules. The definition of skewness.
figure 3. varies in different textbooks, however the meaning is still the same
[Kornetal 1968]:

Figure 3. The definition of skewness (or third momentum).

Evaluation of errors from the SOM-BP has shown that one "expert rule" would be
useful in detection of errors from the CDS regarding the crisp Y-category and four rules
determine the fuzzv F categories, see also figure 4:



IA 236p. window is scanned.

Calculate FFT. Min. Max. Average. Diff* and
Skew*.

Feed the first 15 FFT spectra components into
the SOM. The two outputs are the MAP
coordinates.

Combine the FFT components with the two SOM
outputs and feed all 17 values as inputs to the
BP. The output of the BP is a floating value =

BP <1)

(1) If BP > 0.75 and Skew < -1.05

Then classify as Yes

The Expert rules

(2) IfBP>0.75and

-0.8 > Skew > -1.05
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(3) If 0.5 < BP < 0.75

and Skew < -1.3
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(4) Independent of BP output

If 0.5 < Diff < 6

and Skew < -1.5

or

(5) If none above is true then

If BP is high |BP > 1]

compute Skew for
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If either Skewi 1/2) < -1.5

Then classify as Fuzzy

Ö

Else classify as No

Figure 4. The logic-block diagram of the CDS .



The cla? ification of an input window is decided in steps. First, let the SOM-BP
system produce an output BP (0 < BP < 1 ). In order to decide if the window can be
considered a member of the Y or F category-, the following five rules are used:

(1) IfBP > 0.75 and Sk v < -1.05 then Y.

If rule (1) is not true then test if the window belongs to the F category:

(2) IfBP > 0.75 and -1.05 < skew < -0.8 then F.

(3) If 0.5 < BP <0.75 and Skew < -1.3 then F.

(4) Independent of BP:

If 0.5 < Diff < 6 and Skew < -1.5 then F

(5) If none of rules 1. .4 is true but BP> 0.95 (high BP):

Compute Skew for the two 1/2 windows .

that is points 1.128 and 129. .256)

If one of Skew(l/2) < -1.5 then F.

Else classify the window to N-category.

Other rules might be useful, but if one uses too many, then the actual result of one
single rule can be difficult to analyse. The Skew value, by itself, is not a suitable marker
of cavities. For a window to have a large probability of containing a cavity the Skew value
needs to be less than -1.5. rule number (4) above. In combination with the SOM-BP
system the Skew limit can be moved up to - - 1 .

Results

All training, testing and forming of the expert rules was made using one test- and one
training set of data. The final evaluation made below was made using a third dataset, an
evaluation set. of 4674 windows About 37c ( = 150) of the windows in the evaluation set
contained cavities. The number of windows containing cavities is less then =3% in the
evaluation (original) dataset, this gives an information ratio (Ir):

I r < 30
The first detection step in CDS is the SOM (outputs Sx and Sy). If one categorize the

windows using only the SOM shown in figure 2. and set class boundary for Y category
such as if [Sx > 0] then classify as Y-category. Then the SOM system can. by itself,
correctly distinguish 70-75% of the test windows. However this is not good enough to use
for a cavity detection system.
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Step number two is to use both the output (the pre-classification) from the SOM and
the FFT components as inputs to a BP net. This combined system SOM-BP is able to
classify 94% of the cavities, the Y-category, correctly. However about 10% of the N-
category will also be classified as Y. Since the N-category is almost all the data windows
analysed, as stated previously about 95-97% of all data is of N type, the actual number of
windows misciassified as Y will be large. In fact the information ratio in the resulting Y
and F category's is only:

That is, only one out of 5 Ys and Fs is actually a correctly classified window. But this
set of selected data contains 94% of all existing cavities. The final step is to use the five
expert rules defined above. The main task for the expert-rules is to lower the amount of
misciassified N-windows without affecting the correctly classified windows. That is. to
improve Ir- When using also the expert rules only 3.6% of the original 4674 windows are
finally selected and containing 86% of all existing cavities and the I r has increased to *
85%. The results are summarised in table 1. The two last columns in table 1 represent
how many " %" that are correctly classified in each Y and F category.

Table 1. Results of CDS

CDS
system

Non

SOM

SOM-BP

SOM-BP-
Expert

No. ofW
selected

4674

*1000

^700

168

Ir

1
< 3 0

^ 1

*15

__ 1
* 5

1

reduction

[%]

0

*75

*85

>95

Found

[%]

100

=70

94

86

Y- correct

[%]

-

-

90

90

F
correct

[%]

-

-

5

55

The "upper" limit for detecting cavity windows is to use only the SOM-BP classifier,
then it is possible to detect about 93-95% of all cavities. However, then also a large set of
non-containing windows will be misciassified and the Ir in the "upper" CDS is * 20%.

The "lower" limit CDS, or the more accurate CDS, is to use the combination of SOM-
BP and the expert system. This system will detect about 85% of all cavities and also the I r

and reduction is large according to the evaluation data set. Further studies on even larger
set of data will give a more accurate measure.
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Adaptive to user control

The development of the CDS was made so that it could be as flexible as possible to the
user. That is, the user of the CDS needs to be able to control the detection level. The user
must be able to chose the "upper", "lower" or other level of detection accuracy.

The user of CDS can alter all pre-set values in the expert rules, i.e. the user has full
control over the desired result of CDS. However if a user changes a setpoint value in
order to increase sensitivity for the Y-type window, then he also increase the probability
for miss classification of N-type windows. The pre-set values in the expert rules have been
carefully chosen to optimize the result from CDS in such way that the number of selected
windows is kept at a minimum. Cavities of relative size less than l^c are usually clcssified
as N, however about 20-30 % of this type are so distinct that CDS classifies them as F.

Analysis of different classification errors

The CDS is not 100% accurate, steps have been taken to minimise the number of
classification errors as much as possible. However there are some errors that can not be
removed easily, one is the error due to edge effects. The window edge effects can foul the
CDS to misclassify windows, but this is not regarded as actual errors because edge effects
have to be accepted. One can not determine if an edge effect window is misclassified
before the adjacent window is examined. An example of an edge effect error window is
shown in fisure 5.

Fiiiure 5.

A

Freja orbit

B

1547. Example of edge-effect. Figure A is the
window analysed and classified as Y
32 steps to the left.

Figure B is the same graph moved
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However, the user of the CDS can choose to let the sliding 256 point window overlap.
A window overlap i.e. next window to be classified can be defined by the user to start
within the borders of the previous one. The user sets the number of data value overlap that
he desires, the default value is zero. The drawback of overlap is that the number of results
to be investigated increases, however edge effects and other errors, e.g. the one shown in
figure 6. can be avoided.
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-586

-871

Fl:HJALP Esc:«vsluts

- 1 1 5 6 J, , 1 1—i l—i r

0.7927442 0.82399420.7927442
M dn/n

970

0.8550006
P12

-970
B.7927442

M dn/n

-1462

-2268 -

-
1 m I1' '

i

i I I 1 V

\ J 1

3074
0.7927442

0.8239942

i i Vi -

I I

11',

S P5
0.8550000

0.8239942
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Figure 6. Frc-ja orbii 2 KM) Typical window that CDS makes an error on. The
increase/decrease in level on both Hanks makes classification difficult.
Furthermore, only the lowest channel (P6) can truly be considered a cavity.

13



The user does not always have to investigate the results from CDS through a graphic
interface. A result-textfile can be produced by the CDS. An example of such a result file
is shown in figure 7. The SOM-BP output, the difference between mean value and mid
value for the analysed window mm/max values and skewness. All values are at help for
the user to change default settings in CDS.

! Result from
IThresholdl:-
!Threshold2:

:054206.
1.05
0.75

ISteplength: 256
!P5 P6(Off)

Datablock : 1

1 0 bp5:-0
2 0 bp5: 0
3 0 bp5>0
4 0 bp5:-0
5 0 bp5:-0
6 0 bp5:-0
7 0 bp5: 1
8 0 bp5>0

124
099
125
125
082
125
125
125

730
Fuzzylntl:
FuzzyInt2:
Overhead:

di
di

di
di

di
di
di
di

0.235
0.010
0.036
0.329

-0.081
-1.086
0.229
0.287

0.25
0
0

sk
sk
sk
sk
sk
sk
sk
sk

25

:-0
:0
:-0
:-0
:0
:0
:-0
>0

.533

.160

.106

.772

.360

.793

.038

.368

Figure 7. A result printout from CDS, Window nr, Class, SOM-BP
output for P5, Difference of Mean and mid (y-direction)value and the
skewness. Here only P5 was analysed. P6(0ff).

Conclusions

The CDS developed in this paper can decrease the number of windows that still need
to be analysed visually by more than 957c and still detect more than 85% of the desired
information. Furthermore, the user has control over CDS performance. The maximum
detection level in CDS is about 957c however, this also increases the number of windows
to analyse by about 4-500%. A possible way to increase performance of the CDS is to re-
train the SOM-BP system using a larger set of training examples and/or add statistical
measurements, e.g. Skew, as inputs to the SOM-BP system. Further investigation about
suitable feature extraction techniques to accu ately classify cavities might also improve the
performance.

14



References:

Dovner P.O.. Eriksson A.I.. Boström R. and Holback B.. Freja multiprobe
observations of Electrostatic Solitary Structures. Geophys Res. Lett..
21,1827-1830, 1994.

Eriksson A.I., Holback B., Dovner P.O., Boström R.. Holmgren G.. André
M., Eliasson L. and Kinter P., Freja Observations of Correlated Small-
scale density depletions and enhanced lower hybrid waves, Geophys.
Res. Lett., 21, 1843-1846, 1994.

Holback B., Jansson S.-E., Åhlén L., Holmgren G., Lyngdhal L. Powell S.
and Meyer A., The Freja Wave and Plasma Density Experiment. Space
Sci. Rev.. 70:577-592 1994.

Korn G. A. and Korn T. M., Mathematical handbook for scientists and
engineers, 18.3:3 and 19.2:4. McGraw-Hill book company. 1968

Kohonen T., Self-Organization and Associative Memory. Springer-Verlag
ISBN 3-540-18314-0 2nd. ed. 1988.

Liszka L. and Waldemark J.. Cognitive Information Processing in Physics,
Lecture Compendium . Swedish Institute of Space Physics, Laboratory
for Mechanical Waves. Sweden. 1995

Lundin R.. Haerendel G. and Grahn S., The Freja Project. Geophys. Res.
Lett.. 21. 1823-1826. 1994

NeuralWare Inc. Neural Computing and Reference Guide, Neuralware Inc.
Pittsburgh PA USA 1993.

Pao Y.H. Adaptive Pattern recognition and Neural Networks, Addison
Wesley. ISBN 0-201-12584-6 1989.

Wasserman D P . , Neural Computing, theory and practice, Van Nostrand
Reinhold ISBN 0-442-20743-3 1989.

15


