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Abstract Objectives Wethods I Conclusions

The ground-based magnetometer network has long been a powerful tool for monitoring and 1. Visual detection of heavy—tailed data: ¢ Wavelet coetficients of H — comp onent are heavy
sloseirving ilis varieiions of (he euntemis Howg i the megmsiospheare-lonesplere (1W-1) syslism, 1.  Examine distributions of the wavelet coefficients. tailed (holds for storm and quiet times, other latitude
These current variations directly reflect the response of the M-I system to the solar wind driver S COIlVCI'giIlg Variance test .
and are closely connected to various nonlinear dynamic processes in the M-I system, including StathIlS).

storms and substorms. Due to the multiscale and nonlinear natures of the M-I current system, Address the hypOthCSIS that they are not Gaussmn, Fi 4 (b
the time series of magnetometer data are non-stationary and their frequency behavior changes rather heavy—tailed. ( 1Z2urc ( )) ¢ Tail index 1s 1n the range from 1 to 3.

over time. They are therefore not amenable to traditional time domain or spectral (Fourier)

analysis. In recent years, various new mathematical techniques have been developed to analyze 5 5 . @ - lOtS F1 ure 4 C . . . . .
magnetometer data and the wavelet technique has stood out as being particularly relevant. Most classical methods will fail! QQ p ( S ( )) A4 Average tail mdex Of stormy p erlOdS 1S Shghﬂy
. . . e . il i imation: smaller than the corresponding average of quiet
In order to correctly make statistical inference based on wavelet analysis, the wavelet 2 Examlne the dlfference m dlstrlbutl()n durlng 2 Tall lIldCX estimation: . . p g g q
coefficient distributions of magnetometer data must be examined. In this work, we applied the d . . i i i :QCI’lOdS ( SCC Flgure 5)
discrete wavelet transform to the 1 min magnetometer data from March 2001 to April 2001, stormy and quiet times. 4 Hill estimator (Flgul‘e 4 (d))
and then used various statistical techniques to analyze the probability distributions of the & Difference between average tall index estimates for

wavelet coefficients and estimate their tail indexes. It is found that the distributions of the 3. Identlfy whether wavelet coefficients are heavy- 1 . .
wavelet coefficients of the magnetometer data for both storm and quiet times is highly non- . . . . ey levels 2 and 3 (4 — 8 mlnutes) of stormy and qulet
tailed. If that 1s the case estimate the tail index.

normal and can be classified as being heavy tailed and the tail index values are centered around tim es i g st ati Stl C ally S i on ifi cant

2. This means that the probability of exceptionally large wavelet coefficients is much higher Tune tail indeX estimati n meth for . .

than implied by the standard statistical theory based on the normal distribution. It is also found ) ) O ethods 0 4 Wavelet coetficients come from a heavy tailed . .. .

that the tail indexes for storm times are on average smaller than those of quiet times, which magnetometer data (Flgure 4) distribution (see Figure 4) 4 Applylng statistical tGChIllqllCS make sure they arc
a ) : o : ) o

i‘iem:;:.ts the stronger impulsive and non-stationary features in magnetometer data during storm I'ObllSt to larg e departures from Gaus 81an1ty an d take

¢  Tail index of the DWT coefficients in Figure 3 is in

Background Discrete Wavelet Transform (DWT) the interval from 0.5 to 2.5.

into account the presence of heavy probability tails.
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®  Magnetometers are widely used to monitor Suppose X = [X,, X;, ..., Xjy_;]" 1s an observed time series. g . 3
variations of current system in space. DWT is a column vector W of the same length as . g - .
4 Magnetometer records are non-stationary. observations: s ) g ° .
o
. : . : W=[d?"'d?", ..d7"'5sT"". 3 | ={a®
4 Traditional Fourier analysis — not applicable! 47, d5 g g | | | | | R R ; R : N A Stormy
W 1s obtained from vector X by multiplying 1t by an ° S0 f00 150 2000 © 20 40 G0 g0 1000 § 49 ® Quiet
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€  Wavelet analysis has potential applicability! , L © O o A
Wavelet coetficients d;, reflect the oscillations of the i S A A o
observations around time 2k and at scale 2 (see Figure 3). © ] ¢ A A® A
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= w Heavy tailed distributions Figure 3. DWT coefficients of magnetometer records Figure 5. Hill estimates of the wavelet coefficients of
2 given in Figure 1 at four different levels: (a) 2 nagnetograms during tl}e stormy and calm
Y B | | | min; (b) 4 min; (c) 8 min; (d) 16 min. periods in March — April, 2001.
2 S The probability tails of a heavy-tailled random variable
S s approach zero much slower than 1n the case of the normal @ )
N distribution 2
' g . \) : :
s _ , L o N 2 _ \\'\\,\ © Apply the same analysis to a large database, in order
3 T'here 1s a large probability that an observation 1s far away R - o :
from th - 5 (b Y o . to statistically confirm the systematic decrease of the
g1 | | | | | rom the mean, as m Figure 2 (b). g - =18 tail index value from quiet to storm periods.
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In this work ten 3-day time series from March to April, o 50 1000 1500 2000 o 50 1000 1500 2000 i R N Bt s b NSE et DMS.0413653
2001 were used. Five of them correspond to quiet time 22 402 °0 %0 w0 10 20 250 30 o FTS |
dfi to st i ( Fi 5) Theoretical Quantiles K Data provided by the global network of observatories — INTERMAGNET.
and 11ve — 10 Stormy tme (SCC rigurc J).
. . . : - o - Contact information
To 1llustrate the procedure a time series of length Figure 2. (a) C?aUSSlap ]geindomgar}‘iﬂ?lz& (‘i)gea"y tailed Figure 4. (a) Randomized DWT coefficients d,; (b) | |
n = 4320 from March 30 to April 2. 2001 q h n random variables with tail index 1. . . . . _ For further information please contact Inga Maslova (Inga@cc.usu.edu).
. P ’ was Chose Variance pIOt of randomized d2’ (C) QQ P lot of Manuscript on which the poster is based is available upon request.
(Flgure 1) randomized dz, (d) Hill plOt of randomized d2 Poster is available at http://cc.usu.edu/~inga/research.htm.




