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guestion 1

Can we some how define a background

fleld which takes all intermediate scales
INto account, self-consistently’?
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extreme time locality (Haar filter)
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guestion 2

Can we obtain the best of both worlds

and live ‘well’ in the time and frequency
domains®?
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outline

e Discrete wavelets as band-pass digital filters

e Picking and designing an appropriate wavelet/transform

e Some results on separating anisotropic signatures in
plasma turbulence in the solar wind
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local scale-dependent fluctuations and lbackground
field using low/high pass filters

t ol f1
D ><
% ~ fluctuations
O background field
[
O
D
O
op)

frequency



local scale-dependent fluctuations and lbackground

field using low/high pass filters
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discrete wavelet transform (dwt)
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discrete wavelet transform (dwt)

iy | DWT steps:
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let’s see it working
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let’s see it working

IN O_
L
N/-\
2
[=
- 5t
©
-
§ =)
L
o -107
7))
al
e
(@)
S _i5

—2 —1 0 1
log 00 Frequency (Hz)



let’s see it working
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importance of zero moments

nr of levels =21 wavelet is haar
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importance of zero moments
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importance of zero moments
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importance of zero moments
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importance of zero moments

nr of levels = 18 wavelet is db4
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importance of zero moments

1.5

1r 0.5}
0.9+
0
0.8F

0.7+ -05)

0.6

0.5¢

0.4

0.3

0.2

0.1r

x 107



importance of zero moments
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choice of wavelet transform & filters

1. Self-consistent high/low pass filters [Quadrature Mirror
Filters], full reconstruction -- can’t use continuous
wavelets.

2. Time event preservation -- can’t use normal discrete
wavelets.

3. Zero or linear phase (symmetric filters) -- for exact time
localisation of events.

4. Sharp Fourier frequency resolution for studying
spectra -- need higher order wavelets.

5. Time domain implementation with compact digital
filters to minimise edge effects, increase time locality
and reduce computational expense -- wavelet order
can’t be too high; again can’t use continuous wavelets.



choice of wavelet transform & filters

Solution: Undecimated discrete wavelet transform




undecimated discrete wavelet transform (udwt)
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choice of wavelet transform & filters

Solution: Undecimated discrete wavelet transform
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choice of wavelet transform & filters

Solution: Undecimated discrete wavelet transform
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choice of wavelet transform & filters

Solution: Undecimated discrete wavelet transform
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choice of wavelet transform & filters

Solution: Undecimated discrete wavelet transform

https://qithub.com/ri

r

Rice wavelet toolbox for Matlab (C mex files)

cedsp/rwt

http://dsp.rice.edu/software/ri

ce-wavelet-toolbox

PyWavelets (Cython)

http://www.pybytes.com/pywavelets/


https://github.com/ricedsp/rwt
https://github.com/ricedsp/rwt
http://dsp.rice.edu/software/rice-wavelet-toolbox
http://dsp.rice.edu/software/rice-wavelet-toolbox
http://www.pybytes.com/pywavelets/
http://www.pybytes.com/pywavelets/

Anisotropic plasma turbulence applications
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local scale-dependent fluctuations and lbackground
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adaptive local scale-dependent fluctuations and
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power spectral density
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angles of measurement w.r.t. B

Taylor frozen-in approx,
for low-frequency
phenomena
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higher order scaling

(ai.) Wavelet structure functions
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(b ii.) Dissipation range scaling exponents
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Also see:
K. H. Kiyani et al.
Phys. Rev. Lett.
103, 075006 (2009)



standardised probabillity densities
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magnetic compressibility

| N 0Bj(t;, f)
(f) = NJZ:: 0B(i(t;, f) + 0B (t;, f)
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take home message

e \Vavelets are excellent tools for studying turbulence and
anisotropy

® They are especially useful for both simultaneous event
localisation as well as frequency localisation

* [ried extending this to m-band wavelet packets to get
better frequency resolution; but generally this is not
possible. Recent work on over/undersampling is more
promising.
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