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Part 1: General notes &
Motivations
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What:
Expansion in terms of bases.

Why:

|) To find the constructed components
of underlying field

2) For pruning the nuisance parts of
data

3) To have multi-resolution Analysis

4) To construct mock data (field)

5) To get rid from the undesired parts
of data

6) Solve differential and integral
equations

7) Non-stationary detection
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Part 2:
Fourier Transformation
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@ Fourier or legender transformation

of correlation function

C. (1. j) = {(x(0) x(}))

= (1= D =C,(1) = (x()-x(G+7)
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f Frequency Analysis: Decomposing signals into their constituent
/L frequencies, allowing for the analysis of harmonic content.

f Filtering: Designing filters (low-pass, high-pass, band-pass) to
(1. Signal Proeesslng}— remove unwanted noise or to isolate specific frequency

\k components.
r . > -

Compression: Techniques such as MP3 for audio and JPEG for
_images rely on Fourier transformation for data compression.

Wave Function Analysis: Fourier Transform allows the
conversion of a wave function from position representation to
— momentum representation, crucial for determining probability
(2. Quantum Mechanics) 1 distributions. )

‘\r Spectral Analysis: Analyzing the energy levels of quantum ]

_ systems by studying the Fourier components of wave functions.

Diffraction Patterns: Understanding and analyzing light
diffraction in optical systems; Fourier Transform relates the
aperture function to the resulting intensity pattern.

Image Processing: Enhancing images by manipulating their
frequency components, including edge detection and image

filterina
Modal Analysis: Identifying natural frequencies and mode
shapes of structures (buildings, bridges, machines) using

.// L responses to vibrations.

4. Vibration Analysis

T -

Condition Monitoring: Diagnosing mechanical faults in rotating
machinery by analyzing vibration signatures in the frequency
domain.




Fou

) e ——

Sound Analysis: Breaking down complex sounds into their
frequency components to analyze musical notes, speech, or

ol ! environmental sounds.

-,

s Room Acoustics: Studying how sound waves interact with

environments, helping to design spaces for optimal sound
quality. )

f Modulation Techniques: Techniques like Frequency Modulation h

(FM) and Amplitude Modulation (AM) utilize Fourier Transform
/ L principles to analyze and optimize transmitted signals.

6. Communlca'ﬂons)

\r Channel Equalization: Improving signal reception in
communication systems by compensating for distortions

introduced by the channel. J

Circuit Analysis: Analyzing electric circuits in the frequency i

e domain using techniques such as phasor analysis, which
7. Electrical Engineering) L simplifies the solving of complex circuits.

§ Filter Design: Designing electronic filters using Fourier methods h
s to specify the desired operational characteristics.

J

i Stability Analysis: Analyzing the frequency response of control
/L systems to determine stability and dynamic behavior.

(& Control s"f&r PID Control Design: Using the frequency domain to tune

Proportional-Integral-Derivative controllers for optimal
performance.




f Frequency Domain Operations: Enhancing images (sharpening, J
blurring) by modifying their frequency components through
techniques like the Fast Fourier Transform (FFT).

9. Image Processi

2 B

Pattern Recognition: Identifying patterns and shapes by
analyzing their frequency domain representation.

rMagnetic Resonance Imaging (MRI): Utilizing Fourier Transform h

to reconstruct images from the frequency data collected during
10. Medical lmﬁ—_‘k e y

4 Computed Tomography (CT): Analyzing data through Fourier
techniques to produce cross-sectional images of the body.

Solving Partial Differential Equations: Fourier Transform is an »
effective method for solving PDEs, especially in heat transfer

( 11. Mathematics and Data Analysis) < problems and wave equations.
\

JAS

r Time Series Analysis: Analyzing periodic patterns in data, such
as financial markets or climate data.

\_ )

Earthquake Data Analysis: Analyzing seismic waves by
12. Seismology decomposing them into frequency components to study

geological features or predict future activities.

J I Flow Analysis: Analyzing fluid motion and turbulence by
GS. Fluid Dynamics decomposing velocity fields into Fourier modes.

Signal Encryption: Some signal processing and encryption
(14. Cryptography techniques use Fourier Transform methods to obscure original
signals.




13 . L amd intead emdhe Jinaysfo
Nt U Lt
/f'f b
® (frt) = H) (far X
. :;‘.ﬁ-c[
® \fLol,m .. S i el
RN L
® J*- LY Rl I | S T A
— W= ¢ dax
oo h'l"."' U"L r
. L .
- .r};/du”;m;»bﬁd‘f PDE—> ODE o © CJ:
ey ey Yek) = L 3 Yeat) ; :
1}1 ¥ — - ¢ A" _ -F(.QL
® \(Ll:k.a): 1 @ sn 3 FW
po. 8 IRY
@ éf_}; ﬂ:-—’_,_,-iof@ :—{:p'
Y. 0 \ - ; - xivdt
TG (o AP o) wm g N e <t Yo s Fla 2 .
1 ! o —udh
g L i - 9 gumJ:-L J+ Y )t e i’ |
28U (o g T Fopo i o o e M e GOV Von oo
9
(R > o S k=)
\l' = E{i" 5 'Fm] e ‘l.d
£l —vE) 9?;/1:—3,3: AV
= fCx FUE)

~s fnavé) M;_/;L_{,,, o



Fast Fourier Transform
VS.
Discrete Fourier Transform



How fast?

CPU Time Required at 10 Flops
N | Discrete Fourier Transform Fast Fourier Trasform
10 1.0 sec 0.01 sec

10° 10° sec = 12 dayvs 20 sec
10" 102 sec = 32,000 vears 3.0 x 10° sec = 8.3 hours
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Butterfly diagram




A sample for FFT by Fortran

subroutine fft (N, x, X)
integer, intent (in) N
complex(8), intent (in) :: x(N)
complex (8), intent (out) :: X(N)
program fft_example integer :: m, k, nl, n2
implicit none complex(8) :: t, u
integer, parameter :: N = 8 real(8) :: w, angle
complex(8) :: xX(N), X(N)
integer :: 1 ! Bit-reversal permutation
nl =1
! Example input n2 =N / 2
x(1l) = (0.0, 0.0) do while (nl < N)
x(2) = (1.0, 0.0) do k = 1, nl
x(3) = (0.0, 0.0) if (k <= n2) then
x(4) = (1.0, 0.0) t = x(k + nl)
x(5) = (0.0, 0.0) x(k + nl) = x(k) - t
x(6) = (1.0, 0.0) x(k) = x(k) + ¢
x(7) = (0.0, 0.0) end if
x(8) = (1.0, 0.0) end do
nl = nl * 2
! Calculate the FFT n2 = n2 / 2
call fft (N, x, X) end do
! Print the result ! FFT computation
print *, 'FFT Result:' do nl = 1, log(real(N)) / log(2.0)
do 1 =1, N n2 = 1 << nl
print *, X(1) angle = 2.0 * acos(0.0) / real(n2)
end do u= (1.0, 0.0)
dom=1, n2 / 2
end program fft_example w = u
do k = m, N, n2
t =w * x(k + n2 / 2)
x(k + n2 / 2) = x(k) - t
x(k) = x(k) + t
end do
u = (cos(angle * m), sin(angle * m))
end do
end do
X = X
end subroutine fft




A sample for FFT by C++

finclude <ilostream>
#include <complex>
#include <vector>
finclude <cmath>
using namespace std;
volid fft (vector<complex<double>>& x)
int N = x.size();
1f (N <= 1) return;
// Divide
vector<complex<double>> even(N / 2);
vector<complex<double>> odd(N / 2);
for (int k = 0; k < N / 2; k++) {
evenlk] = x[k * 27;
oddlk] = x[k * 2 + 1];
}
// Recursive FFT
fft (even) ;
fft (odd) ;
// Combine

for (int k = 0; k < N / 2; k++) {
complex<double> t = polar (1.0, -2 * M_PI * k / N) * oddl[k];
x[k] = evenlk] + t;
x[k + N / 2] = evenlk] - t;
}
}
int main() {

const int N = 8;
vector<complex<double>> x =

{
{0.0, 0.0}y, (1.0, 0.0}, {0.0, 0.0}, {1.0, 0.07,
{0.0, 0.0}, {2.0, 0.0}, {O0.0, 0.0}, {1.0, 0.0}
};
fft(x);

cout << "FFT Result:" << endl;
for (const auto& v : x) {
cout << v << endl;

}

return 0;




A sample for FFT by Python

import numpy as np

def fft(x):
N = len(x)
1f N <= 1:

return x
even = fft(x[0::2])
odd = fft(x[1l::27)
combined = [0] * N
for k in range(N // 2):

t = np.exp(-23 * np.pi1 * k / N)
combined[k] = evenl[k] + t
combined[k + N // 2] = evenlk] - t

return combined

* odd[k]

# Example usage
x = [complex (0.0, O.
complex (0.0, O.

0), complex (1.0, 0.0),
0), complex (1.0, 0.0),

fft_result = fft(x)

print ("FFT Result:")

for val in fft_result:
print (val)

complex (0.0, O.
complex (0.0, O.




A sample for FFT by Fortran (2D)

module params
use numerical libraries
implicit none

real (8) ,parameter:: num=1024 I Rxxkgkxkkxkxx*k The pixels of simulated map

real (8) ,parameter:: size=7.2 I xFkxdkxdkxkxkxk The gize simulated map

real (8) ,parameter:: FWHMI1=5 I xAxxAkxkxkxkxk The FWHM of beam As a Planck-1like instrument
real (8) ,parameter:: snr=10 [ *kkokokokokokokk kG /N

character (256) ::numstr,numstring,numstrl

real(8) coefl5(0:num-1,0:num-1),

INTEGER runpower, IR, IS, J, LDA, LDCOEF, NCA,

COMPLEX (8) C, CEXP, CMPLX,

COEF (num, num) , coef_cmb (num, num) , fourier_ temp (num,num),coefl80 (num,num), INTRINSIC CEXP, CMPLX, FLOAT
end module params




A sample for FFT by Fortran (2D)

use params
implicit none

INTEGER, PARAMETER:: double=SELECTED_REAL_KIND(15,307)
real (double) CHSQ,DF1,t2,chi_sg GSN_GN, t_GSN_GN(0:10000)
integer LDB,numll, map_rin

Print*, 'This program generate map including CMB-S4 Beam'

Print*, 'The value of FWHM in arcmin'
read*, FWHM
pi=4*atan(1.0)
theta_c=theta_cl*pi/180
1 _kc=2*pi*d_c*ferquency_c/ (theta_c*cc)
call random_seed
call initial condition
call noise
call gaussian_map

| ¥*xxxxx*xx* Power spectrum (G+S)_beam
n_run=1

write (numstr, *) n_run
numstring="'power_GS_beam.'//trim(adjustl (numstr))
open (7570000, file=numstring)

power=0

1 _angular=0

yu=0

st=0

do 1=0,num-1

do j=0,num-1

st (1,7)=tempGS_beam (i+l, j+1)

enddo

enddo

call power spectrum

do k=mink,maxk

p (k) =p (k) /numm (k)

yu=yu+1

power (vu) = (2*pi) *p (k) *((360.0/size) *delta*k) **2
1_angular(yu)= (360.0/size)*delta*k

write (7570000, *)1_angular (yu) ,power (yu)

endif

enddo




A sample for FFT by Fortran (2D)

I**kkkkkkkkkkkkk*k****** Power spectrum computation
subroutine power_spectrum

use params

im=(0,1)

lda=num

nca=num

nra=num

LDCOEF=num

pi=4*atan(1.0)

L=size*pi/180

maxkl1=-100000000

maxk2=maxkl

numm=_0

p=0

coefld=0

mink=1000000

maxk=-1000000

X FAxkxdkxkkrkxrkxx*x*x make a forward fourier transformation of st (i,]) *xxxxkxkxx

CALL DFFT2D (NRA, NCA, st, LDA, COEF1l4, LDCOEF)
coeflb=(real (coefld))**2+ (real (coefld*(-1m)) ) **2 I xFxkkkx M (RK) **)

delta=1.0

do 1=0,num-1

do j=0, num-1

k=int (sgrt ((1*1.0+1.0)**2+(3J*1.0+1.0)**2) /delta+wwz) -wwz
p(k)=p(k)+coefl5 (1, 7)

1if(k.le.mink)then

mink=k

endif

if (k.ge.maxk)then
maxk=k

endif

numm (k) =numm (k) +1
enddo

enddo

end subroutine power_spectrum




The FFT and Quantum Wave-packet Motlon
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Part 3:
Alias effect

&
Nyquist sampling
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A series includes 1 Hz, 2 Hz, and 3 Hz frequencies

o v V V V f_N>2f_s

e 1 1_N>6bHz
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Wagon wheel effect
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Alias effect
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Part 4.
Filter construction
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( Convolution J

{Our search proposal ]

First: what is the lower limit of CS intensity identified in
the observations?

Vafaei Sadr, A, et al., MNRAS, 478.1 (2018): I 32-1140; Vafaei Sadr, A, et al., MNRAS, 475.1 (2017): 1010-1022.



[Our search proposal ]

Pure CMB+Beam



Our search proposal ]
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[Our search proposal ]
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ur search proposal
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(UK)’

[(1+1)C,/2m

Smoothed stochastic field

Finite beam size of instrument: Beam effect
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S.M.S.M,, B. Javanmardi, R. K. Sheth, MNRAS, (2013)



Additional comments on Beam o

Parameters Planck CMB-S4 ACT

f (GHz) 270 150 277

_ . _ _ d (m) — — 6
Fa(kT) = [ dl'B(E - F:T)F (@ - B 9 degree) — —
o FWHM (arcmin) 5) 1 —

L y LK Tnoise (WK -arcmin)  46.8  3.07 8

Wi = exp(—£(£ 4+ 1) A?/2),
A = FWHM/+v/81n 2.

2 ¢ ¢ A%
A(l) = i (arccosgcgc\/l (Z) )

CFPN = (CF + CY W + o

noise*

GSB(Gauss) m GS \
. GSB(Airy) \

B

Afzal et. al, 2024 ’
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Principle Component Analysis

|) Principal Component Analysis(PCA) technique was introduced by the
mathematician Karl Pearson in 1901.

2) Principal Component Analysis (PCA) is a statistical procedure that uses an
orthogonal transformation

3) Principal Component Analysis (PCA) is an unsupervised learning

4) The main goal of Principal Component Analysis (PCA) is to reduce the
dimensionality of a dataset while preserving the most important patterns or
relationships between the variables without any prior knowledge of the target
variables.



Principle Component Analysis:

PC,

(Intuitive meaning)

Area
F'Y

Variance

[ Transformation

2D—- 1D

|

PC, > PC,

I*'
l"'
’
Varianc§\/

» Radius



Advantages of Principal Component Analysis

| .Dimensionality Reduction
2.Feature Selection

3.Data Visualization
4.Multicollinearity

5.Noise Reduction

6.Data Compression
/.Outlier Detection

https://www.geeksforgeeks.org/principal-component-analysis-pca/?ref=gcse outind



https://www.geeksforgeeks.org/principal-component-analysis-pca/?ref=gcse_outind

Disadvantages of Principal Component Analysis

| .Interpretation of Principal Components
2.Data Scaling

3.Information Loss

4.Non-linear Relationships
5.Computational Complexity
6.Overfitting

https://www.geeksforgeeks.org/principal-component-analysis-pca/?ref=gcse outind



https://www.geeksforgeeks.org/principal-component-analysis-pca/?ref=gcse_outind

Principle Component Analysis:
(Example)
Let our data matrix X be the score of three students : M atl’i)( constru Ction

" Student | Math | Engish | Art o
1 90 60 90 A = 60 60 60
2 90 90 30 60 60 90
3 60 60 60 30 30 30
4 60 60 90 - Matrix A )
5 30 30 30
Formula

A=[66 60 60]

Mean of Matrix A

The mean of matrix A would be covxy) = L3 x-R(y-7)

coviX,Y) — Covariance between X & Y variables
Its covariance matrix would be X &y —>  members of X &Y variables
X &Yy —+  meanof X &Y variables

n - number of members

. c d e
Math English Art R s st e =
Math 504 360 180 S
English |360 360 0

Art 180 0 720



Principle Component Analysis:

(Example)
504 360 180 10 0
det(A-A) =0 det{[ 360 360 0 |—-2l0 1 0
180 0 720 0 0 1
A 44.81966.... A~ 629.11039.... A= 910.06995...

[ —3.75100... \ [ —0.50494...\ [ 1.05594...
Eigenvectors 4.28441... —0.67548... |. | 0.69108...
\ 1 \ 1 \ 1

New data with e.g. two maximum eigenvalues (denoising)

1.05594 -0.50494 o ’
w=| 069108 10.67548 = W' 'xx
1 1



Singular Value Decomposition

Definition: The singular value decomposition (SVD) is a factorization of a real or
complex matrix into a rotation, followed by a rescaling followed by another rotation
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Singular Value Decomposition

(Intuitive meaning)

“ ) /
>
A

V* U

\J
0 E
> e

M=U-X-V*

By Georg-Johann - Own work, CC BY-SA 3.0, https://commons.wikimedia.org/w/index.php?curid=11342212



https://commons.wikimedia.org/w/index.php?curid=11342212

Singular Value Decomposition (SVD)
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Singular Value Decomposition (SVD)
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Singular Value Decomposition (SVD)
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Singular Value Decomposition (SVD)
{x;};i=1,... N d<N-—(d—1Dr+1

=
]

' = USV!
I‘TI‘—Vi - )\%Vi
ITTu; = Afu;

o Tk
Tivj—1 =Ly

/33‘1 Ll4r -
Ly Lidr ...

\ Ld Ld+r ---

L14+N—(d—1)7—1 \

Lit N—(d—1)7—1

Ld4+N—(d—1)1—1 /

The p dominant eigenvalue and associating
eigendecomposed vector represent the
superimposed trend and the remaining (d-p)
demonstrates intrinsic fluctuations

S. hajian and M. Sadegh Movahed, arXiv:0908.0132
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Empirical Mode decomposition (EMD)

Empirical mode decomposition (EMD) is a data-adaptive
multiresolution technique to decompose a signal into physically
meaningful components

@ This method is known as non-parametric method

@ There is a good review by Norden E. Huang

Proceedings: Mathematical, Physical and Engineering Sciences, Vol.
454, No. 1971 (Mar. 8, 1998)

@ In this case, the intrinsic mode functions (IMFs)
satisfy two conditions:
1) The number of extrema and zero-crossing
differs only by one
2) The local average is zero


http://www.jstor.org/action/showPublication?journalCode=procmathphysengi

|) ldentify the local extrema and find their average (Generating upper envelop

and lower envelope)
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Kim, Donghoh, and Hee-Seok Oh. "EMD:A Package for Empirical Mode Decomposition and Hilbert Spectrum." R J. 1.1 (2009): 40.



Signal = 1-st IMF + 1-st residue 1-st residue = 2—nd IMF + 2-nd residue

1—st imf 2-nd imf

1-st residue 2-nd residue

Kim, Donghoh, and Hee-Seok Oh. "EMD:A Package for Empirical Mode Decomposition and Hilbert Spectrum." R J. 1.1 (2009): 40.



1-st IMF

2-nd IMF

3-rd IMF

residue

Kim, Donghoh, and Hee-Seok Oh. "EMD:A Package for Empirical Mode Decomposition and Hilbert Spectrum." R J. 1.1 (2009): 40.
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Part 5:
Wavelet, Curvelet, Ridgelet



Wavelet versus FFT
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time-frequency analysis techniques: Fast Fourier
Transform

Continuous wavelet transform Short-time Fourier
transform Chirplet transform

Fractional Fourier transform
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Short time Fourier Transform
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Matlab-wavelet package Time



Flu,)= [ g, (0 f(0)dr
for g, (t)=e"

F(s)= [ " f(t)ds

gu,s(t) = emg(u — 1) 2 suSila 5ol b S

—1A U=1
scale = s




STFA versus Wavelet

A A
) >
3 3
< L
- >
Time Amplitude
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Time Time
STFT (Gabor) Wavelet Analysis

Matlab-wavelet package
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cww(f,s>=w,s\)=ﬁ1x(ﬂ.

Translation

(The location of Scale
the window)

Mother Wavelet

 Wavelet
 Small wave
 Means the window function is of finite length

* Mother Wavelet

* A prototype for generating the other window functions

* All the used windows are its dilated or compressed and shifted
versions

Credit: S.M. Vaez



High resolution problem in STFA

O = [ F0p@)di = [doS(w) = [do|F)

o’ Ef_+: (t—u)’ gu,s(t)‘2 dt
o’ Ef_+: (w - 5)° guas(t)‘2 dw
0’0, = 1
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Scales

* Scale
« 5>1: dilate the signal
 S<1: compress the signal

 Low Frequency -> High Scale -> Non-detailed Global
View of Signal -> Span Entire Signal

* High Frequency -> Low Scale -> Detailed View Last
in Short Time

* Only Limited Interval of Scales is Necessary

fir) = sin{21) ; a =

flt)y = sin(4t) ; a =

Credit: S.M. Vaez

flt) = sin(t) ; a =1 - fir) = wir) @
fry =wi2r) ;, a =

ity = widr) . a =



Vaolt)

Rao, R. M. "Wavelet Transforms: Introdu-ction to Theory and Applications." Addision Wesley (1998).
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Shifting
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Wavelat function psi Wavelet function psi
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Analyzed Signal (length = 200
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Analyzed Signal (length = 200
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Non-stationary detection

Bignal and Approximationis)

—L = =L WO 0
——

Misiti, Michel, et al. "Wavelet toolbox." The MathWorks Inc., Natick, MA |5 (1996):21.
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Misiti, Michel, et al. "Wavelet toolbox." The MathWorks Inc., Natick, MA |5 (1996):21.
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Self-similarity detection
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Misiti, Michel, et al. "Wavelet toolbox." The MathWorks Inc., Natick, MA |5 (1996):21.



Decomposition at level 3




Decomposition at level 3
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Curvelet Transformation

Pu(€) = w(277|€))v(29/210 — me)etE""8)
w(+) = window for scale 3

v(-) = window for orientation 6

ei(k"*,€) shifts to location (k, €)

Rotate Translate ° ¢ 2

<« > Parabolic &ﬁ '
el BN
N =
i
\

Emmanuel Candes, California Institute of Technology \



[Our search proposal ]

Pure CMB+Beam Pure CMB+CS+Beam Pure CMB+CS+Beam+Noise

Finding a needle in haystack
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Curvelet Decomposition
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Curvelet Decomposition

Pure CMB+ MB+CS+Beam Pure CMB+CS+Beam+Noise
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Pure CMB+Beam
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[ Extended Canny algorithm]

Pure CMB+CS+Beam
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Extended Canny algorithmj

Pure CMB+Beam Pure CMB+CS+Beam Pure CMB+CS+Beam+Noise
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( Extended Canny algorithm]

Pure CMB+CS+Beam+Noise
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The Pipeline

_maps
Y

{ Curvelet componentsJ

v

( Gradient masz "~ Compare
l / with null sims
Topological
measure deviation!

strings!?

Vafaei Sadr, A, et al., MNRAS, 478.1 (2018): I 132-1140; Vafaei Sadr, A, et al., MNRA2 1 (2017): 1010-1022.
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B. Javanmady & M. Sadegh Movahed (2012)

Whirlpool galaxy
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B. Javanmady & M. Sadegh Movahed
(2012)




WT-Application in Denoising

Boats image Denoised image using hard thresholding



Classification of time series based

on Hurst exponent

O<H<I

® Correlated:
® Uncorrelated:

® Anti-correlated :

H>0.5
H=0.5
H<0.5

140

[ Correlated signal

. Random signa

L Anti-correlated signal

100



Scaling exponents

Multifractal scaling exponent
7(q) = gh(q) -1

Generalized multifractal dimension 7(q)
D(g)=——

qg-1

Autocorrelation exponent C(s): s

Power spectrum scaling exponent ~ S(@): @™"

o =1(q)

o = h(g)+qh'(q)
fle) = gla—h(g)]+1

Holder exponent

Singularity spectrum

Exponent 1D-fGn 1D-fBm 2D-Cascade 2D-fBm

y 2 —2H —2H 1 —2H —1-2H
B 2H—1 2H+1 2H 2H +2

E3
Hosseinabadi, S., et al., Physical Review E 85.3 (2012):031113.



User manual for MF-DFA code written by Sadegh Movahed

1: You should write the name of your data file in it

2: To shuffled data set you should select YES here.

3: If you want to surrogate your data, select YES for

this option \

4: This value shows the number of shuffling data —

set.

5: Here you should determine the maximum and
minimum no. of windows, i.e. if you select “10” for//
maximum and “2” for minimum, your data set is
divided to 2 up to 10 non-overlapping windows.

6: If you want to calculate just H=h(g=2) you should
determine q=2., namely, q_max=q_min=2. To find
the generalized Hurst exponent i.e. h(q) versus g(mom

100

i

CANCEL |

this case you can find the singularity spectrum for data pet.

7: Here the step of moment exponent is determined.

t exponent), must q_min and q_max to be different. Justin

8: In some case, we have to use double profile for data. It is done by the proper option in my program.

The name of output files are as follows:

1)
2)
3)
4)
5)
6)

7)

hurst.txt gives generalized Hurst exponent versus q
log_f_s.txt gives the In (F(s)) versus In(s)

f_s.txt gives the fluctuation function versus “s”
tau.txt gives classical multifractal scaling exponent
D.txt gives generalized multifractal dimension
singularity.txt gives singularity spectrum

PDF.txt gives probability density function 142

To know more visit
http://facultymembers.sbu.ac.ir/movahed/



Example: Gravitational Waves
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Applications of Pulsar

erapelra, Crete f ~1/(weeks-years) (10°— 107 Hz)

| 44



Pulsar

Received Nobel prize on 1974.
Fast rotating object: Period~ msec -sec

| partin 10716
® A best model for pulsar is Neutron star

It was observed for the first time on 1967 by Bell and Hewish

Pulse periods can be measured with accuracies approaching

7]
o

r._:_:__:_! ~

FIGURE 13 Discovery of the first pulsar, PSR 1919+21 (“CP” stands for Cambridge Pulsar).
(Figure from Lyne and Graham-Smith, Pulsar Astronomy, ©Cambridge University Press, New York,

1990. Reprinted with the permission of Cambridge University Press.)
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IGURE 19 Pulses from PSR 0329+54 with a period of 0.714 s. (Figure adapted from Manch
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Pulsar’s Time of Arrival

Pulsar timing is the regular monitoring of the rotation of pulsar by
tracking (nearly exactly) the times of arrival of the radio pulses

T

‘ ‘ time

signal

Fold the incoming signal at the pulse period to form a
pulse profile (signal averaging). Then calculate a time of
arrival from the profile.

Pulse Time of Arrival:
TOA = scan start time + AT

AT

David Nice 146



Pulsar’s Timing residual

Residual is difference between measured pulse’s time of arrival and
expected time of arrival:

Residual=Observed ToA-Computed ToA or vise versa
At =A.+As+ Ap, + Ar, +As, — D/f" +Ayvp + Ap

4E-07 =

2E-07

Postfit PTR (sec)
S

-2E-07

4E-07 |- -

PSR J0437-4715 —==« “==r 7w




Pulsar Timing Array

|) Parkes Pulsar Timing Array (PPTA),
64-meter Radio Telescope from 961

2) Square Kilometer Array (SKA)

3) International Pulsar Timing Array (IPTA)

4) European Pulsar Timing Array

(Including 5 radio telescopes)
5) Indian Pulsar Timing Array (2016)

Australia Cheshire East, United Kingdom

Hooghalen, Netherlands  148orth Rhine-Westphalia, Germany



Synthetic Datasets |, |
Pure PTR PTR+GW &= ~2/3
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Trend and Noise models

| | I | | | I
Observed PTR

Observed PTR

SVD

Adaptive
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