PREVIOUS LECTURE:

COMPA

RING DATA WITH A MO

LEAST-SQUARES FITTING

MAXIMUM LIKELIHOOD METHOD:

GAUSSIAN DATA

CONFIDENCE LEVELS




TODAY:

REAL” MAXIMUM LIKELIHOO
METHOD: POISSONIAN DATA

FINDING PERIODICITIES IN DATA
e LOMB-SCARLE DIAGRAMS

e PHASE DISPERSION MINIMISATION

e FOURIER TECHNIQUES

COMPARING TWO DISTRIBUTIONS
K-S TEST

OAF2 CHAPTER 6.1 & 6.2
SEE NUM REs CHAPTER 13.8, 14.3, & 14.7
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EXAMPLE SIMPLE MONTE CARLO SIMULATION 1
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Energy (keV) CAMPANA ET AL.2003 J
ERRORS ON DATA-POINTS GAUSSIAN DISTRIBUTED

SIMULATION: REPLACE EACH POINT WITH A VALUE
FROM THE GAUSSIAN DISTRIBUTION, REDO FIT TO

MINIMISE X2 REPEAT OFTEN

2
PROVIDE A DISTRIBUTION IN X~ Ayx? =1 = 68% confidence



EXAMPLE SIMPLE MONTE CARLO SIMULATION 11

O PHASE BINNING
t; L

6= 2~ INT(3))

h@

O

HOw OFTEN DO WE HAVE TO OBSERVE THE
SYSTEM WHEN OBSERVING AT RANDOM TIMES
TO FILL EACH OF 10 PHASE BINS?




MAXIMUM LIKELIHOOD METHO
(POISSON NOISE, UNBINNED DATA)

PROBABILITY TO FINDNn; PHOTONS WHEN
m; EXPECTED ACCORDING TO YOUR MODEL

", . —
m,"e

FOR EACH PIXEL?IN AN IMAGE P; = '
;.

TOTAL PROBABILITY L' = HPi

InL = ZlnP

MINIMISE




MAXIMUM LIKELIHOOD METHOD

(APPLICATION X-RAY BINARY CIR X-1, A
JET PRESENT?)

PART OF A CHANDRA HRC OBSERVATION
MODEL AND SUBSEQUENTLY SUBTRACT PSF

ONLY CLOSE TO THE SOURCE THE ASSUMPTION OF A CONSTANT BACKGROUND
IS VALID
6




DETECTION OF A CONSTANT BACKGROUND, A, PLUS A
SOURCE OF STRENGTH B OF WHICH A FRACTION
FALLS ON PIXEL 2

—0.5InL =Y n;In(A+ Bf;) - » (A+ Bf;)

7

AGAIN SEARCH FOR THE MINIMUM OF L FOR
VARIATIONS IN A AND B

f; DETERMINED INDEPENDENTLY IN SOME CASES

TOTAL PIXELS Z

Oln L n; B n;
HA :O:'EZ:AJFBJ& ;(1)—;A+Bfi Z

811’1L nzjz . nzfz
0=2 4y sy, 2= 2 4 By,




APPLICATION MAXIMUM LIKELIHOOD
METHOD X-RAY BINARY CIR X-1
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ONE SOURCE SUBTRACTED




R1O0OD FIN FOURIER METHODS

SAX J1808.4-3658
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WHAT IF DATA IS NOT EVENLY SAMPLE

FILL IN GAPS/RESAMPLE?

CHI SQUARED FITTING?




CHI SQUARED SAME BUT DATA CLEARLY
DIFFERENT IN TERMS OF VARIABILITY




PERIOD FINDING |
UNEVENLY SAMPLED DATA: LOMB-SCARGLE

o , 1 L
MEAN f = N;hi VARIANCE 0% = ——— Z(hi_h)

7

LEAST-SQUARES FITTING OF
h;, = Acos(wtz-) + B sin(wti)
TO THE DATA

PN((.U) —

> (hj —h)cosw(t; —)]*  [32;(hy — h)sinw(t; — 7))
D cos?w(t; — ) | D sin® w(t; —7)

SPECTRAL POWER AS A FUNCTION
OF FREQUENCY W

202

D Sin 2wt;
D CO8 2wt

T CONSTANT=tan(2w7-) —

1



PERIOD FINDING | (conTinuED)
NORMALISED LOMB-SCARGLE PERIODOGRAMS

amplitude

5
frequency
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PAGE 57 1:

100 DATA POINTS

FREQ > NYQUIST FREQ IF POINTS WERE EVENLY DISTRIBUTED!




PERIOD FINDING 1]
PHASE-DISPERSION MINIMISATION: PDM

FOLD DATA GIVEN A TRIAL PERIOD IN M BINS

CALCULATE THE VARIANCE IN EACH BIN

LARGE VARIANCE
NOT THE RIGHT PERIOD
N

1
7 Z(:}:z —Z)® VARIANCE IN THE DATA

N —

1=1

1 <
)2
= ) (z; —Z)*> VARIANCE IN ONE SAMPLE
g=1

STELLINGWERF 1978, ArPJ, 224, 953




LIGHT CURVE AND FOLDED LIGHT CURVE

&I

|

O 20
MJD-53475 (DAYS) PHASE O-1

HERE INDEPENDENT BINS, COULD
ALSO HAVE “SLIDING WINDOW” BINS,
EACH DATA POINT IN MORE THAN 1 BIN




PDM (CONTINUED)

M
2 __ Zkzl(nk — 1)32
S:ka—l ng — M
2

S VARIANCE IN THE SAMPLES

WRONG PERIOD O=1

VARIANCE IN THE SAMPLES=VARIANCE IN THE DATA

“RIGHT” PERIOD O« 1

SCRAMBLE DATA IN A MONTE CARLO SIMULATION TO
CALCULATE SIGNIFICANCES




ECLIPSING SU UMA STAR: DV URSAE MAJORIS
N

i

(LA

t
- \

EXAMPLE USE OF
PDM

|
11.57
11.27

12
Frequency (d-!)

SU UMA ARTIST IMPRESSION

NOGAMI ET AL. 2001



DATA CAN BE VARIABLE BUT NOT
PERIODIC

EXAMPLE: COMPARE CUMULATIVE
DISTRIBUTION FIE WITH MODEL

OF A CONSTANT




COMPARING A DISTRIBUTION WITH A
THEORETICAL DISTRI OR TWO DISTRIBUTIONS

KOLMOGOROV-SMIRNOV TEST:

[

COMPARE TWO
CUMULATIVE
DISTRIBUTION
FUNCTIONS

E.G. 1 OBSERVED
AND 1 THEORETICAL

\

P(x)

OR

cumulative probability distribution

E.G. 2 OBSERVED
MAXIMUM DISTANCE




K-S TEST

AN ADVANTAGE OF USING
K-S STATISTIC

THE DISTRIBUTION CAN BE CALCULATED
IN THE CASE OF THE NULL-HYPOTHESIS
(DATA SETS FROM SAME DISTRI/DATA
DRAWN FROM THEORETICAL CURVE )

o0
: Qkrs( Z 1)i e %"e

Probability (D > Dobs QKS [\/ e+ 0.12 1

0.11

N1 N
WITH Ne = N NUMBER OF OR N, = S

DATA PNTS N1+ N2
| DISTRIBUTION 2 DISTRIBUTIONS




EXAMPLE K-S TEST

DISTRIBUTION OF NEUTRON STARS AND BLACK HOLE X-RAY BINARIES IN OUR GALAXY
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JONKER & NELEMANS 2004

PROBABILITY THAT BHS AND NSS FROM THE SAME
DISTRIBUTION

37%, D=0.19 90%, D=0.12




2D K-S TEST

DISTRIBUTION OF NEUTRON STARS AND BLACK HOLE X-RAY BINARIES IN OUR GALAXY
(

—10

. x_(kpc)

JONKER & NELEMANS 2004 SPIRAL STRUCTURE TAYLOR & CORDESS 1993
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TWO-SAMPLE CASE
N1Ns
N =

Ny + Ns
N > 20




2D K-S TEST
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R=CORRELATION COEFFICIENT
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