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Gravitational Wave Bursts: how we look for them 
and the Challenge of Glitch Hunting
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Searches for GW Transient Sources
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Compact Binary Coalescence (CBC)
Known waveform ⇒ Matched filtering
Templates for a range of component masses
(spin affects waveforms too)

Generic GW Burst	 (< ~1 sec duration)
Arbitrary waveform ⇒ Excess power
Require coherent signals in multiple detectors,
using direction-dependent antenna response 
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Burst Search Strategy: Excess Power 
Sensitive to any signal with duration up to ~1 s. 
Do not use (high accuracy) templates, can be educated by robust features in 
astrophysics models.
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All-sky, all-time search for transient increase in 
power in time-frequency maps, minimal 
assumptions:
1. Duration: 1 to 100 ms (characteristic time 

scale for stellar mass objects)
2. Frequency: 60 to 2,000 Hz (determined by 

detector's sensitivity)
3. Coherence in multiple detectors, consistent 

with antenna pattern ==> waveform, sky 
location 

Time-frequency maps options: Fourier, wavelets, sine-
Gaussians.... Multiple time/frequency resolutions
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Coherent WaveBurst (CWB)

coherent statistic 
L(t,f)
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Example: simulated BBH in Initial LIGO:  18 M☉, 2 Mpc

Coherent statistics, likelihood maximized 
over waveform, position. 
Can impose model-dependent constraints.
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Klimenko et al, CQG 25:114029,2008
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Search Sensitivity for Transients: Initial LIGO/Virgo

7

GW energy in short pulses 
from the galactic center, 
detectable  with 50% 
probability. 
Function of frequency and 
waveform.
Distance scaling: EGW ∝"D2  

12

FIG. 6: Rate limit per unit volume for standard-candle
sources at the 90% confidence level for a linearly polarized
sine-Gaussian standard-candle with EGW = M�c

2. Within
an accuracy of a few percent, the same numerical results
hold also for sources emitting circularly polarized GWs, which
would subsequently appear elliptically polarized at the Earth.
In this Figure, all LIGO and LIGO–Virgo observations since
November 2005 have been combined together.

FIG. 7: Typical GW energy in solar masses at 50% detection
e⇥ciency for standard-candle sources emitting at 10 kpc for
the waveforms listed in Tables II, III, and IV considering the
H1L1V1 network and the LIGO-Virgo observations since July
2009.

The typical GW energy in units of solar masses for
LIGO-Virgo observation is shown in Figure 7 computed
with Equation 4.2 using the measured hrss at 50% detec-
tion e⇤ciency for the tested waveforms assuming a stan-
dard candle source emitting at a distance of 10 kpc. The
mass scales with the square of the fiducial distance and
the results are robust over the very wide class of wave-
forms tested. As expected, the GW energy is strongly de-
pendent on the spectral sensitivity of the network, with
a negligible dependence on the specific waveform charac-
teristics.

V. SUMMARY AND DISCUSSION

This paper reports the results achieved by the LIGO
and Virgo detectors in the search for GW transients of
duration � 1 s, without assumptions on the signal wave-
form, polarization, direction or arrival time.

Three detectors were operating at the Hanford, Liv-
ingston and Pisa sites during the second joint observa-
tion of LIGO and Virgo in 2009-2010. The detectors im-
plemented hardware upgrades in order to prototype new
subsystems planned for the upcoming advanced detec-
tors. The resulting sensitivities to GWs were comparable
to those achieved during the first LIGO-Virgo run. The
main contribution of the second run is a 50% increase in
accumulated observation time.

No event candidates were found in this search. We
set better upper limits on the rate of gravitational-wave
bursts at Earth and on the rate density of burst sources
per unit time and volume. These limits combine all avail-
able information from the LIGO–Virgo joint runs and set
the state-of-the-art on all-sky searches for transient grav-
itational waves of short duration.

The reported hrss amplitude of the GW at Earth can
be converted into the energy emitted by a source at some
fiducial distance assuming a simple model as in Equa-
tion 4.2. For example, the energy emitted in gravita-
tional waves in units of solar masses at a distance of 10
kpc and considering measured hrss at 50% detection ef-
ficiency (Table II) is ⇥ 2.2 · 10�8M⇥ for signal frequen-
cies near 150 Hz (5.6 · 10�2M⇥ at 16 Mpc). These GW
energies, though obviously depending on the signal fre-
quency, are approximately constant over di�erent polar-
ization models of the GW emission, including linearly
polarized sources, circularly polarized sources and un-
polarized emission with random polarization amplitudes
(see Tables II, III, and IV).

The long baseline interferometric detectors LIGO and
Virgo are currently being upgraded to their advanced
configurations, and the next joint observation is planned
for 2015. Another advanced detector, LCGT [39, 40], is
being built in Japan, and there are proposals to realize
an additional advanced LIGO detector outside the USA.
These advanced detectors should achieve strain sensi-
tivities a factor of ten better than the first-generation
detectors. For example, at design sensitivity these de-
tectors should detect a typical core-collapse supernova
anywhere in the galaxy [41] and will be able to put con-
straints on extreme scenarios for core collapse supernovae
within the Local Group [4, 42]. Other possible short du-
ration sources, such as the merger of very high mass stel-
lar black hole binaries, could be visible at distances ex-
ceeding 1 Gpc. During advanced detector observations,
gravitational-wave detections are predicted to occur on
a regular basis [43], thus greatly expanding the field of
gravitational-wave astrophysics.

~2×10–8  M! c2

E.G.  sensitive to galactic supernovae:
Core Collapse Supernovae numerical simulations:   EGW up to 10−7 M⊙c2  
Analytical calculations for extreme CCSN models:  EGW up to 10−2 M⊙c2

2009-2010 Science Run

(so, need ~3x106 more EGW 
for a signal from the Virgo 
Cluster to be detectable)

PRD 85 (2012) 122007
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Challenge: False Alarms from Noise Transients
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•  Data from 2009-2010 run
•  η = coherent  network amplitude
•  ρc ~ sqrt(2N) η   
•  N= number of detectors

arXiv:1304.0670

H1 - first 2 months of S6 run (2009)

LLO-LHO-Virgo
Burst Background

Single detector transients
After data quality vetos

The LIGO-Virgo burst group is working to 
improve search algorithms and coherent cuts 
(Coherent WaveBurst 2G) 
But to address the problem at the root: 
detector characterization



Detector'Characteriza-on'in'aLIGO

Detector'characteriza,on

Instrumental'performance
GW'search'data'quality

Subsystem)characteriza0on
•'Inves,gate'features'in'aux'
channels'and'coupling'with'

h(t)

•'Assist'with'instrumental'

improvement'

Instrument'

scien,sts'

GW)strain)channel)
characteriza0on

•''Iden,fy'the'DQ'issues'
that'most'effect'the'

searches'and'veto'them'

or'ideally'help'fix'them

Astrophysical'

searches

Total'auxiliary'channels:
• ~10,000'in'iLIGO
• ~170,000&in&aLIGO!

J.'McIver'2014
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Example: Propagation of Noise Transients in Active 
Seismic Isolation Stages 
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Results:&transient'mo-on'is'mostly'reduced,'
except'amplified'at'~10Hz.'
Inves-ga-ng'if'this'will'upconvert'to'higher'
frequencies,'but'is'limi-ng'at'lower'frequencies.'

J.'McIver'2014



Semi-modeled analysis:
Black Hole Binary Systems
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Stellar Mass Binary Black Holes (10-100 M☉)
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As mass increases, frequency decreases, fewer waveform cycles in band
Excess Power approach becomes competitive with matched filtering - but more 
robust (relies less on templates). 
Dedicated search with elliptical polarization constraints.

5

COHERENT WAVEBURST (cWB)

● IMBHB searches performed in LIGO-Virgo data with coherent WaveBurst (cWB) [5]

 

BLACK: injected
RED: reconstructed

➢ Unmodeled, coherent data-analysis algorithm
➢ Triggers identified via energy excesses in the detector output [6]

➢ Events reconstructed via maximum likelihood approach [7, 8]

➢ Can be used for searching compact binaries heavier than few tens of solar masses 
 (no significant SNR loss wrt matched-filter) [9]

MTOT = 55 MSUN

q = 2:3

MTOT = 55 MSUN

q = 2:3

Identification of BBH Merger 
Phenomenology Through Principal 

Component Analysis

James Clark, Nicholas Mangini, and Laura Cadonati (U. Massachusetts Amherst) 
Ik Siong Heng (U. Glasglow) 

Larne Pekowsky and Deirdre Shoemaker (Center for Relativistic Astrophysics, 
Georgia Tech)

(aka ‘BHextractor’; black hole evidence-extractor)
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Stellar Mass Binary Black Holes (10-100 M☉)
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Mohapatra et al., PRD 90, 022001 (2014)

3

simulated gravitational-wave signals from the coalescence
of binary black holes. The waveforms were produced with
the IMRPhenomB [41] model: a phenomenological, non-
precessing, spinning binary black hole template family,
which tracks the coalescence from late inspiral to ring-
down. In this configuration, the spin vectors (χ1 and
χ2) are aligned/anti-aligned with the angular momentum
of the binary system. The waveforms are parametrized
by three physical parameters: the component black hole
masses m1, m2, and the mass weighted spin parameter
χs,

χs =
m1χ1 +m2χ2

m1 +m2

. (1)

The waveforms do not include the effects of non-aligned
spin-orbit coupling, but do account for aligned / anti-
aligned spin-orbit interaction, such as the orbital hang-
up effect [42].
To determine the false alarm rate, we time shifted the

data from one or more detectors well beyond the light
travel time of 10 ms between H1 and L1. We imposed
a minimum shift of 5 seconds to remove inter-site corre-
lations which could be due to a real gravitational-wave
signal in the data. We did not introduce time shifts be-
tween data from the co-located H1 and H2 detectors,
since the background should account for site-specific cor-
relations [13]. We applied 100 equally spaced time shift in
the ringdown and the IMR-templates searches, and 600
in the CWB search. We declared an injection detected
if a coincident event was identified within 100 ms of the
nominal injection time. This interval is long enough to
account for the uncertainty in identifying the arrival time
of a signal, where the arrival time is the maximum am-
plitude of the waveform.
Each pipeline ranked all the events and assigned a false

alarm rate by comparison with its native background
ranking statistics.
We evaluated detection efficiency and sensitive dis-

tance (as defined in section V) for a range of measurable
false alarm rate thresholds. We quote the results for a
false alarm rate threshold of 3 events per year which is in
the middle of this range. We made sure that the searches
use consistent data after the application of data quality
vetoes, with small differences due to technical details in
the veto implementation [31].

V. RESULTS

A. Target parameter space

In this study, we partitioned the parameter space ac-
cording to the total mass of the binary system. Set A in-
cludes systems with total mass between 25 and 100 M!,
as searched by IMR-templates [13, 14]. Set B consists of
total mass between 100 and 350 M!, which overlaps the
parameter space searched by the CWB algorithm [16, 17].

We restricted the total mass to below 350 M! as the
peak detectable frequencies from the ringdown for some
of the spin configuration is below 40 Hz for mass above
350 M! [41, 43], and thus is subject to unacceptable or
ill-defined uncertainties arising from calibration [30].
Simulated signals are uniformly distributed in total

mass (m), mass ratio (q), and dimensionless spin param-
eter χs, in the intervals listed in Table I. This distribu-
tion is not meant to reproduce the expected astrophysical
distribution of binary black hole sources, but rather to
probe a wide physical parameter space and evaluate the
efficacy of each pipeline in detection. The injections are
logarithmically distributed in distance. No correction to
the waveform due to redshift at cosmological distances
is included, as this effect is expected to be small (z <=
0.1) at the reach of initial detectors. Injections are also
uniformly distributed in sky location, polarization and
inclination of the binary relative to Earth.
We analyzed ∼25000 injections; due to the limitations

of the search (i.e. reduced efficacy of χ2 above 100 M!

as discussed in section III), we used the IMR-templates
search only for the lower mass set of injections. We per-
formed ringdown matched filter and CWB analyses on
both injection sets.

TABLE I. Simulated waveform parameters.

Total Mass (M!), m: Set A 25 – 100

Total Mass (M!), m: Set B 100 – 350

Mass Ratio (both sets), q: 0.1 – 1

χs (both sets) -0.85 – 0.85

Distance (Mpc) (both sets) 0 – 2000

Fig. 2 and 3 show the expected range as a function
of total mass, mass ratio and spin parameter. The ex-
pected range is calculated by averaging the distances over
extrinsic parameters such as sky position and inclination
of the binary black holes for which the network signal-to-
noise ratio (SNR) is 12, following the prescription used
in [44]. The SNR is estimated from the median value of
the amplitude spectral density of the instrumental noise
in Fig. 1.
Fig. 2 illustrates that the expected range is higher for

symmetric mass binary black holes compared to asym-
metric mass system for the same total mass. This is
consistent with the fact that the SNR of the signal is
proportional to its amplitude divided by the square-root
of its duration in time. For a binary black hole, the

gravitational-wave amplitude is proportional to
q

(1 + q)2
,

while the time duration is proportional to
(1 + q)2

q
, hence

SNR is proportional to

√
q

1 + q
[45]. Fig. 3 illustrates that

the expected range is higher for aligned than anti-aligned
spin configurations, since systems with aligned spins stay
longer in orbit until merger, hence get more relativis-

Sensitive volume for matched filter vs burst searches, 
compared at FAR of 3 events/year
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Intermediate Mass Binary Black Holes (100-1000 M☉) 
Projected Performance of Coherent WaveBurst 2G

14

Preliminary: study of SNR 
losses [%] of burst cWB-2G 

compared to matched 
optimal filter

13

IMPACT OF SNR LOSSES ON SEARCH RANGE

● SNR losses decrease the search range 
● Compared cWB search ranges Reff to the ideal ranges Rid which would have been obtained 

 performing an optimal matched-filter 

  

H1J1L1V1 
EOBNRv2 HM

LIMITED IMPACT OVER MOST
OF THE INVESTIGATED MASS BINS

LARGER DISCREPANCY IN THE
LOW-MASS REGIME DUE TO

LONG DURATION OF INSPIRAL
 WITHIN 2G DETECTOR BANDWIDTH

Mazzolo et al,  Amaldi 2013

9

SEARCH RANGES ON SIMULATED DATA

H1J1L1V1 
EOBNRv2 HM

H1J1L1V1

MAX RANGE:               3.0 Gpc  (z ~ 0.9)
AVERAGE RANGE:      1.8 Gpc  (z ~ 0.5)

(comoving distances)

  Early H1L1

MAX RANGE:               0.7 Gpc  (z ~ 0.2)
AVERAGE RANGE:      0.4 Gpc  (z ~ 0.1)

(comoving distances)

COMPARABLE PERFORMANCES ON THE TESTED 2G NETWORKS
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Identification of BBH Merger Phenomenology 
Through Principal Component Analysis

15

a.k.a. BHextractor: black hole evidence-extractor

• Logue, J. et al. 2012: Bayesian model selection technique (SMEE: Supernova Model Evidence 
Extractor) to identify supernova core-collapse mechanism from generic features in GW signal

• Can we do something similar with BBH signals?
• Rapid identification of BBH GW phenomenology (spin, no spin, precession, ...) - e.g. 

distinguish between detected signals from spinning/non-spinning/precessing systems
• Waveform reconstruction

• Preliminary proof-of-concept to distinguish BBH signal morphologies with SMEE-like 
techniques 

• Could extend to SN vs. BBH, difficult-to-model GW signals with existing NR simulations (e.g., 
post-BNS merger bursts), detector characterization (common instrumental glitch morphology)...

Clark et al., arXiv:1406.5426
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Principal Component Analysis

• For a catalogue with N waveforms, each M samples long
• We arrange each waveform into columns of an MxN matrix

16

PCA & Bayesian Model Selection for GWs

• Problem: identify classes of GW signals in the absence of analytic models!

• Solution: construct ‘catalogues’ of simulated signals of the same class to form basis!

• Principle component analysis (PCA) tells us how to construct basis:!

1. Arrange N simulated waveforms into a catalogue matrix M 
2. Compute covariance matrix C~MTM 
3. Find eigenvectors V, eigenvalues diag(D) of covariance matrix C:  V-1CV=D 
4. Sort eigenvector matrix in descending eigenvalues V -> Vsorted!
5. Project sorted eigenvector matrix onto catalogue to find principle components (PCs): 

U=MVsorted!

• The PCs are a basis from which any waveform h in M can be reconstructed: 

• Parameter estimation problem is to find posterior probability distribution of β!
• Bayesian model selection is performed by comparing relative posterior probabilities for 

catalogues M1, M2 etc:

h =

NX

i=1

�iui ⇡
kX

i=1

�iui for k < N

‘Bayes Factor’

‘evidence’

B1,2 =
p(D|M1)

p(D|M2)
=

R
B1

d� p(�|M1)p(D|�,M1)R
B2

d� p(�|M2)p(D|�,M2)

• With Singular Value Decomposition of A, we find the principal components, 
i.e. a basis from which any waveform in A can be reconstructed as: 
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Bayesian Model Selection

• The parameter estimation problem is now to find the posterior probability 
distribution of β 

• Bayesian model selection is performed by comparing relative posterior 
probabilities for different catalogues M1, M2 etc:

• Here, M1 and M2 are the different waveform catalogues, containing different 
physics  (these models can also be the ratio of the likelihood that the data 
contains a signal versus noise only)
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PCA & Bayesian Model Selection for GWs

• Problem: identify classes of GW signals in the absence of analytic models!

• Solution: construct ‘catalogues’ of simulated signals of the same class to form basis!

• Principle component analysis (PCA) tells us how to construct basis:!

1. Arrange N simulated waveforms into a catalogue matrix M 
2. Compute covariance matrix C~MTM 
3. Find eigenvectors V, eigenvalues diag(D) of covariance matrix C:  V-1CV=D 
4. Sort eigenvector matrix in descending eigenvalues V -> Vsorted!
5. Project sorted eigenvector matrix onto catalogue to find principle components (PCs): 

U=MVsorted!

• The PCs are a basis from which any waveform h in M can be reconstructed: 

• Parameter estimation problem is to find posterior probability distribution of β!
• Bayesian model selection is performed by comparing relative posterior probabilities for 

catalogues M1, M2 etc:

h =

NX

i=1

�iui ⇡
kX

i=1

�iui for k < N

‘Bayes Factor’

‘evidence’

B1,2 =
p(D|M1)

p(D|M2)
=

R
B1

d� p(�|M1)p(D|�,M1)R
B2

d� p(�|M2)p(D|�,M2)

PCA & Bayesian Model Selection for GWs

• Problem: identify classes of GW signals in the absence of analytic models!

• Solution: construct ‘catalogues’ of simulated signals of the same class to form basis!

• Principle component analysis (PCA) tells us how to construct basis:!

1. Arrange N simulated waveforms into a catalogue matrix M 
2. Compute covariance matrix C~MTM 
3. Find eigenvectors V, eigenvalues diag(D) of covariance matrix C:  V-1CV=D 
4. Sort eigenvector matrix in descending eigenvalues V -> Vsorted!
5. Project sorted eigenvector matrix onto catalogue to find principle components (PCs): 

U=MVsorted!

• The PCs are a basis from which any waveform h in M can be reconstructed: 

• Parameter estimation problem is to find posterior probability distribution of β!
• Bayesian model selection is performed by comparing relative posterior probabilities for 

catalogues M1, M2 etc:

h =

NX

i=1

�iui ⇡
kX

i=1

�iui for k < N

‘Bayes Factor’

‘evidence’

B1,2 =
p(D|M1)

p(D|M2)
=

R
B1

d� p(�|M1)p(D|�,M1)R
B2

d� p(�|M2)p(D|�,M2)
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The Experiment
• Categorize NR BBH signals 

according to phenomenology: 
non-spinning (Q), spinning (HR), 
spinning & precessing (RO3)

• Perform PCA on each catalog to 
form models

• Inject population of waveforms 
from each catalogue into 
Gaussian noise (aLIGO design 
spectrum)

• Perform Bayesian model selection 
and reconstruct waveforms

• Focus on distinguishing between 
catalogs

18

The Experiment

• Categorise NR BBH signals according 
to phenomenology: !

• non-spinning (Q), spinning (HR), 
spinning & precessing (RO3)!

• Perform PCA on each catalogue to 
form models!

• Monte-Carlo study:!

• Inject waveforms from each 
catalogue into Gaussian noise 
(aLIGO design spectrum)!

• Characterise ability to perform 
Bayesian model selection and 
reconstruct waveforms!

• Preliminary results here use optimal 
source location/orientation and assume 
total mass & waveform peak time is 
known.  SNR=50.!

• Focus on distinguishing catalogues

S1

S2

Θ

The Experiment

Name: Q HR RO3

Mass ratio, q: 1-2.5 1-4 1.5-4

Spin, a: 0 0.0-0.9 0.4, 0.6

Tilt angle, Θ: 0 0 45

N waveforms: 13 15 20

• Categorise NR BBH signals according 
to phenomenology: !

• non-spinning (Q), spinning (HR), 
spinning & precessing (RO3)!

• Perform PCA on each catalogue to 
form models!

• Monte-Carlo study:!

• Inject waveforms from each 
catalogue into Gaussian noise 
(aLIGO design spectrum)!

• Characterise ability to perform 
Bayesian model selection and 
reconstruct waveforms!

• Preliminary results here use optimal 
source location/orientation and assume 
total mass & waveform peak time is 
known.  SNR=50.!

• Focus on distinguishing catalogues

S1

S2

Θ

Preliminary'results'here'use'op,mal'source'

loca,on/orienta,on'and'assume'total'mass'&'

waveform'peak',me'is'known.''250'Msol,'SNR=50.



LIGO-G1400753 /33University of Rome, La Sapienza - July 14, 2014

How Many Principal Components?

• Aim to use as few PCs as 
possible while remaining able 
to faithfully reconstruct signals: 
avoids over-fitting, reduces 
computational cost of evidence 
integrals

• Cumulative eigenvalue energy 
content:

• D is the eigenvalue matrix
• Find k: E[k]>=0.9
• then k PCs represent 90% of 

the variance in the catalog

19

PCA & Bayesian Model Selection for GWs

• Problem: identify classes of GW signals in the absence of analytic models!

• Solution: construct ‘catalogues’ of simulated signals of the same class to form basis!

• Principle component analysis (PCA) tells us how to construct basis:!

1. Arrange N simulated waveforms into a catalogue matrix M 
2. Compute covariance matrix C~MTM 
3. Find eigenvectors V, eigenvalues diag(D) of covariance matrix C:  V-1CV=D 
4. Sort eigenvector matrix in descending eigenvalues V -> Vsorted!
5. Project sorted eigenvector matrix onto catalogue to find principle components (PCs): 

U=MVsorted!

• The PCs are a basis from which any waveform h in M can be reconstructed: 

• Parameter estimation problem is to find posterior probability distribution of β!
• Bayesian model selection is performed by comparing relative posterior probabilities for 

catalogues M1, M2 etc:

h =

NX

i=1

�iui ⇡
kX

i=1

�iui for k < N

‘Bayes Factor’

‘evidence’

B1,2 =
p(D|M1)

p(D|M2)
=

R
B1

d� p(�|M1)p(D|�,M1)R
B2

d� p(�|M2)p(D|�,M2)

• Cumulative energy content over 
eigenvectors:!

• D is the eigenvalue matrix!

• Use find (e.g.,) k: E[k]=0.9!

• then k PCs represent 90% of the 
variance in the catalogue

• Any waveform in the catalogue can be constructed by the appropriately weighted sum of PCs!

• Aim is to use as few PCs as possible while remaining able to faithfully reconstruct signals!

• Avoids over-fitting, reduces computational cost of evidence integrals

Choosing The Number Of PCs For Each 
Catalogue

E[k] =

Pk
i=1 D[i, i]

PN
j=1 D[j, j]

h =

NX

i=1

�iui ⇡
kX

i=1

�iui for k < N
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Q catalog: non-spinning
13 waveforms, 2 PCs

20

Analysis 

Data Set

❖ Two months of 5th science run of LIGO.




❖ H1H2L1 detector network.




❖ Non-precessing spinning signals parametrized by total 

mass (M), mass ratio (q) and  effective spin parameter (xs) 

(Ajith et al. 2009).




❖ Chosen parameter space: based on the target parameter 

space of the analysis pipelines.




❖ Focus on upper-mass end of stellar mass BBH and IMBBH  
in this study.

�6

❖ S5 and S6 share similar PSDs.

❖ S5 was worse in the bucket but at low 

frequency was actually better than S6.

❖ The detectors LIGO only network over the 

whole S5+S6 is the network with largest 
observational time. 
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HR catalog: spinning
15 waveforms, 4 PCs

21

Analysis 

Data Set

❖ Two months of 5th science run of LIGO.




❖ H1H2L1 detector network.




❖ Non-precessing spinning signals parametrized by total 

mass (M), mass ratio (q) and  effective spin parameter (xs) 

(Ajith et al. 2009).




❖ Chosen parameter space: based on the target parameter 

space of the analysis pipelines.




❖ Focus on upper-mass end of stellar mass BBH and IMBBH  
in this study.

�6

❖ S5 and S6 share similar PSDs.

❖ S5 was worse in the bucket but at low 

frequency was actually better than S6.

❖ The detectors LIGO only network over the 

whole S5+S6 is the network with largest 
observational time. 
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The Experiment

• Categorise NR BBH signals according 
to phenomenology: !

• non-spinning (Q), spinning (HR), 
spinning & precessing (RO3)!

• Perform PCA on each catalogue to 
form models!

• Monte-Carlo study:!

• Inject waveforms from each 
catalogue into Gaussian noise 
(aLIGO design spectrum)!

• Characterise ability to perform 
Bayesian model selection and 
reconstruct waveforms!

• Preliminary results here use optimal 
source location/orientation and assume 
total mass & waveform peak time is 
known.  SNR=50.!

• Focus on distinguishing catalogues

S1

S2

Θ

RO3 catalog: precessing
20 waveforms, 5 PCs
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Classification
HR injections

• Recover with Q, HR, RO3
• log(Bayes factors)~relative probability between injected model and X

23

Red'='median

Box'='interquar,le'range'in'

50'noise'realiza,ons

Best match generally occurs for preferred catalog

• Nested Sampling algorithm returns Bayesian evidence & samples from β-posterior PDF
• Reconstruct waveform from max-likelihood βs for each model 
• Compute match for reconstructions and injected waveform:

log(B)<0: 
HR preferred to X
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Status

• Tantalizing signs that a handful of NR simulations is sufficient to form principal 
components which allow discrimination of BBH phenomenology

• Preliminary Monte-Carlo studies are encouraging: model selection works with 
~90% success rate, best reconstructions occur for the most probable 
catalogue

• Limited studies so far: only first 10 waveforms from each catalogue injected, 
fixed SNR=50. Results are encouraging.

• Currently scaling up this study to more waveforms/statistics, refine catalogue 
choices, experiment with analytic (EOB) waveforms

24



Semi-Modeled Analysis:
Post-Merger Oscillations
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Neutron Star Equation of State

• Relation between the density of matter and its pressure: how squeezable 
matter is.
• water has a stiff EoS (can change the shape, but not the volume). 
• steam has a soft EoS (can change volume with a little pressure). 

• For a neutron star, knowledge of the mass and radius would tell us the 
equation of state. The more mass the star has the more gravity squeezes it. 
For a given mass:
• If the star has a large radius (~15 km), it was relatively successful in 

resisting gravity and thus has a very stiff equation of state. 
• If the star has a small radius (~ 8 km), it was not as successful in resisting 

gravity and it has a softer equation of state. 

26
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Post-Merger Oscillations
Late inspiral post-merger signal

Bauswein, Janka, PRL 108, 011101 (2012)

27

• HMNS emits short (10-100ms) burst ~2-4 kHz.  BH ringdown ~6-7 kHz.
• Determination of post-merger oscillation frequency constrains the Neutron Star’s Equation of 

State (EoS): stars with a stiff EoS are less dense, have lower fpeak. 
• SNR dependent on EOS, mass configuration, NR code, ... SNR~5 @ few - 20 Mpc

“Numerical Simulations of Gravitational Waves with Matter” (M.Shibata 2012)

http://online.kitp.ucsb.edu/online/chirps_c12/shibata/
http://online.kitp.ucsb.edu/online/chirps_c12/shibata/
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Analysis 
Procedure

28

Clark et al. 
arXiv:1406.5444

• Analysis triggered by a BNS-inspiral 
detection, O(100) BNS/year

• Detection criterion: 3-σ after 100 trials: 
FAP~10-5

• SNR-averaged PSD reconstructed by 
CWB (1G) in each IFO. 

• Model prompt (BH) and delayed (NS) 
collapse spectra as power law, power 
law + Gaussian.

• Bayesian Information Criterion as 
evidence ratio:

BNS search

Burst search
1.5 - 4 kHz

Tobs=100 ms

Bayes Information 
Criterion

i.e. model selection
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An Example of Delayed Collapse
(Shen EoS, stiff)
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by cWB

L

H

V

SNR-averaged 
PSD

Clark et al. 
arXiv:1406.5444

PSD



LIGO-G1400753 /33University of Rome, La Sapienza - July 14, 2014

An Example of Prompt Collapse
(SFHo EoS, soft)
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Clark et al. 
arXiv:1406.5444
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Detectability and Classification
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prompt 
collapse

Clark et al. 
arXiv:1406.5444
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Peak Frequency Estimation
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Clark et al. 
arXiv:1406.5444
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Summary

1. Gravitational Wave Bursts: how we look for them and the challenge of glitch 
hunting

2. “Burst First”: Binary Black Hole Coalescences
3. Post-Merger Oscillations
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