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Current and future challenges in 
gravitational wave astronomy  

(and physics) 
Lecture 1 ~ Introduction 



Logistics 
Schedule 

Location:  U2 - 2016 

Time: 10:30 am -12:30 pm  

Week 1: 

Tuesday,  April 21: Introduction 

Thursday*, April 23: Fermi Estimates and Dimensional Analysis 

Week 2: 

Tuesday, April 28: Post Newtonian Binaries 

Thursday*, April 30: Stationary Phase Approximation and Waveform Approximants 

Week 3: 

Tuesday, May 5: Bayesian Overview  

Friday, May 8: Binary Parameter Estimation 

Week 4: 

Tuesday, May 12: Fisher Analysis and Principal Component Analysis 

Friday, May 15: Wrap up and Gravity Beyond GR 

Materials will be posted to the git repo: github.com/cbo17/CFCGWA_UNIMIB/ 

Recordings will be posted to: elearning.unimib.it/

Exam 

(Only for the PhD students taking the course for credit) 

10-minute presentation on your own research or a published paper discussing 
how it relates to the techniques or topics we have discussed in this class 

2 minutes for questions 

Note: I will be leaving Milan sometime in June, so we will need to schedule all 
exams before then 
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“Approximate integration of the 
field equations of gravitation” 

1916 and 1918: Einstein claims the existence of gravitational waves

“On gravitational waves” 

Three types of waves: 

‣ longitudinal-longitudinal 

‣  transverse-longitudinal 

‣ transverse-transverse
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Historical overview 
1956: Felix A. E. Pirani: gravitational waves move particles as they pass through 

1957: Chapel Hill Conference (GR1): Do gravitational waves carry energy? 

R.P. Feynman: Yes. (Sticky beads argument) 

“I was surprised to find that a whole 
day of the conference was spent on 
this issue and that ‘experts’ were 
confused. That’s what happens 
when one is considering energy 
conservation tensors, etc. instead of 
questioning, can waves do work?” 

~ R.P. Feynman
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Historical overview
1970s-1980s: Interferometer detectors are proposed

1984: LIGO (Laser Interferometer Gravitational-wave Observatory) is founded

1989: Virgo is founded

Late 1990s-early 2000s: First-generation detectors are built (LIGO, Virgo, GEO)

Early 2010s: Second-generation upgrades (Advanced LIGO, Advanced Virgo)

2020: KAGRA is completed in Japan, LIGO-Virgo-KAGRA Collaboration 

LIGO Virgo KAGRA
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Historical overview
September 2015: The first direct observation of a 
gravitational wave: GW150914

February 2016: The detection is announced to 
the public

December 2017: The Nobel prize is awarded to 
Rainer Weiss, Barry Barish, Kip Thorne, “for 
decisive contributions to the LIGO detector and 
the observation of gravitational waves”



Historical overview 
June 2023: Pulsar timing array collaborations ( NANOGrav, EPTA, PPTA, InPTA, CPTA) find evidence for a gravitational wave background 



The LVK Collaboration today 

Gravitational Wave Transient Catalogs 
GWTC-1: O1 + O2 
GWTC-2: O1 + O2 + O3a   
GWTC-3: O1 + O2 + O3a + O3b  
GWTC-4: O1 + O2 + O3a + O3b + O4a 
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Gravitational wave equation

Rμν −
1
2

gμνR =
8πG
c4

Tμν

gμν = ημν + hμν

ημν = diag(−1,1,1,1)

hμν ≪ 1

□ h̄μν = −
16πG

c4
Tμν

Trace reverse:  

Lorenz gauge: 

h̄μν = hμν −
1
2

hημν

∂μh̄μν = 0
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Polarizations 

hμν(t) =

0 0 0 0
0 h+(t) h×(t) 0
0 h×(t) −h+(t) 0
0 0 0 0

Propagation  
direction: ⊙45° 

Gravitational waves are transverse, traceless, and the metric is always symmetric:

For a binary with phase evolution : ϕ(t)

h+(t) = A(t)cos [2ϕ(t)] h×(t) = A(t)sin [2ϕ(t)]

Propagation  
direction: ̂z

Solving the geodesic deviation equation gives us the relative motion of test particles:
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What is h?

L

ΔL

h ∼
ΔL
L ∼ 10−22 (For compact binaries observed  

by the LVK Collaboration) 
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Detector responce 
h+,×(t) = h+,×(t, m1, m2, χ1, χ2, tc, ϕc, DL, ι, . . . )

F+ F×

Funpolarized

F+,×(t) = F+,×(t, tc, α, δ, ψ)
Antenna pattern functions: 

intrinsic extrinsic

h(t) = h+(t)F+(t) + h×(t)F×(t)

The polarizations projected 
onto the detector: 

θ = (m1, m2, χ1, χ2, tc, ϕc, DL, ι, α, δ, ψ, . . . )



The GW spectrum 
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Why compact binaries?
Theoretical reasons  

‣ Compact binary systems are extremely relativistic and exist in a physical regime we 
don’t have access to on Earth 

https://www.youtube.com/watch?v=p43sb92YOww
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Post-

 Newtonian!

Gm/rc2 ≪ 1(v/c)2 ≪ 1 and
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Waveform modeling
‣ Phenomenological: 

‣ Computed directly in the frequency domain 

‣ PN + coefficients fit to NR 

‣ Effective-one-body: 

‣ Single body in an effective potential 

‣ PN/NR/BH perturbation 

‣ Surrogate: 

‣ Interpolate between NR Simulations 

‣ Incorporate PN/BH perturbation to deal with inspiral/ringdown 
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ã( f )b̃*( f )

Sn( f )
df

signal = h(i, θ) p(noise) ∝ exp [−
1
2 (d − h(θ) d − h(θ))]

(a |b) = aiC−1
ij b*i

i, j ∈ 1,..., ∼ 104

 is the power spectral density (PSD)Sn( f )

σ2( f ) = ⟨ñ( f )ñ*( f )⟩
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Detector frame vs source frame
Our waveforms do not assume any cosmology. We measure what the source 
parameters would have been if the wave had traveled through a flat, static universe 
(detector-frame parameters). However…

The frequency is shifted by cosmic expansion: fdet = fsrc/(1 + z)

So is the perceived distance from the source: DL = (1 + z)DC

The leading order term of the strain is: h ∼
m5/3

det f2/3
det

DL

So the total mass we measure is: mdet = (1 + z)msrc
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Useful links 
"Gravitational Waves from Merging Compact Binaries: How Accurately Can One Extract the Binary's 
Parameters from the Inspiral Waveform?” 

(https://arxiv.org/abs/gr-qc/9402014) 

“The basics of gravitational wave theory”  

(https://arxiv.org/abs/gr-qc/0501041) 

Handbook of Gravitational Wave Astronomy  

(https://link.springer.com/referencework/10.1007/978-981-16-4306-4) 

“A Brief History of Gravitational Waves”  

(https://arxiv.org/abs/1609.09400) 

“An introduction to Bayesian inference in gravitational-wave astronomy”  

(https://arxiv.org/abs/1809.02293 

“Gravitational-wave sensitivity curves”  

(https://arxiv.org/abs/1408.0740)

https://arxiv.org/abs/gr-qc/9402014
https://arxiv.org/abs/gr-qc/0501041
https://link.springer.com/referencework/10.1007/978-981-16-4306-4
https://arxiv.org/pdf/1609.09400
https://arxiv.org/abs/1809.02293
https://arxiv.org/abs/1408.0740

