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Abstract

Independent component analysis (ICA) is a method of extracting a set of time-series data based on the statistical
independence of each component. We applied ICA to extract gravitational wave (GW) signals directly from the
detector data. The idea is to extract a coherent signal that is included in multiple detectors and find it by shifting
the data set around its arrival time. In this article, we present the results of several tests involving injected signals,
and demonstrate that this method is effective for inspiral-wave events with a signal-to-noise ratio (SNR) of greater
than 15. We then applied the method to actual LIGO-Virgo-KAGRA O1-O3 events (high-SNR binary black
hole events), and demonstrated that the arrival time could be identified more precisely than had been reported
previously. This approach does not require waveform templates, making it attractive for testing theories of gravity,
and for detecting unknown GWs.
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1 Introduction

A decade has passed since the LIGO-Virgo collabora-
tion made the first detection of a gravitational wave
(GW), known as GW150914 [1]. The LIGO-Virgo-
KAGRA (LVK) collaboration has reported 90 GW
events in the GWTC-3 catalogue, which is the result
of the O3 observing run which ended in March 2020
[3]. The catalogue comprises 90 events from compact
binary coalescence (CBC), 85 of which are from bi-
nary black holes (BHs). The LVK collaboration plans
to announce the next catalogue in the coming months,
in which we expect the number of detections to double
1. In short, we are entering an era of GW astronomy.

As the number of events increases, various aspects
of astronomy and physics can be explored. For exam-
ple, it is unclear how super-massive BHs are formed in
the center of galaxies. This problem requires an un-
derstanding of BH formation processes, including its
formation and merger rates, which can be explained
by the statistics of GW detections (see the references
in [4, 5]). We are unsure how general relativity (GR)
is consistent with quantum theory. This viewpoint re-
quires the validity of GR, which can be best tested in
strong-gravity regimes, such as the merger of BHs (see
the references in [6, 7]).

GW signals are very weak and are often obscured
by the noisy outputs of detectors. The main method
of detecting GWs from CBCs is analysis based on
matched-filtering. This method uses a template bank
of waveforms and which measures the correlation be-
tween a template and the observed signal. The LVK
collaboration currently uses their detection pipelines
based on this “modeled search”, named LALInference
[8], GstLAL[9], MBTA[10], PyCBC [11], Bilby[12] and
SPIIR[13]. However, this method is based on a pre-
pared set of templates and is ineffective for others.
LVK also uses their pipelines with an “unmodeled
search”, such as cWB[14], oLIB [15], and MLy[16].
This method searches for coherent excess power signals
in multiple detectors and produces a time-frequency
diagram for the initial bet.

While there are various approaches as mentioned
above, we would like to propose a new method that
belongs to the latter category. Our aim is to obtain
the waveform itself through “unmodelled search”. If
we could identify GW signals without using prepared
templates, then we could test gravity theories (includ-
ing GR) systematically. We could also feed back into

modeling supernova explosions, stochastic events etc,
and also it would be possible to discover previously un-
known types of gravitational wave. Several new ideas
have been proposed in this regard. One idea is to
process time series data using mathematical and/or
statistical techniques. Another idea is to use machine
learning approaches (see the comparison of these tech-
niques for extracting ringdown mock data [7] and the
references therein).

In this article, we introduce independent compo-
nent analysis (ICA) as a method of extracting GW
signals directly from detector output data. ICA is a
method of separating a set of time series data into new
components, each of which has “statistical indepen-
dence” (see the review by Hyvärinen et al. [17, 18]).
A well-known example is “blind signal separation,” a
method used to identify the voices of n people at a
cocktail party from mixed sound files recorded by n
microphones. See [19] for the case of n = 10. ICA
provides a linear representation of non-Gaussian data,
ensuring that the components are statistically inde-
pendent or as close to it as possible. The fundamental
measure is the degree of separation from the Gaussian-
ity. Therefore, in GW data analysis, we can expect
that GW extraction using ICA to be effective, at least
when the background noise is Gaussian.

We highlight the differences between ICA and prin-
cipal component analysis (PCA) of which applica-
tions to GW analysis have been reported recently
[20, 21, 22, 23]. Both aim to extract data in a lower-
dimensional space from the original data, but their
criteria differ. PCA is based on the principle of uncor-
relation, which maximizes the variance of the data.
ICA, on the other hand, is based on statistical in-
dependence; in other words, no information can be
obtained from other components. This is a stronger
requirement than uncorrelation. PCA is suitable for
dimensional reduction capturing the main direction of
large variance, data visualization and noise removal,
whereas ICA is effective for separating mixed signals
and extracting hidden independent components.

The use of ICA for GW data analysis was first re-
ported by De Rosa et al. [24]. They demonstrated
ICA for injected signals in mimicking two interferom-
eter data and reported that preprocessing ICA before
applying the matched filtering technique reduces the
level of noise (thereby increasing the signal-to-noise ra-
tio (SNR)). Morisaki et al. proposed the application
of ICA to non-Gaussian noise subtraction [26]. Using

1While we are preparing this article, the LVK collaboration released their new catalogue, GWTC-4.0, which is the result of the first
period of the O4 observing run (O4a) which ended in January 2024 [28, 29, 30]. This catalogue includes 86 new events, 84 of which
are from binary BHs.
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their idea, the KAGRA collaboration reported an ap-
plication to their real data (iKAGRA data in 2016) to
obtain an enhanced SNR using physical environmental
channels (i.e. seismic channels) as known signals[25].

In this article, we present our attempts to extract
GW signals directly using ICA. We demonstrate how
injected data can be extracted from Gaussian noise or
real detector output, and present our trials with ac-
tual GW event data. GW events are fundamentally
identified using the coherence of multiple interferome-
ters, taking into account the difference in arrival time
(up to 10 ms between Livingston and Hanford and
30 ms between Hanford and Virgo). We have devel-
oped a tool for extracting real GW signals by shifting
the multiple-detector dataset around its arrival time.
Consequently, the arrival time differences between the
detectors can be estimated more precisely than was
previously reported.

The remain of this report is structured as follows.
In Section 2, we explain the fundamental concept of
ICA and our basic procedures. In Section 3, we present
some tests using injected data for Gaussian noise and
actual detector noise. In Section 4, we present the re-
sults of the extractions of GW from binary black-hole
mergers in O1-O3. Our conclusions and outlook are
presented in Section 5.

2 Independent Component
Analysis

2.1 The fundamental procedures of
ICA

Suppose we receive the time-series signal x(t) ≡
(x1(t), · · · , xn(t))

T with n detectors from n source sig-
nals s(t) ≡ (s1(t), · · · , sn(t))T , and they are mixed
linearly by

x(t) = As(t), (1)

where A is a time-independent matrix that represents
the superposition of source signals. ICA is a method
for extracting a (candidate) signal s̃(t) from x(t).

We write the problem as

s̃(t) = Wx(t), (2)

and set the goal to find a time-independent matrix W ,
so as s̃(t) contains meaningful signal information. We,
heareafter, call x(t) and s̃(t) input signals (to ICA)
and output signals (from ICA), respectively.

In the GW case, we expect that a real GW signal
is commonly included in all components of x(t). Our

goal is to find a GW signal in a single component of
the output signal s̃(t), whereas the other components
are noise.

ICA uses the idea of “statistical independence” of
each source signal component s̃. Roughly speaking,
“statistical independence” can be evaluated as how far
from Gaussianity. (Hence, ICA is not appropriate for
extracting Gaussian signals since their superposition
is Gaussian.)

A standard method of ICA starts from whitening
the input data, which we mean that x(t) is trans-
formed to z(t) so as to have no-correlation and its
variance unity, where we write

z(t) = V x(t). (3)

We then write i-th component of s̃(t) as

si(t) = wT
i z(t), (4)

where wi is i-th row of W . The objective is to find
W as it gives si(t) with (mostly) statistical indepen-
dence.

One possible measure of non-Gaussianity is to use
the kurtosis of wT

i z, and a well-known algorithm (Fas-
tICA) was first developed using kurtosis to find wi

using an iterative method (see Appendix A for fur-
ther explanation). However, this method is known to
be sensitive to outliers. We also met this fact, and
decided to use alternative FastICA known as the g-
function method, which uses a mimic function to the
kurtosis. The target procedure is to find wi that sat-
isfies

wi = E[zg(wT
i z)]− E[g′(wT

i z)]wi (5)

where g(y) = tanh y.
Our procedure can be summarized as follows. Let

p be the number of iterations.

1. Whiten the data x(t) using the power spectral
density of each detector and apply filtering if
necessary.

2. Normalize x(t) to z(t) (mean zero, variance one).
[eq. (3)]

3. Set index i = 1.

4. Randomly choose an initial weight matrix w
(p)
i .

5. Obtain w
(p+1)
i from (5) as

w
(p+1)
i = E[zg(w

T (p)
i z)]− E[g′(w

T (p)
i z)]w

(p)
i .
(6)
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6. Orthogonalize w
(p+1)
i from the other compo-

nents,

w̃
(p+1)
i = w

(p+1)
i −

i−1∑
j=1

(w
T (p+1)
i wj)wj . (7)

7. Normalize w̃
(p+1)
i asw

(p+1)
i = w̃

(p+1)
i /∥w̃(p+1)

i ∥.

8. If w
(p+1)
i does not converge to the previous w

(p)
i ,

then return to (v).

9. Set i to i+ 1. If i is smaller than the number of
components of x, then return to (iv).

To confirm that our converged wi was unique, we
repeated the procedure at least five times, changing

the initial trial weight matrix w
(p=0)
i (procedure iv).

As we will show later in Figure 5, the converged so-
lution is obtained in most cases within 10-30 cycles
of the iteration, while a different solution was rarely

converged for the initial w
(p=0)
i . We confirmed that

the majority of the five w
(p=0)
i trials indicate realis-

tic signal extraction for all cases, using the detection
criterion A, which is later defined as eq. (10).

Note that the output signals from the ICA do not
have amplitude information because the data are nor-
malized first. The phase of the output signals can be
reversed due to the signature of det(W ). Further stud-
ies are required to identify them. (See Section 5.)

The order of s̃1, s̃2, · · · represents the order of the
independent signals founded by the code. We found
that this order sometimes changes due to the initial

w
(p=0)
i . This order is independent of the amplitude of

the input signal. We also found that the inspiral GW
signal in the ICA output has the largest amplitude, re-
gardless of the order, s̃1, s̃2, · · · . While we believe it is
unnecessary to consider the order, to avoid confusion,
we will present figures showing GW signals are in s̃1.

2.2 Measure for identification of GW

For the injection tests (Sec. 3), we evaluated the out-
put signal by comparing it with the injected signal,
using its waveform and spectrum. When we test with
an injection of an inspiral-wave signal, the waveform
hinsp is

hinsp(t; tc,Mc) = Ainsp

(
5

c(tc − t)

)1/4

× sin

{
−2

(
5GMc

c3

)−5/8

(tc − t)5/8

}
, (8)

where c, G, Mc, tc are the speed of light, gravitational
constant, chirp mass, and merger time, respectively.
The factor of the amplitude Ainsp can be written as

Ainsp = (1/r)
(
GMc/c

2
)5/4

, where r is the distance to
the source. As we analyze later, we work in the de-
tector frame and use Ainsp as a parameter, instead of
the distance, r.

For the real GW extraction (Sec. IV), we com-
pared the components of the output signals s̃i(t), by
defining the “signal strength” A [Eq. (10)] using the
area of the signal in the graph

Ai =

tc∑
t=ts

s̃i(t) ·∆t, (9)

where tc is the time of coalescence and ts = tc−15 ms
for binary black-hole data.

Let s̃1(t) be the candidate of the GW signal and
the others (s̃2(t) for two detector events; s̃2(t) and
s̃3(t) for three detector events) be detector noises. We
evaluate the ratio

A =


A1

A2
for 2 detector event

2A1

A2 +A3
for 3 detector event,

(10)

as “signal strength” to the other remained signals. A
larger A suggests that s̃1(t) has a larger amplitude
than the others.

We also compare the candidate signal s̃1(t) and the
estimated inspiral waveform using the chirp mass Mc

reported in GWOSC (Gravitational Wave Open Sci-
ence Center) website [27], hinsp(t; tc,Mc), by taking
the residuals

R =

tc∑
t=ts

|s̃1(t)− hinsp(t; tc,Mc)|· (11)

Smaller R suggests better extraction than the others.

2.3 Finding the arrival time

One of the key procedures of our proposal involves de-
termining the arrival time of the GW signal at each
detector by continually shifting the input data. While
such an implementation is not necessary for normal ap-
plications of the ICA method, it is necessary for GW
signals.

In this article, we only demonstrate the applica-
tions for known events up to O3, therefore, the merger
time, tc, is taken as a given suggested value. We then
search for the GW signal around tc by shifting the data
from each detector by up to ±30 ms (the approximate
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distance between Hanford and Virgo), and search for
the combination that shows the largest A. As we show
in Table 3, the result of the shifted time, for example,
∆tHL(= tL−tH) between Hanford and Livingston, can
be identified as the difference in GW arrival times, and
its comparison with those in published articles will also
support how our method works.

3 Demonstrations with injected
GW signals

In this section, we discuss how ICA extracts GW us-
ing test problems. The main topic of discussion is the
level at which we can apply ICA for signal extraction,
that is, the applicable characteristics of the signals.

3.1 Injections of inspiral signal to
Gaussian Noise

The first test is the injection of an inspiral-wave signal
in Gaussian noise.

We prepared two different Gaussian-type noises,
n1G and n2G over the flat power-spectral density, and
injected hinsp into them as

Model 1 :

{
x1(t) = n1G(t) + hinsp(t; tc,Mc),
x2(t) = n2G(t) + hinsp(t; tc,Mc).

(12)

If we apply the same Gaussian noise for both x1(t)
and x2(t), then the test is the same as the well-known
blind signal separation problem. Model 1, however, is
somewhat challenging for weakly injected signals.

Table 1: Results of Model 1 [injection of inspiral wave
to the Gaussian noise]: the signal strength A, the fitting
parameter α and β of the Fourier spectrum of the
extracted signal are listed. Note that α = 15.3 and
β = 0.63 for the injected signal.

|hinsp(t = 1)| A α β ref.

5.0 2.21 13.7 0.665 Fig.1(a4)
2.5 1.67 7.53 0.706 Fig.1(b4)
1.0 1.28 −57.5 0.661 Fig.1(c4)

We prepare one-second data with a sampling rate
of 4096, and two Gaussian noises with average ampli-
tudes of |n1G|2 = |n2G|2 = 1. For inspiral signals, we
set Mc = 26.12M⊙, which is of 30M⊙-30M⊙ binary at
the observed frame, tc = 1.0 + 1/4096 (i.e. the mo-
ment of the merger is out of the range), and compare
three cases of its amplitude |hinsp(t = 1)| = 5.0, 2.5,
and 1.0.(Note that the signals are amplified five times
during one second.)

The results for the largest amplitude case are
shown in Figure 1. Figure 1 (a1) shows the input sig-
nals, demonstrating that the inspiral behavior can be
observed by eye at frequencies above 30 Hz. Figure
1 (a2) shows the Fourier spectrum of (a1). Figure 1
(a3) and (a4) show the ICA output results. Please
note that the ICA results do not include information
on the strength of each mode; in other words, the am-
plitude of the output data does not reflect its strength
in the input data.

To see how the extracted signal matches the in-
jected signal we approximate the power spectrum of
the output signal [Figure 1(a4)] with the function
(f − α)−β for f = [20, 300] Hz where α, β are con-
stants, and compare them with those of the injected
signal, (f−15.3)−0.63. A comparison of the three cases
is shown in Table 1. We performed the same extrac-
tion 10 times changing the initial guess of wp ran-

domly each time, and show the average of the fitting
parameters α and β in the table. As expected, when
the amplitude of the injected signals is large, the ICA
clearly identifies the signal. As can be seen in Figure
1(b) and (c), identification is difficult when the ampli-
tude of the injected signal is at the same level as the
noise.

3.2 Injections of GW signal to real de-
tector data

Next, we demonstrate the signal extraction of the in-
jected waves from the real detector data. We used
the detector data around GW150914 (GPS time of
tc = 1126259462.4) of LIGO-Hanford, nH(t), and
LIGO-Livingston, nL(t), which we downloaded from
GWOSC.

We made two tests. One is the injection of a sinu-
soidal wave,

Model 2 :

{
x1(t) = nH(t) + sin(2πft),
x2(t) = nL(t) + sin(2πft)

(13)

and the other is an inspiral wave [eq.(8)],

Model 3 :

{
s1(t) = nH(t) + hinsp(t; t0,Mc),
s2(t) = nL(t) + hinsp(t; t0,Mc).

(14)
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(a1) Input signals with |hinsp(t = 1)| = 5.0. (a2) Fourier spectrum of (a1).

(a3) Output of ICA for (a1). (a4) Fourier spectrum of (a3).

(b1) Input signals with |hinsp(t = 1)| = 2.5. (b2) Fourier spectrum of (b1).

(b3) Output of ICA for (b1). (b4) Fourier spectrum of (b3).

(c1) Input signals with |hinsp(t = 1)| = 1.0. (c2) Fourier spectrum of (c1).

(c3) Output of ICA for (c1). (c4) Fourier spectrum of (c3).

Figure 1: An example of GW extraction using ICA, in the case of Model 1 [eq. (12)], involving the injection of an inspiral
wave into a Gaussian background. Figures are of |hinsp(t = 1)|/|nG(t)| = 5.0 (a1-a4), 2.5 (b1-b4), and 1.0 (c1-c4). We use
data with a length of one second, with t = [0, 1], and tc = 1 + 1/4096.
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Table 2: Results of Model 2 [injection of sinusoidal
wave to the real detector data]: SNR and excess power
spectrum of 213 Hz in the extracted data over the
average of 150-2050 Hz.

SNR to hH SNR to hL excess power ref.
20.8 20.0 7.78 Fig.2(a4)
10.4 10.0 3.76 Fig.2(b4)
5.2 5.0 1.93 Fig.2(c4)

For Model 2, we used dataset of two second around
the merger time of GW150914, and we set f = 213 Hz
which is independent of the known line noises. Figure
2 and Table 2 show the results of Model 2. By changing
the amplitude, we show the cases with signal-to-noise
ratios (SNR) of 20 (Fig.(a)), (b)10 and (c) 5. Figures
(a1), (b1), and (c1) are the input data of x1(t) and
x2(t), with only the central one-second segment dis-
played. Figures (a2), (b2), and (c2) show the Fourier
spectra of (a1), (b1), and (c1), respectively. The model
uses actual detector data with different noise levels and
include a variety of noise types. Therefore, if the same
signal is injected into the Hanford (x1) and Livingston
(x2) data, they will appear different. Figures (a3),
(b3), and (c3) are the outputs of ICA, and (a4), (b4),
and (c4) are their respective Fourier spectra. To judge
whether the injected wave was extracted by ICA, Ta-
ble 2 shows the ratio of the 213 Hz power spectrum to
the average power spectrum between 150 and 250 Hz.
We think the reason for the imperfect separation is
the strong line noise at 60 Hz and 120 Hz in the orig-
inal data. We are confident that the extraction was
effective for cases with an SNR of at least 10.

For Model 3, we used one-second data before one
second of merger time (tc) of GW150914. The injected
inspiral wave is h(t; tc − 1 s, 26M⊙). The results are
shown in Figure 3, using the same notation as in the
previous figures. Note that we filtered over f > 300 Hz
and that the input data had strong line noise at 60 Hz.
The SNR of the injected signal is 20.9 (a1-a4), 16.8
(b1-b4), and 10.5 (c1-c4). The inspiral feature is visi-

ble in the Fourier spectrum of the output data for an
SNR > 15.

4 Applications to real GW ex-
tractions

In this section, we demonstrate GW extractions of the
real events.

4.1 GW150914

Here, we present a detailed analysis of the
GW150914[1] event. This is the first GW detec-
tion and has been well tested as the standard. The
event was observed by the Hanford (H) and Livingston
(L) observatories, and the announced network-SNR in
GWOSC was 26.0.

We used one-second data around tc with a sampling
rate of 4096. As a preprocessing step, we whitened the
data using the power spectral density of each detector
and filtered the data to [20, 300] Hz. By shifting Liv-
ingston’s data every 1/4096 s, we applied ICA with five

different initial weight matrices w
(p=0)
i and searched

the dataset that showed the maximum signal strength
A [eq. (10)]. These calculations took only 90 s on a
laptop to produce the optimal A result.

We determined the maximum A when ∆tHL =
−7.32 ms. Figure 5 shows A as a function of ∆tHL.
The plot includes the results of our five different ini-

tial weight matrices w
(0)
i , and we see that the values

of A are slightly different from the initial value w
(0)
i ,

but the ∆t of the maximum of A is independent of

w
(0)
i , and is uniquely determined. From Figure 5, we

estimate ∆tHL with an error bar of ±0.15 ms (we used
the full width at half maximum (FWHM), which corre-
sponds to a confidence level of 76% for a normal distri-
bution). Note that the LIGO-Virgo paper [1] denotes
∆tHL = −6.9+0.5

−0.4 ms with a 90% C.L. Our number is
consistent with [1] and has a smaller errorbar.

We plot the input data (x1, x2) and output data
(s1, s2) for the largest case of A in Figure 4. For the
output data s1 [in Figure 4(c)], we next searched the
best-matched inspiral waveform, hinsp(t; tc,Mc), by
changing Mc and the amplitude, measuring its resid-
uals, R. We found that Mc = 30.8M⊙ produced the
lowest residuals. This case is shown in Figure 6, and
we can see how output s1 is similar to the expected
inspiral signal.

The GWOSC webpage shows Mc = 28.6+1.7
−1.5M⊙ as

an estimated value in the source frame. Our Mc is in
the observed frame, which differs from the

Mobs
c = M source

c (1 + z) (15)

where z is the redshift parameter of the source. From
the error bars in M source

c in the GWOSC data, we
calculate z (hereafter we denote zICA) as zICA =
0.077 ± 0.06. The redshift z of GW150914 on the
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(a1) Input signals of SNR 20. (a2) Fourier spectrum of (a1).

(a3) Output of ICA for (a1). (a4) Fourier spectrum of (a3).

(b1) Input signals of SNR 10. (b2) Fourier spectrum of (b1).

(b3) Output of ICA for (b1). (b4) Fourier spectrum of (b3).

(c1) Input signals of SNR 5. (c2) Fourier spectrum of (c1).

(c3) Output of ICA for (c1). (c4) Fourier spectrum of (c3).

Figure 2: Test of GW extraction using ICA: the case of Model 2 [eq. (13)], injections of a sinusoidal wave of 213 Hz to
the Hanford and Livingston data around the GW150914 event. (Note that the original data includes significant noise at
60 Hz and 120 Hz.) The signal-to-noise ratio (SNR) is 20 (a1-a4), 10 (b1-b4), and 5 (c1-c4). We see the injected wave is
clearly extracted for (a) and (b), but not for (c).

8



(a1) Input signals of SNR 20.9. (a2) Fourier spectrum of (a1).

(a3) Output of ICA for (a1). (a4) Fourier spectrum of (a3).

(b1) Input signals of SNR 16.8. (b2) Fourier spectrum of (b1).

(b3) Output of ICA for (b1). (b4) Fourier spectrum of (b3).

(c1) Input signals of SNR 10.5. (c2) Fourier spectrum of (c1)

(c3) Output of ICA for (c1). (c4) Fourier spectrum of (c3).

Figure 3: Test of GW extraction using ICA: the case of Model 3 [eq. (14)], injections of a inspiral wave signal into the
Hanford and Livingston data one second before the GW150914 event. The SNR of the injected signal is 20.9 (a1-a4), 16.8
(b1-b4), and 10.5 (c1-c4). The inspiral feature is visible in the Fourier spectrum of the output data for SNR > 15. Note
that we filtered for f > 300 Hz and also that the input data has strong line noise at 60 Hz.
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(a) Input signals with ∆tHL = −7.32 ms. The data x1 and x2 are

of Hanford and Livingston data, respectively.

(b) Fourier spectrum of (a).
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(c) ICA output. (d) Fourier spectrum of (c).

Figure 4: Application to GW150914. (a/b) The input dataset and its spectrum with ∆tHL = −7.32 ms which show the
largest A in the ICA output. The x1 and x2 indicates the data of Hanford and Livingston, respectively. (c/d) The ICA
output, and its spectrum. We clearly see the signal (s1) is separated from the other (s2). Note that the input data has a
line noise at 120 Hz.
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Figure 5: The strength of the extracted signal, A [eq. (10)] as a function of ∆tHL for the GW150914 case. Five trials
with different initial weight matrices are plotted for each ∆tHL. The maximum is at ∆tHL = −7.32+0.15

−0.15 ms (the error is
from the full width at half maximum). Note that the LIGO-Virgo paper [1] shows ∆tHL = −6.9+0.5

−0.4 ms.
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Figure 6: Extraction of GW150914. (Upper) The output data (Fig. 4 (c) s1) is overlaid with hinsp(t; tc,Mc = 30.8M⊙).
(Lower) The residuals.

GWOSC webpage is z = 0.09 ± 0.03. Therefore our
result is again consistent with theirs.

4.2 Other events

We conduct a similar analysis of other GW events from
binary BHs with a higher SNR events in O1-O3. Fig-

ure 7 shows the input data (x1, x2, x3) and the out-
put data (s1, s2, s3) that show the largest A. For
three-detector events, we performed a 2-dimensional
search by shifting data, which required a maximum of
20,100 combinations, and took approximately 20 hours
to compute. The ICA results are summarized in Ta-
bles 3 and 4.

Table 3 can be used to understand how ICA works.
In summary, the parameter A, which is a measure of
extraction quality, remains almost constant regardless
of the SNR. The residual R, which is a measure of how
well the extracted wave can be matched to the inspiral
waveform, is negatively correlated with the SNR.

Table 4 can be used to understand how realistic the
ICA results are . By matching with the inspiral wave,
we can specify Mobs

c for each event. With M source
c in

the GWOSC table, we compare the redshift parameter
zICA and z in the GWOSC table. As can be seen in
the table 4, all the redshift parameters are consistent.

5 Summary

Independent component analysis (ICA) was applied to
extract gravitational-wave signals. The most advanta-
geous fact is that ICA approach does not require any
waveform templates beforehand. The computational
cost of the ICA approach is quite low.

From the injection tests, we see that the extrac-
tions are available even from real interferometer data
if the signal strength (SNR) is 15 or higher. This
fact came as surprise to us, since the detector data
is not Gaussian. We expect that our current limita-

tion of SNR 15 to be reduced if the detector output is
cleaned up further using advanced calibrations. We
then demonstrate this method for inspiral-wave ex-
traction in binary black-hole events, focusing on 13
high-SNR binary BH events up to O3 (GWTC-3 cata-
logue). As shown in Table 3 the extractions were per-
formed for all events. As shown in Table 4 the fitted
waveforms (tuned with Mc and the amplitude A) show
consistent parameters, Mc and z, with those reported
by the LIGO-Virgo-KAGRA collaboration, GWOSC.

ICA is based on the idea that the signal is math-
ematically independent of others. Only the non-
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Table 3: Results of the wave extractions by ICA for large SNR events in O1-O3. The ‘obs’ column shows which detector
(Hanford/Livingston/Virgo) observed. SNR is the network signal-to-noise ratio (centred value) which is announced in
GWOSC (https://gwosc.org). ∆tHL is the time shift between the Hanford data and Livingston data, tL − tH, in ms when
ICA shows the best separation of the signal. A is the signal strength defined by eq. (10). R is the residuals between the
extracted waveform and estimated inspiral waveform, (11), between [tc − 0.15 ms, tc]. See table 4 for comparisons of chirp
mass and redshift.

event obs SNR ∆tHL (ms) ∆tHV (ms) ∆tLV (ms) A R/10−12 ref.
GW150914 HL 26.0 −7.32±1.5

1.5 – – 4.19 5.88 Fig.4
GW190521 074359 HL 25.9 −6.35±0.98

0.49 – – 1.83 10.3 Fig.7(a)
GW191109 010717 HL 17.3 3.17±0.98

0.73 – – 3.40 18.4 Fig.7(b)
GW191204 171526 HL 17.5 −2.44±0.49

0.73 – – 2.07 3.27 Fig.7(c)
GW191216 213338 HV 18.6 – −11.0±1.5

0.73 – 3.08 2.09 Fig.7(d)
GW200112 155838 LV 19.8 – – −23.2±0.49

0.24 2.43 10.5 Fig.7(e)
GW170814 HLV 17.7 −8.06±0.49

0.98 0.98±2.4
0.24 – 3.54 5.07 Fig.7(f)

GW190412 HLV 19.8 −3.91±0.24
0.24 −13.92±0.98

0.49 – 2.21 4.40 Fig.7(g)
GW190521 HLV 14.3 2.93±0.49

1.2 −25.15±0.49
1.7 – 2.85 31.8 Fig.7(h)

GW190814 HLV 25.3 2.20±0.49
0.24 21.24±0.73

0.24 – 2.00 1.65 Fig.7(i)
GW200129 065458 HLV 26.8 3.42±0.98

0.24 −18.31±0.24
0.24 – 3.96 11.3 Fig.7(j)

GW200224 222234 HLV 20.0 −3.66±2.7
0.24 −9.28±0.24

0.98 – 3.28 13.4 Fig.7(k)
GW200311 115853 HLV 17.8 −3.66±0.73

1.2 −27.10±2.2
2.2 – 3.17 4.34 Fig.7(l)

Table 4: Comparisons of chirp mass, M source
c , shown in GWOSC and the one obtained by ICA,Mobs

c from the best fit
inspiral-wave model. The difference can be regard as redshift factor (1 + zICA). The redshift factor in GWOSC, z, is also
shown.

GWOSC ICA

event obs SNR Msource
c /M⊙ z Mobs

c /M⊙ zICA ref.

GW150914 HL 26.0 28.6+1.7
−1.5 0.09+0.03

−0.03 30.8 0.077+0.06
−0.06 Fig.4

GW190521 074359 HL 25.9 32.8+3.2
−2.8 0.21+0.10

−0.10 36.4 0.11+0.10
−0.10 Fig.7(a)

GW191109 010717 HL 17.3 47.5+9.6
−7.5 0.25+0.18

−0.12 53.7 0.13+0.22
−0.19 Fig.7(b)

GW191204 171526 HL 17.5 8.56+0.41
−0.28 0.34+0.25

−0.18 11.1 0.29+0.04
−0.06 Fig.7(c)

GW191216 213338 HV 18.6 8.33+0.22
−0.19 0.07+0.02

−0.03 9.00 0.08+0.03
−0.03 Fig.7(d)

GW200112 155838 LV 19.8 27.4+2.6
−2.1 0.24+0.07

−0.08 32.7 0.19+0.10
−0.10 Fig.7(e)

GW170814 HLV 17.7 24.1+1.4
−1.1 0.12+0.03

−0.04 26.0 0.08+0.05
−0.06 Fig.7(f)

GW190412 HLV 19.8 13.3+0.5
−0.5 0.15+0.04

−0.04 14.8 0.11+0.04
−0.04 Fig.7(g)

GW190521 HLV 14.3 63.3+19.6
−14.6 0.56+0.36

−0.27 81.7 0.29+0.39
−0.30 Fig.7(h)

GW190814 HLV 25.3 6.11+0.06
−0.05 0.05+0.01

−0.01 6.35 0.04+0.01
−0.01 Fig.7(i)

GW200129 065458 HLV 26.8 27.2+2.1
−2.3 0.18+0.05

−0.07 30.6 0.13+0.10
−0.08 Fig.7(j)

GW200224 222234 HLV 20.0 31.1+3.3
−2.7 0.32+0.08

−0.11 37.6 0.21+0.11
−0.12 Fig.7(k)

GW200311 115853 HLV 17.8 26.6+2.4
−2.0 0.23+0.05

−0.07 31.0 0.17+0.09
−0.10 Fig.7(l)
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(a1) Input signals of GW190521 074359 with ∆tHL = −6.35 ms.

The data x1 and x2 are from Hanford and Livingston data, respec-

tively.

(a2) Output of ICA for GW190521 074359.
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(b1) Input signals of GW191109 010717 with ∆tHL = +3.17 ms.

The data x1 and x2 are of Hanford and Livingston data, respectively.

(b2) Output of ICA for GW191109 010717.
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(c1) Input signals of GW191204 171526 with ∆tHL = −2.44 ms.

The data x1 and x2 are of Hanford and Livingston data, respectively.

(c2) Output of ICA for GW191204 171526.
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(d1) Input signals of GW191216 213338 with ∆tHV = −11.0 ms.

The data x1 and x2 are of Hanford and Virgo data, respectively.

(d2) Output of ICA for GW191216 213338.

Figure 7: Input and Output data of ICA analysis.
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(e1) Input signals of GW200112 155838 with ∆tLV = −23.2 ms.

The data x1 and x2 are of Livingston and Virgo data, respectively.

(e2) Output of ICA for GW200112 155838.
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(f1) Input signals of GW170814 with ∆tHL = −8.06 ms and

∆tHV = +0.98 ms. The data x1, x2, and x3 are of Hanford, Liv-

ingston, and Virgo, respectively.

(f2) Output of ICA for GW170814.
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(g1) Input signals of GW190412 with ∆tHL = −3.91 ms and

∆tHV = −13.92 ms. The data x1, x2, and x3 are of Hanford,

Livingston, and Virgo, respectively.

(g2) Output of ICA for GW190412.

0.0 0.2 0.4 0.6 0.8 1.0[s]
100

0

100
x1

0.0 0.2 0.4 0.6 0.8 1.0[s]
100

0

100
x2

0.0 0.2 0.4 0.6 0.8 1.0[s]
100

0

100
x3

0.0 0.2 0.4 0.6 0.8 1.0[s]
2.5
0.0
2.5 s1

0.0 0.2 0.4 0.6 0.8 1.0[s]
2.5
0.0
2.5 s2

0.0 0.2 0.4 0.6 0.8 1.0[s]
2.5
0.0
2.5 s3

(h1) Input signals of GW190521 with ∆tHL = +2.93 ms and

∆tHV = −25.15 ms. The data x1, x2, and x3 are of Hanford,

Livingston, and Virgo, respectively.

(h2) Output of ICA for GW190521.

Figure 7: Input and Output data of ICA analysis (cont.)
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(i1) Input signals of GW190814 with ∆tHL = +2.20 ms and

∆tHV = +21.24 ms. The data x1, x2, and x3 are of Hanford,

Livingston, and Virgo, respectively.

(i2) Output of ICA for GW190814.
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(j1) Input signals of GW200129 065458 with ∆tHL = +3.42 ms

and ∆tHV = −18.31 ms. The data x1, x2, and x3 are of Hanford,

Livingston, and Virgo, respectively.

(j2) Output of ICA for GW200129 065458.
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(k1) Input signals of GW200224 222234 with ∆tHL = −3.66 ms

and ∆tHV = −9.28 ms. The data x1, x2, and x3 are of Hanford,

Livingston, and Virgo, respectively.

(k2) Output of ICA for GW200224 222234.
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(l1) Input signals of GW200311 115853 with ∆tHL = −3.66 ms

and ∆tHV = −27.10 ms. The data x1, x2, and x3 are of Hanford,

Livingston, and Virgo, respectively.

(l2) Output of ICA for GW200311 115853.

Figure 7: Input and Output data of ICA analysis (cont.)
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Gaussian waves were extracted. Additionally, the
current FastICA method starts by normalizing and
whitening the input data, which results in output sig-
nals lacking amplitude information, and the phase can
be reversed. If we have a waveform similar to those in
our GWTC-3 applications, we can determine the phase
by evaluating the residual, while the amplitude itself
remains undetermined. The origin of the missing am-
plitude information comes from the initial whitening
procedure. This limitation could be overcome by im-
plementing additional procedures, e.g. applying ICA
to three pairs for three-detector events and to com-
paring the residuals of each output data to determine
a consistent amplitude parameter. Such implementa-
tions will be part of our future work.

Despite these limitations, the ICA approach is at-
tractive because it does not use any templates in ad-
vance. Visualising the waveforms first would undoubt-
edly help the theoretical understanding. We believe
that this approach could complement the current stan-
dard methods, particularly for testing theories of grav-
ity and detecting unknown GW signals.

We thank Hirotaka Yuzurihara for his suggestions
on the technical procedure. This work was sup-
ported by JSPS KAKENHI Grant Nos. 24K07029 and
18K03630.

A FastICA using Kurtosis

After whitening the input data x to z [Eq. (3)], one
possible measure of the non-Gaussianity of the output
data is to use the kurtosis of wT

i z,

kurt(wT
i z) = E[(wT

i z)
4]− 3{E[(wT

i z)
2]}2. (16)

A well-known algorithm, FastICA, detemines wi that
maximizes kurt(wT

i z). Using E[(wT
i z)

2] = ||wi||2,
the derivative of Eq. (16) becomes

∂

∂wi
|kurt(wT

i z)| =

 E[4(wT
i z)

3z1]
E[4(wT

i z)
3z2]

...

−12||wi||2wi.

(17)
We can, then, find wi as in Eq. (17) can be satisfied
by an iterative method, especially easily under the re-
quirement that the norm of wi is unity, ||wi||2 = 1. By
repeating the process of finding another component wi

as each wi satisfies its orthogonality, we can identify
all possible source signals s̃(t).

However, the kurtosis method is sometimes sensi-
tive to outliers. An alternative method is to use a

mimic function to the kurtosis which we described as
the “g-function” method in Eq. (5).
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