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Application of data mining and machine learning techniques can significantly improve the sensitivity of
current interferometric gravitational-wave detectors. Such instruments are complex multi-input single-
output systems, with close-to-linear dynamics and hundreds of active feedback control loops. We show
how the application of brute-force data-mining techniques allows us to discover correlations between
auxiliary monitoring channels and the main gravitational-wave output channel. We also discuss the result of
the application of a parametric and time-domain noise subtraction algorithm, that allows a significant
improvement of the detector sensitivity at frequencies below 30 Hz.
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I. INTRODUCTION

Gravitational waves [1] are generated by extreme energy
astrophysical and cosmological sources [2], and can be
detected on earth as very small variations in the distance
between test masses, at a level of 10−21 relative change or
smaller. To detect such weak signals, laser interferometric
detectors are employed [3–5], where the variations in the
length of the two km-scale arms of a Michelson interfer-
ometer are measured as fluctuations in laser power. The
detectors are operated as null instruments: feedback control
loops [6] are employed to maintain the system near the
optimal operating point, and to linearize its otherwise
highly nonlinear response to gravitational-wave signals
and external disturbances. The main detector output, the
gravitational-wave strain channel, is reconstructed from
the error and control points of the feedback loops [7]. The
sensitivity of such detectors is limited by a combination
of noise sources [8], some of them fundamentally related
to the instrument physics and design (quantum [9] and
thermal [10] noises for example), while others are due to
imperfections in the system or spurious couplings of
environmental disturbances [11].
A gravitational wave-detector can be described as a

multi-input single-output system. The calibrated output
channel contains the response to gravitational-wave events,
that are typically short transient signals with durations
spanning from a fraction of a seconds to minutes, and with
frequency content between 10 Hz and a few kHz. The
output channel is, however, polluted by a large number of
noise sources, some of them unknown. To characterize and
remove those noise sources, several thousands of auxiliary
channels are recorded. They monitor potential sources of

spurious noise that couple into the main channel. Those can
be seen as additional inputs to the system. The couplings
are mostly linear, thanks to the effect of the feedback
controls. However, the extreme sensitivity needed to detect
gravitational-wave signals implies that even very small
deviations from linearity are relevant and need to be taken
into account.
The sensitivity of the current gravitational-wave detec-

tors is continuously improved by upgrading key compo-
nents and control systems. It is also important to reduce, as
much as possible, the background noise in the recorded
data by applying offline signal processing techniques. In
the case of known linear couplings from some of the input
channels to the output, one can implement noise regression
and subtraction techniques, such as Wiener filters [12,13].
Recent work showed how to extend offline noise sub-
traction to the case of nonlinear and nonstationary noise
couplings [14].
The first step in any noise subtraction scheme is the

identification of candidate channels. With more than 4000
channels recorded with sampling rates varying from 256 to
16384 Hz, the amount of data available is quite large. To
select the most favorable channels for the subtraction, one
can rely on experience and intuition, or implement data-
mining techniques that can sort through all the available
channels to provide only the most promising candidate for
subtraction. One of the new results presented in this paper
is a method we developed to identify the auxiliary channels
that could provide the best candidates for linear noise
subtraction, described in Sec. II. This method is based on
the brute-force computation of the frequency-domain
coherence between the gravitational-wave output channel
and all available auxiliary channels. Section III explains
how this method can be extended to address nonstationary*vajente@caltech.edu
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noise couplings, and also discuss the difficulties involved in
extending the approach to fully nonlinear couplings.
In this work we focus on techniques to identify and

remove persistent noises, that are always present, although
with varying properties. Another kind of disturbance that is
present in gravitational wave detector output are glitches:
transient signals that have short duration, typically under
a few seconds [15] and that can mimic the waveform of
actual astrophysical signals. Several techniques have been
developed to deal with glitches and find correlations with
auxiliary channels [16–18].
In Sec. IV we review the noise subtraction algorithm

described in [14]. Finally, Sec. V describes the application
of those methods to the data collected by the Advanced
LIGO gravitational-wave detector during the O3 science
run [2], showing how that same algorithm can be applied to
improve the detector sensitivity to gravitational waves at
frequencies below 30 Hz.

II. LINEAR NOISE COUPLINGS

In the general case of a multi-input single-output system,
like a gravitational-wave detector, we have a large number
of input channels xiðtÞ and one output channel hðtÞ. For
simplicity we use a continuous time notation for all channels,
although in reality they are discrete in time, possibly with
different sampling rates. As a first step wewant to find which
ones of the input channels are contributing linearly to the
output channel. One way to estimate the degree of linear
correlation between two channels is to compute the fre-
quency domain coherence:

C½xi; h�ðfÞ ¼
jS½xi; h�ðfÞj2

S½xi; xi�ðfÞS½h; h�ðfÞ
ð1Þ

where S½·; ·�ðfÞ denotes the cross-spectral-density of two
channels, that can be computed for example using a modified
Welch periodogram [19]. If the output channel is simply
related to the input channel via a linear filter, then the
coherence is exactly one. On the other hand, if the input and
output signals are uncorrelated, the coherence should be
exactly zero. However, since we can only estimate the
coherence from a finite amount of time, by averaging
discrete Fourier transforms over multiple segments, the
actual coherence will never be exactly zero. The probability
distribution of the coherence as estimated by averaging N
segments can be related to the F-distribution [20]. The
confidence interval for the estimated coherence, at a sig-
nificance level α, can be approximated by

Cα ¼
F2;2N−2ðαÞ

N − 1þ F2;2N−2ðαÞ
ð2Þ

where F2;2N−2 is the inverse of the cumulative distribution
function for the F-distribution. In other words, if we estimate
the coherence of two uncorrelated, normally distributed

random signals, we expect values smaller than Cα with a
confidence α. This provides us with a way to systematically
assess if a given channel, at a frequency of interest, can be
contributing to the noise in the main gravitational-wave
strain channel. When considering a large number of chan-
nels, one should include a trial number correction for the
coherence threshold. If the confidence level α is set to 95%,
one would expect one false positive every about 20
coherence measurements. Since for every channel the
coherence is computed for thousands of frequency bins,
the actual number of trials can quickly become very large,
forcing the coherence threshold to high values (about 0.1)
that would exclude channels that are important. We find
empirically that setting the confidence level at 95%–99.9%
gives meaningful results, especially when the coherence is
required to exceed this value in a large frequency band.
Given the large number of auxiliary channels available to

analyze, a systematic approach is needed. Starting with the
entire list of available channels, we remove those that are
not suitable: channels sampled with too low rate; channels
that are known to be related to the gravitational-wave
channel [15], for example those related to the differential-
arm control loop [21] and to subproducts of the calibration
process [7]; and channels that are constant for the entire
analysis period. We are left with several thousand channels,
with sampling rates ranging from a few hundred Hz to
16 kHz. We then select a suitable duration of time for the
analysis. The lower limit is given by a combination of the
desired frequency resolution of the coherence computation
and the minimum number of averages needed to have a
good estimate. We are typically interested in resolving
narrow spectral features, so a resolution of 0.1 Hz or better
is often desirable. This sets the length of the segments used
in the single fast Fourier transforms (FFT) computations
to at least 10 s. To have a low value of the coherence
confidence level, given by Eq. (2), we typically require 200
averages or more. With N ¼ 200 and α ¼ 0.95, we have
Cα ¼ 0.015, while for α ¼ 0.999 we have Cα ¼ 0.035.
Using, for example, 1200 s of data with segments that
are 12-s-long and overlap by 50% allows us to have a
frequency resolution of 0.08 Hz.
The coherence of all auxiliary channels with the main

channel is then computed using Eq. (1), implemented in
PYTHON and using the SCIPY library. The computation can
be largely parallelized on multicore machines. Typically the
full analysis of about 4000 channels and 1200 s of data
takes about one hour on a single server-class computer,
mostly limited by the time needed to access the data from
disk. Speed-ups are possible by parallelizing the compu-
tations on multiple machines and utilizing local caches for
the data files. Those improvements will be necessary if the
number of channels increases significantly or when con-
sidering bilinear couplings as discussed below in Sec. III.
The next step is to find a way to represent the results of

all the coherence computations in an understandable way
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that makes it easy to find the channels that have high
coherence. For each frequency bin, we consider all the
auxiliary channels that have a coherence with the output
channel larger than Cα, and we sort them in order of
descending values. We can then list the channels together
with the corresponding coherence value. A subset of the
results is shown in Fig. 1 for a typical analysis of the LIGO
Hanford detector data during the science run O3 [2]. Each
row of the table corresponds to a frequency, shown in the
first column, while all the other cells in the row show the
name of one of the auxiliary channels and the correspond-
ing coherence value. To help with the identification of the
most relevant channels, the background of each cell is color
coded, with red meaning high coherence and white mean-
ing low coherence. The reader can in this way have a glance
at the full table and identify the most important channels
that could contribute to the noise in the strain channel.
By clicking on any of the auxiliary channel names, it is

possible to see a plot of the coherence as a function of
frequency, as well as a projection of the noise contribution to
the main channel (see Fig. 2). This projection is computed
with the following equation, based on the definition of
coherence [Eq. (1)], and assuming that there is indeed a noise
coupling from the auxiliary channel to the main channel:

Sprojection½xi�ðfÞ ¼ S½h; h�ðfÞð1 − C½xi; h�Þ: ð3Þ

The fact that an auxiliary channel has high coherence with
the output channel, and therefore its projection is close to
the power spectral density of the output channel, does not
necessarily imply that the channel is a good candidate for
noise subtraction. This would be the case if the noise
coupling is going from the auxiliary channel to the main
channel. This is often the case, but it can happen that the
auxiliary channel is sensing the output channel through a
spurious path. Although all the channels known to be already
related to the main strain channel have been removed, it is
still possible that some cases of high coherence might not
turn out to be good candidates for noise subtraction. Each
case must be considered separately. Nevertheless, the initial
brute-force approach is very effective for identifying a small
number of auxiliary channels that can then be tried for offline
noise subtraction. For the data analyzed in the example of
Figs. 1 and 2, in the frequency region between 10 and 30 Hz,
we identified several channels related to the feedback control
loops of the angular sensing and control (ASC) and
longitudinal sensing and control (LSC) subsystems. As
we will discuss later in Sec. V, those channels performed

FIG. 1. Summary table with the channels that have the highest coherence for each frequency. In this case the main gravitational-wave
strain channel is called DCS-CALIB_STRAIN. The title also shows the times used in the analysis, both in UTC time and in GPS time
(number of seconds elapsed since 0 hours Sunday 6 January 1980). Each row corresponds to a frequency bin, as indicated in the first
column. The other columns show the coherence with a specific channel at that frequency. The name of the channel and the value of the
coherence is indicated in each cell. For each row (frequency bin) the channels are listed in order of decreasing coherence. The cell
background color gives a visual representation of the coherence value: red corresponds to one and white corresponds to zero.
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well to reduce the noise in the gravitational wave strain
channel.
The results shown in this kind of brute-force coherence do

not take into account the redundancy of some channels. Often
multiple channels are listed as having high coherence, but
they are all related to each other. Therefore interpreting the
results still needs some background knowledge of the detector
inner workings. One possible way to address this issue would
be to compute the cross-correlation between the auxiliary
channels, and take it into account in the summary table, for
example applying some form of independent component
analysis. We did not investigate this approach, since it would
increase significantly the computational cost of a brute-force
approach, without adding much useful information.

III. NONLINEAR NOISE COUPLINGS

There is no straightforward way to extend the linear
brute-force coherence-based approach to the most general
nonlinear couplings from the auxiliary channels to the main
output channel. However, we expect that the system should
exhibit only small deviations from linearity, since there are
many feedback control loops that actively maintain it near
the optimal operating point.1 We can then tentatively
expand the nonlinear coupling of the auxiliary channels
fxig to the main channel h in terms of the lowest orders of a
time-invariant Volterra series [24]:

hðtÞ ¼ h0ðtÞþ
X
i

Z
Kð1Þ

i ðτ1Þxiðt− τ1Þdτ1

þ
X
i;j

ZZ
Kð2Þ

i;j ðτ1;τ2Þxiðt− τ1Þxjðt− τ2Þdτ1dτ2þ…

ð4Þ

where the Kð1Þ
i are the linear coupling transfer functions

discussed in the previous section, and Kð2Þ
i;j are the Volterra

kernels that describe the quadratic coupling from a pair of
auxiliary channels to the main channel. The same relations
can be expressed in frequency domain using the general-
ized frequency response functions [25]:

K̃ðnÞðω1;…;ωnÞ ¼
1

ð2πÞn=2
Z

…

Z
KðnÞðτ1;…; τnÞ

× e−iðω1τ1þ���þωnτnÞdτ1…dτn

so that Eq. (4) becomes

h̃ðωÞ ¼ h̃0ðωÞ þ
X
i

K̃ð1Þ
i ðωÞx̃iðωÞ

þ
X
i;j

Z
K̃ð2Þ

i;j ðω1;ω−ω1Þx̃iðω1Þx̃jðω−ω1Þdω1…

ð5Þ

where we denoted Fourier transforms with a tilde.
Equation (5) makes it apparent that the quadratic terms
mix frequencies. The linear coherence can be extended to
the case of a quadratic coupling, obtaining the canonical
bicoherence [26]. Practical applications of the bicoherence
to channels from gravitational-wave detectors have met
very limited success, due to the high variance of the
estimate and the high computational cost. With about
4000 channels to be analyzed, a full bicoherence compu-
tation would entail processing 40002 > 107 pairs of sig-
nals, an impractical number even for short time periods,
unless the computation is parallelized on many computers.
Many of the channels recorded by gravitational wave

detectors are characterized by a large dynamical range, with
most of the power contained at low frequencies, below a
few Hz (Fig. 3). It is quite common for the PSD of a signal
to fall off by many orders of magnitude once the frequency
gets above a few hertz. This behavior is a result of the use of
seismic attenuation and isolation systems [27,28] to
actively and passively reduce the interferometer mirror
motions to less than 10−18 m above 10 Hz. One conse-
quence is that a quadratic coupling would manifest like a
slow modulation of an otherwise linear transfer function.
This is immediately visible from Eq. (5) if we assume that
one of the channels xi has a PSD with support at
frequencies ωi much smaller than the frequencies ωj where

FIG. 2. Example of one of the plots generated automatically by
the brute-force coherence computation. The top panel shows the
coherence between the main strain channel DCS-CALIB_
STRAIN and one of the angular feedback control loop channels
ASC-CHARD_P_OUT_DQ. The blue trace shows the coherence
as a function of frequency, and the red dashed line shows the
confidence level Cα. The bottom panel shows the spectrum of the
main channel, that is the square root of the power spectral density
S½h; h�ðfÞ and the coherence-based projection of the auxiliary
channel noise.

1One notable exception is the case of noise up-conversion due
to scattered light [22,23], which we do not consider here.
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the second channel xj has support:ωi ≪ ωj. In this case the
slow channel acts as a time-domain modulation of the linear
coupling from the fast channel to the main output channel
[14]. If we split the auxiliary channels into fast noise
witnesses siðtÞ ∈ N and slow modulation witnesses
mjðtÞ ∈ M then Eq. (4) can be written as [14]:

hðtÞ ¼ h0ðtÞ þ
X
i∈N

Kð1Þ
i ½si� þ

X
j∈M

X
i∈N

αi;j½mjðtÞsiðtÞ� þ…

ð6Þ

where αi;j½·� and Kð1Þ½·� represent linear and stationary
transfer functions applied to the channel specified in the
argument. The terms αi;j½·� are directly related to the
second-order Volterra kernels. Although this simplification
does not reduce the number of possible combination of
channels, it provides a way to probe whether there are noise
couplings that are modulated by a selected few known
modulation-witness channels. We choose a small set of
channels that are believed to witness the slow modulation,
and multiply them by all the available channels. We then
compute the frequency-domain coherence of each of those
composite channels with the detector main output, like in
the brute force approach described in Sec. II, and produce a
table similar to Fig. 1. Each row of the table will now list
the combination of fast channels and modulation channels,
ordered by decreasing coherence. Instead of reproducing

here a portion of the coherence table, Fig. 4 shows an
example of the result of this brute-force modulated-
coherence analysis, using an extensions of the algorithm
that produced the outputs shown in Figs. 1 and 2. In the
example shown here we focus on the measured coherence
around 60 Hz between the LIGO detector output and a
channel monitoring the power supply main lines. As
expected, there is near-one coherence for the line at
60 Hz and the not-modulated channel. However, this
algorithm also shows significant coherence with the power
monitor channel modulated with mirror angular sensing
and control signals, at sideband frequencies around the
60 Hz line. This is an indication that the power line
harmonics couple in a nonstationary way, as already
pointed out in [14], where this nonstationary noise coupling
was removed. This example shows that, although not the
most general tool for nonlinear noise coupling discovery,
this brute-force modulated-coherence search is a valuable
tool to discover noises that can limit the LIGO sensitivity
beyond the linear coupling case.

IV. NOISE SUBTRACTION

Once the noise couplings have been identified, there are
two possible lines of action. First of all, if possible, one
should try to remove the noise sources or the coupling
mechanisms in the real-world detector. This is not always
possible, since it might entail significant changes to the
instrument hardware or control software. In other cases, the

FIG. 3. Two example signals from the Advanced LIGO
detector. The solid curves show the power spectral densities
(PSD), while the dashed curves represent the integrated power,
showing at each frequency the amount of power contained in the
signal above that frequency. Note that those traces are plotted
with the same vertical axis as the PSD, but are in units of signal
power instead of signal power spectral density. Both signals have
99% of their power below about 3 Hz. The signals shown here are
error points of two feedback control loops in the angular sensing
and control (ASC) and longitudinal sensing and control (LSC)
systems.

FIG. 4. An example of the plots produced by the brute-force
coherence algorithm when used to look for modulated couplings.
The top panel shows the coherence of the detector main output
channel with a monitor of the power supply, and with the same
channel modulated with angular control error channels, as in
equation (6). The nonmodulated channel show high coherence
only at the main power supply 60 Hz line, while the modulated
channels show coherence only in correspondence of the side-
bands of the main peak, as expected in the case of a nonstationary
coupling. The bottom panel shows the coherence-based noise
projection for each channel, as in Eq. (3).
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data might be already collected, and therefore one is left
with the second option, that is to implement a noise
subtraction scheme. In the case of linear and stationary
noise couplings, a typical approach utilizes the Wiener
filter [12] in frequency domain. During the second
Advanced LIGO science run O2 [29], noise from the
angular motion of the input laser beam was subtracted
in this way [13,30]. Similar frequency domain noise
subtraction was also implemented in the O3 run [2,31]
to remove known single-frequency lines, such a calibration
lines and the 60 Hz power line and harmonics.
One could extend this methodology to non-stationary

noise couplings like those described in Eq. (6). However,
the number of channels involved increases significantly
with the introduction of modulation witnesses. This in turn
increases the computational complexity of the frequency-
domain subtraction and makes the algorithm more prone to
overfitting. Those problems motivated the development of
the parametric and intrinsically causal algorithm described
in [14], briefly reviewed here. The coupling of each noise-
witness channel and modulation-witness channel is
described using Eq. (6). The coupling transfer functions

αi;j and K
ð1Þ
i are described in terms of the sum of first-order

poles, arranged in complex-conjugate pairs. The transfer
functions can be described in the z domain [32] as:

αi;j ¼
XN
k¼1

�
ρi;j;k

1 − zi;j;kz−1
þ ρ�i;j;k
1 − z�i;j;kz

−1

�
ð7Þ

where the star denotes complex conjugation, used to ensure
that each transfer function has a real response to any real
input signal. The use of a parametrization directly in the z
domain ensures that the optimal subtraction parameters,
once determined by fitting to the data, can be used both for
offline and online noise subtraction, if desired. The optimal
set of parameters fρi;j;k; zi;j;kg can be found by minimizing
a suitable cost function, that describes the improvement of
the noise in the target channel hðtÞ in the desired frequency
band. This cost function can be computed directly and
efficiently in frequency domain [14]:

c½ρi;j;k; zi;j;k� ¼
Z

fmax

fmin

Sr;rðfÞ
Sh;hðfÞ

df ð8Þ

where Sh;h indicated the power spectral density of the target
channel hðtÞ and Sr;r of the residual channel, that is the
difference between the target and the sum of noises
corresponding to the set of parameters under consideration,
obtained from Eq. (6)

rðtÞ ¼ hðtÞ −
X
i

Kð1Þ
i ½si� −

X
j∈M

X
i∈N

αi;j½mjðtÞsiðtÞ� þ…

ð9Þ

The optimization problem involved in finding the opti-
mal parameters is in general nonlinear and nonconvex, as it
has multiple equivalent global minima (corresponding to
permutations of the terms in each transfer function) and
multiple local minima. As such, there is no general rule for
choosing the best minimization algorithm. However, the
simple analytical form of the parametrization allows us to
directly compute the gradient of the cost function with
respect to the parameters, and therefore gradient-based
minimization strategies have been used successfully. For
simpler problems like the power line harmonics subtrac-
tion, we found that using the ADAM gradient descent
algorithm [33] from the TensorFlow library gave us
good results [14]. For more complex problems, like angular
and longitudinal control noise subtraction described below
in Sec. V, we used the BFGS algorithm [34] or the SLSQP
algorithm [35], implemented in the scipy library.
Regardless of the minimization algorithm, one needs to

restrict the pole values to jzi;j;kj < 1 to ensure that the
resulting transfer functions are stable, meaning that their
output is bounded for any bounded input and decays to zero
when there is no input present. Two approaches are
possible, depending on the algorithm used. For uncon-
strained algorithms like ADAM and BFGS, one can
reparametrize the poles in terms of a magnitude and a
phase zi;j;k ¼ ζi;j;keiϕi;j;k and write the magnitude as a
bounded function of an additional unbounded parameter
λi;j;k ∈ R. In [14] a sigmoid function was used. For
algorithms like SLSQP that allow for nonlinear constraints,
one can simply parametrize the poles as the sum of real and
imaginary part, and include the constraint jzi;j;kj < 1 in the
algorithm.
It is also often desirable to limit the accessible parts of

the stable z plane, to avoid poles with either very low or
very high frequencies, and with long ring-down times (high
quality factor). This kind of constraint could be easily
enforced using a reparametrization as above if the transfer
function were described in the Laplace domain, as was
done in [14]. One could extend this approach to the z
domain using either the Tustin bilinear transform or the
starred transform [32], at the price of the added nonlinearity
to the dependence of the cost function on the parameters.
We found that the best approach was to keep the simplest
possible parametrization of pole values and residuals as real
and imaginary parts, and convert the poles values in the z
domain to frequency fi;j;k and quality factor Qi;j;k in the
Laplace domain as follows:

si;j;k ¼ fs logðzi;j;kÞ

fi;j;k ¼
jsi;j;kj
2π

Qi;j;k ¼ arccos

�
Reðsi;j;kÞ
Imðsi;j;kÞ

�
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where fs is the sampling frequency. The equations above
can then be implemented as nonlinear constraints in an
optimization algorithm such as SLSQP.

V. NOISE SUBTRACTION RESULTS

Figure 5 shows a typical improvement of the noise in the
Advanced LIGO Hanford detector, obtained by applying
the strategies described above. Noise was subtracted in
multiple stages. First, the sidebands around the 60 Hz
power supply line were removed, as already described in
[14]. One of the insets in Fig. 5 shows the resulting
improvement. The rest of the noise subtraction focused
on the low-frequency region, below 30 Hz, where the main
contributions were known to be from angular and longi-
tudinal feedback control loop noises.
First, a series of single-frequency calibration lines are

continuously injected into the angular motion of the main
interferometer test masses, to aid with the angular control.
Those lines are a dominant noise source between 18 and
23 Hz, and the large sidebands are an indication of the
nonstationary nature of the coupling. We chose the error
points of the angular control feedback systems as witnesses

for the slow modulation mj, and used synthetic lines at
the known calibration frequency as noise witnesses si. We
could remove all of the calibration lines and sidebands, as
shown in an inset of Fig. 5.
Secondly, the broadband improvement below 30 Hz is

obtained by subtracting the longitudinal and angular feed-
back control channels. In this particular case no significant
modulation of the coupling was detected, so a linear and
stationary model was used. The detector output channel
after subtraction shows negligible coherence with the noise
sources, a good indication that the optimization algorithm
was able to converge to a set of parameters close enough
to the global minimum. Figure 6 shows the improvement
in the detector range for binary black hole coalescence
signals.

VI. CONCLUSIONS

Gravitational-wave detectors collect a large amount of
data during their observation runs. Even though only one of
the detector output channels contains the astrophysically-
significant gravitational-wave strain, all the auxiliary chan-
nels have the potential of containing information that could
be used to reduce the background noise in the main
channel. Given the vast amount of data collected, the
challenge is to determine which ones of the many auxiliary
channels are useful. We described a brute-force approach
that allowed us to discover many linear and stationary noise
couplings from auxiliary channels to the main output
channel. This tool has been routinely used in the past
years to characterize the Advanced LIGO and Virgo

FIG. 5. Result of some stationary and nonstationary noise
subtractions for the Advanced LIGO Hanford detector during
the O3 observing run [2]. The two insets show zoomed-in
versions of the main plot, highlighting some areas where non-
stationary coupling was visible around some prominent lines (the
60 Hz power supply and some angular control calibration lines
around 20 Hz). The broadband improvement at frequencies
below 30 Hz is due to the subtraction of linearly coupled angular
and longitudinal feedback control channels. Each trace shows the
power spectral density of the detector output, calibrated in
gravitational-wave strain. The blue trace is the original channel,
before any subtraction. Each other trace shows the cumulative
effect of additional noise subtractions: the orange trace shows the
effect of removing the 60 Hz power line sidebands only; the green
trace shows the effect of removing the angular calibration lines
and sidebands from the data of the orange trace; finally the red
trace shows the effect of all noise subtractions together.

FIG. 6. Comparison of the detector range for binary black hole
coalescence signals with and without the noise subtraction. The
range is the maximum distance at which a signal could be
detected with a signal-to-noise ratio of 8, averaged over sky
position and source orientation [36]. The range is shown as a
function of the component mass, for equal-mass binaries with no
spin, integrating from 10 Hz. The bottom panel shows the
improvement obtained with the noise subtraction. The effect is
larger for the more massive binary systems.
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detector sensitivity and to discover possible schemes for
noise subtraction. How to extend this method to the case of
nonlinear noise couplings is not straightforward. We argued
that most of the deviations from linearity in gravitational-
wave detectors are likely to be small, due to the linearizing
action of the feedback loops. Moreover, due to the use of
sophisticated seismic isolation systems, many of the signals
have content only at low frequency, reducing the quadratic
coupling to an equivalent time-domain modulation of linear
couplings. We therefore developed a tool to check for
modulated noise couplings, where the modulation witness
channels are assumed to be known. This simple extension
of the linear brute-force coherence tool already proved to be
useful in discovering new couplings.
We finally showed how the parametric and time-domain

noise subtraction technique already presented in [14] could
be used to significantly improve the low-frequency sensi-
tivity of the Advanced LIGO detectors, by cleaning the data
collected during the O3 science run. This method has been
employed to remove power supply noise and angular and
longitudinal control noises from the entirety of the O3
science run data. This is only the starting point, since an
iterative approach is possible: the brute-force coherence
algorithms can now be applied to the improved data, to
discover new noise sources that can be removed.
The fact that the noise subtraction algorithm delivers

directly the coefficients of time-domain infinite-impulse
response filters means that it is amenable to an online
implementation, where noise can be subtracted from the
data as it is collected, in low latency. The advantages are
multiple. On the detector side, a low-latency noise sub-
traction can allow for a quicker removal of noise sources

and a fast discovery of additional noise sources. From an
astrophysical point of view, having lower background noise
with low latency allows the gravitational-wave signal
searches to detect more candidates in real time, increasing
the potential of real-time multimessenger astronomy [37].
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