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The short-duration noise transients in LIGO and Virgo detectors significantly affect the search
sensitivity of compact binary coalescence (CBC) signals, especially in the high mass region. In
the previous work by the authors [1], a χ2 statistic was proposed to distinguish them from CBCs.
This work is an extension where we demonstrate the improved noise-discrimination of the optimal
χ2 statistic in real LIGO data. The tuning of the optimal χ2 includes accounting for the phase
of the CBC signal and a well informed choice of sine-Gaussian basis vectors to discern how CBC
signals and some of the most worrisome noise-transients project differently on them [2]. We take
real blip glitches (a type of short-duration noise disturbance) from the second observational (O2)
run of LIGO-Hanford and LIGO-Livingston detectors. The binary black hole signals were simulated
using IMRPhenomPv2 waveform and injected into real LIGO data from the same run. We show
that in comparison to the traditional χ2, the optimal χ2 improves the signal detection rate by
around 4% in a lower-mass bin (m1,m2 ∈ [20, 40]M�) and by more than 5% in a higher-mass bin
(m1,m2 ∈ [60, 80]M�), at a false alarm probability of 10−3. We find that the optimal χ2 also
achieves significant improvement over the sine-Gaussian χ2. [This document has been assigned the
report number LIGO-DCC-P2200288.]

I. INTRODUCTION

Gravitational-wave (GW) astronomy has achieved
several feats in recent years – following up on the first
detection of the binary black hole merger GW150914 [3].
After the first breakthrough detection, two LIGO detec-
tors (in Livingston and Hanford) [4] along with the Virgo
detector (in Cascina) [5] have observed more than 90
compact binary coalescence (CBC) signals from various
kinds of binaries involving black holes (BHs) and neutron
stars (NSs) in their first three observation runs [6]. The
fourth observation (O4) run is expected to start in 2023,
and is expected to include KAGRA [7]. The GW com-
munity is expecting the CBC detection rate to increase
significantly in O4. It is, therefore, important to find
ways to effectively handle data quality and detector char-
acterization to improve the search sensitivity so as not
to miss interesting signals. Currently, high-mass CBC
searches (for component mass > 60M�) are adversely
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affected by noise transients [8, 9] and some works have
developed techniques to improve the search sensitivity
in that part of the CBC parameter space [1, 2, 8, 10–
14]. These works include statistical, instrumental and,
recently, a few machine-learning efforts.

All studies about the sensitivity in the high-mass CBC
parameter region typically mention the impact of blip
glitches [15] as a major source of deterioration in the
sensitivity. These glitches are a type of short-duration
noise artifact found in both LIGO detectors as well as
in the Virgo detector. The duration of these glitches is
around 10ms. In the frequency domain they are over
100Hz wide. Recent studies on the blips in O2 run men-
tion that they occur 2-3 times per hour in both LIGO
detectors. The reason behind blips affecting the CBC
search sensitivity is that their time-frequency morphol-
ogy has a lot of similarity with GW signals from CBCs
with high total mass, high mass-ratio or component spin
and orbital angular momentum anti-aligned [1, 8]. These
are essentially signals from binary black holes (BBHs).

According to recent blip studies, their source is still
unknown [15]. These types of glitches do not show
much correlation with any of the auxiliary channels (i.e.,
noise source monitoring channels). Therefore, it is tricky
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to confirm them as non-astrophysical and remove them
from short-duration signal searches. One way to veto
blips from GW data is to develop a statistical test that
can differentiate them from CBC signals based on their
different characteristics (e.g., in spectrograms). There
are χ2 statistics, such as the traditional-χ2 [16] and sine-
Gaussian χ2 [8], that are implemented in GW search
pipelines to tackle glitches, with, especially, the latter
showing some success in discriminating against blips.
Still a lot of room for improvement and complementing
current methods exists in this regard.

In this work, we exploit the unified χ2 formalism [1]
to develop a new χ2 statistic that incorporates informa-
tion about how blip glitches and BBH signals project
differently on a basis of sine-Gaussian functions. Follow-
ing that work, we call it the optimal sine-Gaussian χ2

statistic, or just the optimal sine-Gaussian χ2 for short.
We also tune it in real data to specifically reduce the
impact of blip glitches on the sensitivity of non-spinning
BBH searches. Previous work in this connection – in
Ref. [1] – had developed such a statistic targeting simu-
lated sine-Gaussian transients. Spinning BBH searches
will be pursued in a separate work.

This paper is organized as follows. In Sec. II, we dis-
cuss theoretical aspects of the optimal χ2 including a
brief introduction to the general framework of the χ2

statistics. Sec. III describes the process of creating the
optimal χ2. That is, how we select the basis vectors and
ways to limit the number of basis vectors. Sec. IV talks
about the results and performance of optimal χ2 in real
data. Finally, in Sec. V we discuss the future applicabil-
ity and prospects of this work.

II. χ2 DISCRIMINATORS AND THEIR
OPTIMISATION

A. General Framework

The general framework for χ2 discriminators has been
described in [17]. It unifies the χ2 discriminators and
is, therefore, appropriately termed as the unified χ2. In
this framework, a data train x(t) defined over a time
interval [0, T ] is viewed as a vector x. Such data trains
form a vector space D. Vectors in D will be denoted in
boldface, namely, x,y ∈ D. Since the detector strain
is typically sampled at a high rate, of O(103) Hz, and
the signals studied here can be as long as O(103) sec,
the data vectors can have large number of components,

i.e., N ∼ 106 or larger. Hence, D is essentially the N -
dimensional real set RN . When additional structure is
added to D, namely, that of a scalar product, then it
becomes a Hilbert space.

Next consider the detector noise n(t), which is a
stochastic process defined over the time segment [0, T ].
It has an ensemble mean of zero, and is stationary in the
wide sense. A specific noise realisation is a vector n ∈ D,
where n is in fact a random vector. Its one-sided power
spectral density (PSD) is denoted by Sn(f). If x̃(f) and
ỹ(f) are the Fourier representations of the vectors x and
y, respectively, then the scalar product of two vectors x
and y in D is given by:

(x,y) = 4<
∫ fupper

flower

df
x̃∗(f)ỹ(f)

Sh(f)
, (1)

where the integration limits usually demarcate the signal
band of interest, [flower, fupper]. We have used an inte-
gral for the scalar product because the number of com-
ponents of a data vector is very large, as argued above,
and the continuum limit may be taken from a sum to an
integral.

The χ2 discriminator is a mapping from D to positive
real numbers and is defined so that its value for the sig-
nal is zero and for Gaussian noise has a χ2 distribution
with a reasonable number of degrees of freedom, p. Typ-
ically, the number of degrees of freedom is a few tens to
a hundred. If a template h is triggered, then the χ2 for h
is defined by choosing a finite-dimensional subspace S of
dimension p that is orthogonal to h, i.e., for any y ∈ S,
we must have (y,h) = 0. Then the χ2 for the template
h is defined as just the square of the L2 norm of the
data vector x projected onto S. Specifically, we perform
the following operations. Take a data vector x ∈ D and
decompose it as:

x = xS + xS⊥ , (2)

where S⊥ is the orthogonal complement of S in D. xS
and xS⊥ are projections of x into the subspaces S and
S⊥, respectively. We may write D as a direct sum of S
and S⊥, that is, D = S ⊕ S⊥.

Then the required statistic χ2 is,

χ2(x) = ‖xS‖2 . (3)

The χ2 statistic so defined has the following properties.
Given any orthonormal basis of S, say eα, with α =
1, 2, ..., p and (eα, eβ) = δαβ , we obtain the following:
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1. For a general data vector x ∈ D, we have:

χ2(x) = ‖xS‖2 =

p∑
α=1

|(x, eα)|2 . (4)

2. Clearly, χ2(h) = 0 because the projection of h into
the subspace S is zero, i.e., hS = 0.

3. Now, the noise n is taken to be stationary and
Gaussian, with PSD Sn(f) and mean zero. There-
fore, the following is valid:

χ2(n) = ‖nS‖2 =

p∑
α=1

|(n, eα)|2 . (5)

Observe that the random variables (n, eα) are in-
dependent and Gaussian, with mean zero and vari-
ance unity. This is because 〈(eα,n)(n, eβ)〉 =
(eα, eβ) = δαβ , where the angular brackets denote
ensemble average (see [18] for proof). Thus, χ2(n)
possesses a χ2 distribution with p degrees of free-
dom.

For convenience, one is free to choose any orthonor-
mal basis of S. In an orthonormal basis the statistic is
manifestly χ2 since it can be written as a sum of squares
of independent Gaussian random variables, with mean
zero and variance unity.

In the context of CBC searches, however, we have a
family of waveforms that depend on several parameters,
such as masses, spins and other kinematical parameters.
We denote these parameters by λa, a = 1, 2, ...,m. The
templates corresponding to these waveforms are normal-
ized, i.e., ‖h(λa)‖ = 1. Then the templates trace out
a manifold P – the signal manifold – which is a sub-
manifold of D. We now associate a p-dimensional sub-
space S orthogonal to the template h(λa) at each point
of P – we have a p-dimensional vector-space “attached”
to each point of P. When done in a smooth manner,
this construction produces a vector bundle with a p-
dimensional vector space attached to each point of man-
ifold P. We have, therefore, found a very general mathe-
matical structure for the χ2 discriminator. Any given χ2

discriminator for a signal waveform h(λa) is the square
of the L2 norm of a given data vector x projected onto
the subspace S at h(λa).

It can be easily shown that the traditional χ2 falls un-
der the class of unified χ2. This is done by exhibiting
the subspaces S or by exhibiting the basis vector field for

S over P; the conditions mentioned above must be sat-
isfied by S. In [19] such a basis field has been exhibited
explicitly.

B. Optimising the χ2 discriminator

The χ2 discriminator must produce as large a value as
possible for a glitch in the data. In our framework we
achieve this, on average, given the collection of glitches.
The optimisation is therefore carried out for a family
of glitches, say, G. Here we will model the glitches as
sine-Gaussians and select a family of such glitches based
on the ranges of the parameters describing the sine-
Gaussians. The subspace S then must be chosen in such
a way as to have maximum projection on an average.
Also one must keep in mind that S must be orthogonal
to the trigger template. These two criteria essentially
guide us to obtain the subspaces S. The third criterion
is that its dimension should be kept small in order to
keep the computational cost at a reasonable level.

More specifically for a given trigger template h, we
perform the following steps:

1. Sample the parameter space G of the glitches (sine-
Gaussians) sufficiently densely so that the sam-
ple is representative. We call the subspace of D
spanned by these sampled vectors as VG . This is
done efficiently and conveniently with the help of
a metric, as will be described in Sec. III A.

2. Since S should be orthogonal to h, we remove the
component parallel to h from each of the sample
vectors spanning VG . Thus if v ∈ VG , then we
define v⊥ = v− (v,h)h. These vectors v⊥ by con-
struction are orthogonal to h. The space spanned
by these clipped vectors v⊥ is called V⊥.

3. Next we apply Singular Value Decomposition
(SVD) to the row vectors of V⊥ to obtain the best
possible approximation of lower dimension say p.
We will put a cut-off on the singular values so that
projection obtained is as large as desired, say, 90%.
The singular vectors corresponding to the singular
values obtained by applying the cut-off generate
the subspace S.

For further details of procedure we refer to [19]. In the
next section, Sec. III A, we describe how one can define
a metric on G to obtain the sample vectors that span VG .
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III. CONSTRUCTING THE OPTIMAL χ2

DISCRIMINATOR

A. Selection of vectors that span VG

In order to form an optimal χ2, it is important that
we select appropriate vectors in VG to project the GW
data on. In order to improve the sensitivity of CBC
searches, we specifically target the blip glitches in this
work, which are a major source of reduction in CBC
search sensitivity. A recent work [1] demonstrates how
transient bursts represented by sine-Gaussian waveform
[20] can be vetoed with the help of an optimal χ2 from
the GW data. Since the blip glitches are also known
to have a time-domain morphology similar to the sine-
Gaussian waveforms, we use these waveforms to form the
vectors in VG for constructing an optimal-χ2. To allow
for an arbitrary phase, we use a complex-valued sine-
Gaussian waveform. This is an improvement over our
earlier work [1], especially relevant in dealing with the
general scenario. In the time domain the sine-Gaussian
waveform can be defined as,

ψ(t; t0, f0, Q) =A exp

(
− 4π2f20

Q2
(t− t0)2

)
exp [−i2πf0(t− t0)] .

(6)

In the frequency domain, it is

ψ̃(f ; t0, f0, Q) =Ã exp

(
− Q2

2πf20
(f − f0)2

)
exp [−i2πt0(f − f0)] ,

(7)

where t0 is central time, f0 is central frequency, Q is the

quality factor, and the amplitudes are A =

(
8πf2

0

Q2

) 1
4

and Ã =

(
Q2

2πf2
0

) 1
4

.

To calculate the metric in the (t0, f0, Q) space we
begin by considering two neighboring sine-Gaussian
waveforms in that space, namely, ψ1(f ; t0, f0, Q) and
ψ2(f ; t0 + dt0, f0 + df0, Q+ dQ). A metric may then be
introduced on this space as a map from the differences
in the parameters of these waveforms to the fractional
change in their match:

ds2 =

(
4π2f20
Q2

)
dt20 +

(
2 +Q2

4f20

)
df20 +

(
1

2Q2

)
dQ2

−
(

1

2f0Q

)
df0dQ.

(8)

We do not consider the noise power spectral density
(PSD) to calculate the metric since it has negligible ef-
fect on the arrangement of the vectors in VG [20]. The
above metric (in Eq. (8)) can be reduced to its diagonal
form using the transformations,

ωo = 2πf0 (9)

and

ν =
ωo
Q
. (10)

In the new coordinates, (t0, ω0, Q), the metric takes the
form

ds2 = ν2dt20 +
1

4ν2
dω2

0 +
1

2ν2
dν2. (11)

In comparison to the metric in Ref. [1], this metric has
no ω0 term multiplying dt20. This results from our ac-
counting for the aforementioned arbitrary phase of the
sine-Gaussian waveform in this work.

As mentioned in Ref. [21], a CBC template is triggered
with a time lag td after the occurrence of a glitch, i.e.,
after t0. The time td is given by [21],

td ' τ0
(

1− 16

3Q2

(
ζ +

2

3

))
, (12)

where the second term inside the parentheses determines
the magnitude of the “correction” beyond the chirp time
τ0, which is given by

τ0 =
5

256πf0
(πMf0)−5/3, (13)

and ζ is negative of the logarithmic derivative of the
noise PSD (Sh(f)) evaluated at f0.

The metric in Eq. (11) can be reduced to a more sim-
plified form with the help of transformations

z = (ω0M)−5/3 and y = ln(ν/rad/sec) , (14)

such that

ds2 =

[
2−14/3

Q2
+

9Q2

100z2

]
dz2 +

1

2
dy2. (15)

By examining Eq. (12), one may reckon that for Q ∼ 2
the td would be significantly affected. This is in fact
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so but it turns out that it makes little difference to the
metric. This can be seen as follows. In Eq. (12) the cor-
rection term is inversely proportional to Q2; therefore,
for high Q, say, with Q & 5, it is negligible. Also, at
high central frequencies, i.e., f0 & 500 Hz, the factor
(ζ + 2/3) is small for the aLIGO design PSD. Thus, in
either case one has td ≈ τ0. The remaining case is one
where f0 ∼ 100 Hz and Q ∼ 2. Now the term arising
from td is the second term multiplying dz2 in the metric
expression Eq. (15). It turns out that this term is small
compared to the first one in the same metric expression
– about 14% at this frequency. Hence, even if the td is
changed significantly, it makes a small difference to the
metric. To summarize, in most of the parameter space
we consider, the metric given in Eq. (15) applies and our
sampling based on this metric valid to a good approxi-
mation.

From a broader perspective, the main idea is to sample
the parameter space of glitches adequately, so that they
are not misidentified. Thus, any inadequacy resulting
from inaccuracies of the metric can be easily remedied
by more densely sampling the parameter space. This
can be achieved by just increasing the match between
neighbouring points. We have explored this possibility
and find that it does not lead to dissimilar results.

To choose the appropriate vectors in VG for the
optimal-χ2, we take help from the sine-Gaussian projec-
tion maps introduced in Ref. [2]. The SGP maps are a
projection of GW data onto the sine-Gaussian parameter
space. We experimented with several real blips and simu-
lated CBC signals to model their projections on the sine-
Gaussian parameter space. As seen in Fig. 1, blips and
CBC signals show projection in distinct regions of the
sine-Gaussian parameter space. Blips project strongly
in the frequency region above 100 Hz, whereas for the
CBC signals with component masses above 10 M� the
projection lies mostly below 100 Hz. Along the Q co-
ordinate, the CBC signals show more elongated features
than the blips. This difference in the projections of blips
and CBCs on sine-Gaussians paves the way for select-
ing appropriate vectors in VG to formulate an optimal-
χ2 following the unified χ2 formalism [17]. We choose
parameter ranges such that the blips have a high projec-
tion on these vectors that lead to higher values of the χ2

statistic for blips than CBC signals. In our case, we find
f0 ∈ [100, 500] Hz and Q ∈ [2, 8].

To construct the VG vectors in the chosen region of
the sine-Gaussian parameter space we first use Eq. (15)
to sample points in the z-y space. The coefficients of

dz2 depend on Q, f0 and the chirpmass M through the
parameter z. To get a flat metric in z-y space, we fix
Q = 8 and f0 = 500 Hz. The choice of Q and f0 is made
after observing that it provides sufficiently dense sam-
pled points such that the mismatch between two neigh-
bouring vectors is not more than 0.20. After sampling
points in the z-y space, we transform them back to the
Q-f0 space. The top panel of Fig. 2 shows points sam-
pled in the z-y space, while the bottom panel shows the
same points after transforming to the Q-f0 space. Sine-
Gaussian waveforms are chosen corresponding to each of
these sampled points. The number of total points can
vary depending on the chirp mass M of the triggered
template. This can lead to a large number of vectors.
To reduce that number, note that most of them are not
linearly independent. We, therefore, use singular value
decomposition (SVD) (discussed below in Sec. III B) to
obtain the (much smaller number of) basis vectors from
that sample. The resultant SVD vectors are then used
to project the GW data upon them using Eq. (1). As
it turns out, we require just about three vectors – on
which the data show maximum projection – to compute
the optimal-χ2, which is then defined as,

χ2
opt =

3∑
α=1

|(x,gα)|2 , (16)

where x is the data vector and gα are the three afore-
mentioned basis vectors.

B. Reducing the number of degrees of freedom of
the χ2

The selected vectors (sine-Gaussians) as described in
Section III A usually turn out to be quite large in num-
ber. After time-shifting the sine-Gaussians and clipping
their components parallel to the template, they span the
subspace V⊥ (see Section II B). We could in principle
use V⊥ on which to project the data vector and compute
the χ2 statistic. But the dimension of V⊥ is usually large
and in practice it would involve too much computational
effort and slow down the search pipeline – the χ2 would
involve too many degrees of freedom, namely, the dimen-
sion of V⊥. Therefore, we look for the best p-dimensional
approximation to V⊥, where p is reasonably small. The
SVD algorithm allows us to achieve just this – this is the
essence of the Eckart-Young-Mirsky theorem [22].

However, the SVD cannot be applied directly to the
selected vectors in VG . The input matrix, say, M needs
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FIG. 1. The sine-Gaussian projection map of an H1 blip from the O2 run with SNR = 16 (left) and a simulated BBH event
injected in real noise from H1 O2 run with the same SNR (right). Here the SNRs for the blip and the CBC signal are obtained
via identical matched-filtering operations. The colorbar represents relative values of the projections [2].

to be first prepared. We briefly describe the procedure
here since the full details can be found in [1]. The fol-
lowing are the salient steps needed:

• The sine-Gaussians have central time t0 = 0 and
they need to be appropriately time-shifted with re-
spect to the time of occurrence of the trigger. We
will always take the trigger to occur at t = 0, and
so the glitch must have occurred at time −td. Ac-
cordingly the sine-Gaussians have to be shifted by
the time −td. Since we write the input matrix in
the Fourier domain, this is achieved by multiplying
each row vector by the phase factor e2πiftd .

• The selected vectors need to be clipped by sub-
tracting out from each sine-Gaussian its compo-
nent parallel to the template. The clipped and
time-shifted sine-Gaussians span the subspace V⊥
of D. The desired subspace S is a subspace of V⊥.

• The usual SVD algorithm “sees” the Euclidean
scalar product. However, here we have a weighted
scalar product – inversely weighted by the PSD
Sh(f). So in order the apply the usual SVD al-
gorithm we need to whiten each row vector. This

is achieved by dividing each Fourier component of
the row vector by

√
Sh(f).

• The input matrix is now ready to be fed into the
SVD algorithm.

This is however not the end of the story. We have to
also modify the output - which are the right singular vec-
tors. We need to unwhiten these vectors by multiplying
by the factor

√
Sh(f). The unwhitened singular vectors

are orthonormal in the weighted scalar product.

The SVD algorithm also yields singular values σi, i =
1, 2, ..., r. The Frobenius norm of the input matrix is just
‖M ‖F=

∑r
i=1 σ

2
i . The number of degrees of freedom p

are chosen so that:

p∑
i=1

σ2
i & (1− δ) ‖M ‖F , p ≤ r, (17)

where δ may be chosen to be, say, 0.1 or 10 %. The
subspace S is generated by the first p right singular vec-
tors and so has dimension p. This also means that we
have a projection of about 90%, on the subspace S. S
is the best p dimensional approximation to V⊥ – it is
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FIG. 2. Sampled points in the z − y space (top) for a triggered template with component masses (70,70) M�, and a chirp
mass of 60.9 M�. The rectangular region f0 ∈ [100, 500] Hz and Q ∈ [2, 8], in the f0 − Q space (bottom), transforms to a
trapezium in the z − y space. Neighboring points have a minimum match of 80% and are essentially uniformly placed in the
z − y plane. There are a total of 58 sampled points in this plot. This number can vary with the chirp mass of the triggered
template.
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essentially a p-dimensional least-square fit to V⊥ (see [1]
for more discussion). We have also succeeded in reduc-
ing the number of degrees of freedom of the χ2 to p.
Typically, for the ranges of parameters f0, Q, M, etc.,
considered here, the number of selected vectors in VG is
about a few hundred while p < 10. Thus, p is much
smaller than the number of selected vectors in VG .

IV. RESULTS

In this study we tuned the optimal-χ2 specifically for
the blip glitches. In order to test the effectiveness of the
optimal-χ2 in differentiating the blips from non-spinning
BBH signals, we chose real blips from the LIGO O2
run, as identified by the Gravity Spy tool [23–27]. Blips
were selected from both Hanford and Livingston detec-
tors when they had a confidence level of 0.6 on a scale of
0 to 1, as rated by Gravity Spy. A total of 4000 strain
data segments, each of length 16 sec and containing a
blip with a matched-filtering signal-to-noise ratio (SNR)
between 4 and 30, were chosen. The BBH data sample is
prepared by simulating the BBH signals using the fam-
ily of IMRPhenomPv2 waveforms [28]. The simulated
BBH signals also span the same SNR range, namely, 4
to 30, uniformly. We divide the signals into two classes
based on their component masses: one class consists of
signals with component masses m1,m2 ∈ [20, 40]M� and
the other consists of m1,m2 ∈ [60, 80]M�. The purpose
of the classification was to compare the performance of
the optimal-χ2 in the two ranges of masses and use it to
understand which part of the BBH parameter space is
adversely affected by the blips thereby making the search
sensitivity worse for the adversely affected class. For the
studies in this section, we needed 3 (complex) basis vec-
tors in Eq. (16) for the construction of the optimal-χ2,
which amounts to 6 degrees of freedom for that statistic.

To calculate the SNR for both the blips and and BBHs
signals, we use different CBC template banks for the
two classes. For lower masses m1,m2 ∈ [20, 40], we use
a template bank with total mass Mtotal ∈ [30, 90]M�
and q ∈ [1, 10]. For higher masses, m1,m2 ∈ [60, 80],
we use a template bank with the range of total masses
Mtotal ∈ [100, 180]M� and q ∈ [1, 10]. The BBH signals
so prepared are injected into 16 sec long data segments
from O2 that are not known to have any astrophysical
signals in them. These data segments are multiplied with
the Tukey window in order to make smooth transition
to zero at the edges, which takes care of any possible

spectral leakage during the analysis.

We use the receiver-operating characteristic (ROC)
curves to assess the performance of the optimal χ2 and
compare it with that of the traditional χ2 and sine-
Gaussian χ2 statistics. First, the optimal, traditional
and sine-Gaussian χ2s are calculated for the chosen sam-
ple of BBHs and blips, in addition to their respective
SNRs, as shown in Fig. 3 and Fig. 4. We then use the
ranking statistic defined in Ref. [29, 30] to rank the trig-
gers in case of traditional χ2. On the other hand, for
sine-Gaussian and optimal χ2 we use the new ranking
statistic defined in Ref. [8]. The choice of ranking statis-
tic for traditional and sine-Gaussian χ2 is the usual one.
The decision to use the new ranking statistics in case
of optimal χ2 was made after finding how both ranking
statistics affect the performance of the optimal χ2. As
we can see from the ROC curves in Fig. 3 and Fig. 4
(right panel), the optimal χ2 performs better than the
traditional and sine-Gaussian χ2 at all false alarm prob-
abilities in both classes. With optimal χ2, we are able
to achieve an improvement in sensitivity of around 4%
over the traditional χ2 at false alarm probability of 10−2

for lower masses m1,m2 ∈ [20, 40]. For higher masses
m1,m2 ∈ [60, 80]M�, we see that the optimal χ2 shows
improvement in sensitivity of more than 5% at false
alarm probability of 10−2. The optimal χ2 performs bet-
ter than the traditional χ2 irrespective of the masses, and
moreover there is significant improvement in the sensi-
tivity over the sine-Gaussian χ2.

The optimal χ2 performs better since it accounts for
the differences and similarities between blips and BBH
waveforms quantitatively by utilizing the metric in the
sine-Gaussian space [1]. The performance improvement
is superior for higher mass BBHs because those signals
occupy a lower part of the frequency band compared
to the blips. The improvement over the sine-Gaussian
χ2 can be understood in terms of the choice of Q and
f0 range while sampling the sine-Gaussian waveforms to
construct the VG vectors and then subtracting the trig-
gered templates from them. This work makes a few ad-
vances compared to the previous implementation of the
optimal χ2 [1]. For instance, here we utilized the complex
form of the sine-Gaussian waveforms to account for the
phase of the signal. Moreover, the sine-Gaussian pro-
jection maps [2] helped us in identifying appropriate re-
gions in the sine-Gaussian parameter space to choose the
VG vectors from for the construction of the optimal χ2

statistic. These advances also helped in bringing about
appreciable improvement in CBC search sensitivity over
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FIG. 3. The figure on the left shows different types of χ2 vs SNR scatter plots. The corresponding ROC plots for blips vs
BBH signals are shown on the right. Here we use 4000 real O2 H1 blips and 4000 simulated CBC signals with component
masses uniformly distributed in range [20, 40]M�. To calculate the SNR in this case we have used a CBC template bank with
total mass Mtotal ∈ [30, 90]M� and mass ratio q ∈ [1, 10].

FIG. 4. This figure is similar to Fig. 3 but for a different range of masses. Similar to that figure, here we plot 4000 real O2
H1 blips and 4000 simulated CBC signals with component masses uniformly distributed in the range [60,80] M�. To calculate
the SNR in this case we have used a CBC template bank with total mass Mtotal ∈ [100, 180]M� and mass ratio q ∈ [1, 10]. As
seen in the right figure, the optimal χ2 performs better than the other two alternatives in this experiment in real data.
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FIG. 5. The component masses of all templates employed
are shown in green. In contrast, the red ones (which are their
subset) show the templates that are triggered by any of the
(real) blips from a sample of 4000 – taken from Livingston
and Hanford detectors’ O2 run. Corresponding to each mass
axis, there is a histogram showing the number of templates
triggered at each component mass value.

traditional and sine-Gaussian χ2.

It must be emphasized that just like for the tradi-
tional χ2, the computation of the optimal χ2 uses the
parameter values of the triggered template. Therefore,
the choice of template-bank boundaries while doing the
matched-filtering operation can play an important role
in its effectiveness. As we can see in the Fig. 5, blips can
trigger a wide variety of templates, and a narrow tem-
plate bank choice can adversely affect the performance
of the optimal χ2.

V. DISCUSSION

Owing to their time-frequency morphological similar-
ity with high-mass BBH signals, the short-duration noise
transients affect the search sensitivity of those signals
adversely. In this study, we showed how the optimal χ2

can be constructed in real LIGO data so as to reduce

that impact. The previous version of optimal χ2 intro-
duced in Ref. [1] is further tuned here to veto the blip
glitches. A few advances have been made here compared
to past works on the optimal χ2 discriminator that have
helped us in achieving a modest improvement over the
existing χ2 tests. The first one was accounting for the
phase of the signal in the construction of the basis vec-
tors – by using complex sine-Gaussian waveforms. The
second contributor was the use of projection maps [2],
which guide us in locating the region in sine-Gaussian
parameter space from which the initial sine-Gaussians
should be chosen for constructing the basis vectors used
in computing the optimal χ2.

The computational cost per trigger of the optimal χ2

is higher than that of the traditional χ2 and the sine-
Gaussian χ2. A major fraction of this cost arises from
the construction of orthonormal basis vectors described
in Sec. III B. This makes the implementation of the opti-
mal χ2 in an online search less efficient computationally.
A straightforward way to reduce this inefficiency is to
construct the orthonormal basis vectors beforehand for a
set of template masses. In case of a high-mass template-
bank, this advance preparation can be done for all the
templates, as their number is relatively small. In case
of low-mass template-banks, a more sparsely-populated
fraction of templates can be selected for pre-computation
of the orthonormal basis vectors. The optimal χ2 is then
computed using the basis vectors of the nearest template.

As noted before, there have been some attempts to
veto blip glitches from the data with the help of a χ2

like statistic [8] and machine learning networks [2, 31]
– claiming varying degrees of improvement in the BBH
search sensitivity. Some of these works exploit certain
insights provided by the unified χ2 formalism [17] but
so far none of them fully leverages the power afforded
by it. The work reported in this paper attempted to
bridge that gap – for non-spinning BBH signals. It will
be important to extend this work to explore possible
mitigation of the blips’ effect on spinning CBC searches.
Since prograde spinning systems can push the innermost
stable circular orbit to frequencies higher than their non-
spinning counterparts, the former signals are expected
to have a greater overlap with the blip glitches, which
makes their discrimination less effective. However, since
BBH signals project better on higher Q sine-Gaussians
than blips, involving the optimal χ2 in spinning searches
may help in improving their sensitivities. Spinning BBH
signals can be pursued in a future study.
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