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Abstract
Gravitational wave (GW) astronomy is an emerging field of astro-
physics research that is focused on the ripples in spacetime caused
by cataclysmic events. GW detectors such as the Advanced Laser
Interferometer Gravitational-wave Observatory (LIGO) interferom-
eters, which first detected gravitational waves in 2015, continue to
collect constant streams of GW data. In this paper, we will outline
the current state of machine learning (ML) algorithms in GW re-
search. Many forms of ML frameworks have been proposed with
the purpose of improving data quality through noise detection and
filtering, detecting GW signals in real time, and estimating the pa-
rameters of the GW sources through the development of theoretical
models of waveforms. Moreover, there is strong potential for the use
of ML in analyzing resulting GW data to support related research,
such as the Baryon Acoustic Oscillation (BAO) scale. Preliminary
trials of ML algorithms on real data have shown promising results,
and researchers have further goals of putting the proposed algo-
rithms into practice for real-time analysis as scientific instruments
continue to improve.

1 Introduction
An emerging field of astrophysics research is gravitational wave
(GW) astronomy, the study of ripples in spacetime caused by cat-
aclysmic events. These include the merging of binary black holes
(BBH), collisions of neutron stars, and the continuous spin of mas-
sive objects. First predicted by Einstein through his general theory
of relativity in 1916, gravitational waves were not confirmed to
exist until Hulse and Taylor [1975] discovered a binary pulsar in
1974.

Today’s observations are done by the Advanced Laser Interfer-
ometer Gravitational-wave Observatory (LIGO) detectors, which
are 4 km long cavity arms with good sensitivity across a wise band
centered around 100 Hz and located in Hanford, Washington and
Livingston, Louisiana [8]. The first observation of gravitational
waves was made at LIGO in 2015 [1] and the observatory has since
continued to be at the frontier of gravitational wave astronomy.
After replacing the initial LIGO detectors, the advanced LIGO de-
tectors have an order of magnitude better sensitivity in its most
sensitive band and improved noise levels. Its detections “could in-
clude supernovas, compact object mergers, neutron star instabilities
and cusps in cosmic strings” [8]. Most importantly, its continued op-
eration around the clock provides a continuous stream of valuable
GW data for analysis.

In the past, the size of astronomical data was manageable such
that the main form of research could be done using “qualitative
inspection supported by quantitative analysis” [5]. However, the
sheer volume and complexity of data now makes this impossible,

leading to the adoption of machine learning (ML) algorithms and ar-
tificial intelligence (AI), as “processing and analyzing the increased
rate of detections in future observing runs will require researchers
to streamline current search pipelines” [4].

Fluke and Jacobs [2020] identified seven main categories of
activity—classification, regression, clustering, forecasting, genera-
tion, discovery, and the development of new scientific insights—and
three stages of maturity—emerging, progressing, and established—
in their survey of ML and AI in astronomy. They identified that
many ML techniques employ artificial neural networks (ANNs),
which first appeared in the 1980s. Specifically, convolutional neural
networks (CNNs), an extension of ANNs, contain convolutional lay-
ers that are sensitive to specific features that may have undergone
transformations. The final stage of a CNN is a fully-connected ANN
which can generate a classification or numerical prediction, and is
often used for “a variety of image-based classification, regression,
and discovery activities” [5] including gravitational wave events.

A GW detector’s output “is a temporal series of the detector
strain” [4]. A major obstacle in the analysis of GW data is the
presence of noise, including seismic noise, thermal noise due to
Brownian motion, shot noise due to quantum uncertainties in laser
light, and non-astrophysical triggers in data, known as glitches [12].
The automatic classification of these types of noise, “extracting
features from each glitch time series and mapping these features to
the target glitch types” [4], would significantly increase the speed
at which data can be passed on to analysis. Multiple ML algorithms
were proposed by Powell et al. [2015], which have then been tested
on Year 1 LIGO data [11]. Zevin et al. [2017] proposed Gravity Spy,
a project leveraging human pattern recognition skills to categorize
images of glitches to use as training data for ML algorithms.

Additionally, ML models can detect GW signals in real time and
estimate the parameters of the source through the development
of theoretical models of waveforms [13]. Deep neural networks
(DNNs) can be trained on time-series inputs for “rapid detection
and characterization of gravitational wave signals” [7]. George
and Huerta’s [2018] proposed Deep Filtering algorithm is able to
both detect the presence of a signal in the input and estimate the
parameters of the source of the signal, creating a “single, robust,
efficient data analysis pipeline for GW detectors”.

Finally, in the applications of GW research, there exists potential
for ML to help analyze resulting data. From the first year of the
Dark Energy Survey (DES), Abbott et al. [2019] converted samples
of galaxies into a “three dimensional map in ‘photometric redshift
space’ ” to predict the Baryon Acoustic Oscillation (BAO) scale.
BAO is an important standard for cosmology and crucial for the
understanding of dark energy, and its study uses data collected by
GW detectors.



CSSU Undergraduate Research Conference, March 24, 2026, Toronto, ON, Canada Angela Y. Zheng

2 Improving Gravitational-Wave Data Quality
Currently, one of the most common applications of ML in gravi-
tational wave astronomy is to remove noise from the Advanced
LIGO measurements, as “the sensitivity of advanced gravitational-
wave detectors [is] limited by multiple sources of noise from the
hardware subsystems and the environment” [12] and “the output
signal measured by [the] interferometers is the sum of noise and
GW signals” [4].

Some sources of noise for Advanced LIGO are: “quantum noise
[due to] statistical fluctuations in detected photon arrival”; Brown-
ian noise from test mass thermal noise; thermal noise in the test
mass suspension, “due to loss in the fused silica fibres”; and gravity
gradients due to seismic waves [14].

The term “glitches” refers to “non-astrophysical triggers in sci-
ence data” caused by “instrumental and environmental disturbances”
[12]. To prevent these glitches from being mistaken as GW detec-
tions, searches for unmodelled GW signals “currently combine the
noise frommultiple detectors coherently” [12]. This is done because
it is assumed that the detectors are independent from one another,
meaning that non-astrophysical noise would generally only occur
in one channel and be discarded.

However, glitches can still occur at the same time in multiple
detectors. These events are frequent enough to necessitate the clas-
sification of glitches in order to eliminate noise transients, which
are short-duration, sudden fluctuations in the amplitude of the GW
signal that are often non-stationary and non-Gaussian. Previously,
visually inspecting the glitches’ time series was done to classify
them, but this is a slow and inefficient method that would not keep
up with the Advanced LIGO detectors. In Figure 1 and Figure 2,
Powell et al. [2017] outlined common glitch types in time-domain
spectrograms from the Livingston and Hanford Advanced LIGO in-
terferometers, with a clear visual difference between morphological
transient classes.

Zevin et al. [15] described the three main ways that glitches
impact data analysis: (1) increasing the loudness of the background
in GW searches, thereby reducing the significance of candidate
events, (2) impacting the recovery of astrophysical parameters from
a GW source, and (3) reducing the amount of usable data.

Powell et al. [12] and Zevin et al. [15] both propose ML algo-
rithms that can identify and classify these transient waveforms,
allowing them to be removed appropriately from the data in real-
time, as well as use crowdsourcing to further improve the training
datasets for the MLmodels. ML models excel at being able to handle
“huge data sets, proving invaluable in analyzing auxiliary channel
data” [4], which contain data from a multitude of sensors. Figure 3
shows an example of a signal spike which is observed in multiple
auxiliary channels, therefore indicating that this spike was non-
astrophysical in origin.

2.1 Proposed Algorithms for Real-Time Noise
Classification

Powell et al. [2015] developed “three methods that can be used for
the fast classification of advanced detector noise transients” and
tested them against real LIGO data in 2016, since “prompt charac-
terization of instrumental and environmental noise transients will
be critical for improving the sensitivity of the advanced detectors”.

Figure 1: Examples of typical transient types in spectrograms
from Advanced LIGO Livingston ER7 data. (a) A tear drop
shape. (b) Awhistle glitch. (c) A hardware injection. (d) A type
that has high frequency lines and lower frequency features
(reproduced from [11]).

Figure 2: Examples of typical transient types in spectrograms
fromAdvanced LIGOHanford ER7 data. (a) A tear drop shape.
(b) A transient type with large signal-to-noise ratio and du-
ration. (c) A high frequency type. (d) A longer duration line
(reproduced from [11]).

The main use case for their proposed algorithms are for glitches,
which are classified based on their characteristics in time-series
spectrograms.

The three algorithms are “Principal Component Analysis for
Transients (PCAT), an adoption of LALInference Burst (LIB), and a
combination of a trigger generator called Wavelet Detection Filter



Machine Learning in Gravitational Wave Astronomy CSSU Undergraduate Research Conference, March 24, 2026, Toronto, ON, Canada

Figure 3: An example of time series auxiliary channels, with
the top one monitoring GW signals and the others monitor-
ing sources not sensitive to GW. The spike at 𝑡 = 0 occurring
in multiple channels indicates that this trigger is not caused
by an astrophysical source (reproduced from [4]).

Figure 4: A workflow diagram displaying the classification
methods and procedures for the three algorithms proposed
by Powell et al [2017, 2015]. (a) PCAT. (b) PC-LIB. (c)WDF-ML
(reproduced from [12]).

and Machine Learning techniques (WDF-ML)” [12]. The general
workflow for each algorithm is depicted in Figure 4.

2.1.1 Principal Component Analysis for Transients (PCAT). PCAT is
based on the use of Principal Component Analysis (PCA), with Pow-
ell et al’s [2015] version using Python, and identifies and classifies
noise transients. PCA “consists of a linear orthogonal transforma-
tion of a set of (possibly correlated) variables into a set of linearly
uncorrelated variables, called Principal Components (PCs)” which
“define the direction of greatest variation in the data” [12]. The PCs
indicate the time variability of the LIGO channel and specify the
properties of the transients, in this case, the noise transients in the
time-domain.

In the pre-processing phase, the data is down-sampled, high
passed with a Butterworth 4th order filter, then whitened along
with the Fast Fourier Transform (FFT). Noise transients are identi-
fied when the channel amplitude exceeds a chosen threshold, after

which it is transformed into a standardized data matrix. This data
matrix is decomposed into multiple matrices, one of which contains
the PCs in its rows, sorted by decreasing eigenvalues. Once the
data matrix is projected onto the PC basis, the first few coefficients
(those with the greatest eigenvalues) “identify the most important
features of the glitch waveforms that can be separated from the
noise” [12]. Finally, PCAT “uses the scikit-learn Gaussian Mixture
Model (GMM) algorithm to cluster the PCA-reduced data” [12].

Importantly, the number of PCsmust be chosen carefully, as a low
number of PCs implies insufficient information and a high number
of PCs includes noise features in the reduced dataset, both leading
to the clustering algorithm performing poorly. Although there is
no existing method to compute the ideal number of PCs directly,
researchers commonly set a threshold on the explained variance,
which is a statistical measure computed from the eigenvalues.

2.1.2 LALInference Burst (PC-LIB). LALInference Burst (LIB) “is
a Bayesian parameter estimation algorithm for parameter estima-
tion or model selection for gravitational-wave burst signals” [12].
Powell et al. [2015] adopted the PCA approach taken by Logue et al.
[10] for the classification of glitches, taking the time series of fifty
glitches, applying a high pass filter, and FFT the waveforms (since
“LIB performs model selection in the frequency domain” [12]). PCA
is applied to the waveforms similarly to the PCAT algorithm (Sec-
tion 2.1.1), where the linear combination of the PCs (using the PC
coefficients) is considered the new signal model. Finally, these sig-
nal models for each glitch population are used for Bayesian model
selection, which “can determine the type of each new noise tran-
sient that is detected” [12]. The number of PCs is chosen so that
they accurately describe “a large percentage (≳ 70%)” [12] of the
explained variance in the data, similar to the method described in
Section 2.1.1.

2.1.3 Wavelet Detection Filter and Machine Learning (WDF-ML).
Wavelet-based algorithms “decompose the data into multiple time-
frequency resolution maps” [12] in a method similar to a Fourier
transform. It performs “wavelet domain decomposition using dif-
ferent types of wavelet basis” [12], decomposing the signal into a
mutually orthogonal set of wavelets.

The original signal is projected onto this wavelet basis, thus
the wavelet coefficients (the resulting coefficients of the projection
mapping) “contain the energy of the transient at different scales”
[12]. After thresholding is applied, “only the highest coefficients
of the wavelet transform” [12] remain. These highest coefficients
should only contain features of the transient waveforms, allowing
for the correct identification of the glitch.

WDF-ML initially used an unsupervised classification proce-
dure, as there was no labelled dataset at the time. A supervised ML
algorithm is planned to be implemented using auxiliary monitor-
ing channel data. The unsupervised clustering algorithm identifies
classes of events in the parameter space created by the wavelet de-
composition, and finally applies the GMM classification algorithm.

2.1.4 Evaluation of Proposed Algorithms. Powell et al. [11] followed
up with analysis done on the 7th Advanced LIGO engineering run
(ER7), whichwas conducted during 2015. The two interferometers at
Hanford, Washington (H1) and Livingston, Louisiana (L1) collected
two separate data sets.
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From the L1 detector, out of the noise transients that were not
missed, PCAT classified 95% of them correctly and PC-LIB classified
98% correctly. WDF-ML classified all of the transients and 95% were
correct. From the H1 detector, PCAT classified 99% of non-missed
transients correctly with 95% for PC-LIB. WDF-ML again classified
all transients with 92% accuracy. They concluded that all three
proposed algorithms can classify transient waveforms and have “a
high efficiency in real non-stationary and non-Gaussian detector
noise” [11].

The three algorithms have different strengths and weaknesses.
PCAT can “classify new types of transients as soon as they appear
in the data” [11], thus creating transient waveforms for PC-LIB’s
signal models. PC-LIB has a longer analysis window, and so it
better classifies longer duration transients. Finally, WDF-ML has
the ability to classify lower frequency transients unreachable by
the other two algorithms.

In their future work, they plan to include multiple auxiliary
channels in the classification procedure, use a training set of pre-
classified waveforms, and explore the use of dictionary learning
algorithms for glitch classification.

These three algorithms are significant in being a highly useful
application of ML in GW research, allowing glitch classification to
be performed in real time in accordance with the Advanced LIGO
data collection streams. “As real noise from the advanced detectors
is non-stationary and non-Gaussian, a better understanding of how
[their] methods will perform during the upcoming observation runs
of the advanced detectors is required” [11].

2.2 Gravity Spy: Crowdsourced Training for
Machine Learning Algorithms

When trainingML algorithms, the lack of high-quality, pre-classified
data can be a limitation. Zevin et al. [2017] proposed Gravity Spy, a
project combining crowdsourcing with ML for gravitational noise
classification. The core idea lies in “engaging and recruiting vol-
unteers from the public to categorize images of time-frequency
representations of glitches into pre-identified morphological classes
and to discover new classes that appear as the detectors evolve”
[15]. ML algorithms then classify images after being trained on the
human-classified datasets.

Using the Zooniverse platform, they leverage human pattern
recognition skills by providing labeled morphological classes as
training data. The volunteers can filter based on the duration, fre-
quency, and whether the glitch is evolving in time. After being clas-
sified by these volunteers, the data then gets passed on to the ML
algorithm which classifies the data in full. It determines confidence
scores for each classification and returns the most questionable
glitches back to the citizen scientists for further analysis. The full
project workflow is demonstrated in Figure 5.

Interestingly, the learning pipeline is not one-way; Zevin et al.
[15] proposes the use of ML results to train new human volunteers,
as shown in Figure 6. The platform moves new volunteers through
a sequence of levels and are presented with increasing amounts of
glitch classes and feature sophistication, allowing them to improve
their ability to classify glitches. Volunteers get trained on “gold
standard images”, which are a subset of the dataset that had already

Figure 5: A workflow diagram for the Gravity Spy system
architecture, especially between the interdisciplinary com-
ponents (reproduced from [15]).

Figure 6: A workflow diagram showing the movement of
images and volunteers through the Gravity Spy project (re-
produced from [15]).

been classified by experts, after which they get immediate feed-
back on the accuracy of their chosen class. Finally, the algorithm
assigns tasks based on the capability and historical accuracy of
each volunteer, as it keeps track of “confusion matrices” for each
volunteer.

The ML algorithm used is a deep model with CNN layers, which
is typical for image classification, along with a rectified linear unit
(ReLU) as an activation function.

The initial training set for the algorithm was determined after
consulting with experts, and it contained 7,718 glitches grouped
into 20 classes. The Gravity Spy project was launched publicly on
October 12, 2016 for the “initial renditions of machine learning
models and beta-testing of the human interface” [15]. The ML al-
gorithm was able to achieve an average accuracy of 97.1% for the
testing data.

Before this launch, beta testing in 2016 “engaged over 14,000
users and delivered over 45,000 glitch classifications” and incred-
ibly led to the “discovery of multiple new and substantial glitch
categories from LIGO first observing run” [15]. Two of these glitch
classes were later named “Paired Doves” and “Helix”. Moreover,
Gravity Spy caused hundreds of conversation threads on the Zooni-
verse talk forum and “fostered excitement and intrigue for the
nascent field of GW astrophysics” [15].

A major form of testing for the future is experimenting with
various parameters relating to the training and performance of the
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volunteers, including the speed at which to promote volunteers to
higher levels, the types of motivational messages provided, and the
information shown about each type of glitch. A concern noted by
Zevin et al. [2017] was “how much the volunteers [would] need
to know about gravitational-wave astrophysics and the workings
of the detectors that produce the glitches”, so they incorporated a
mini-course on GW and Advanced LIGO into the platform.

In the future, the Gravity Spy project will continue to operate
and engage with community volunteers with additional tools and
“interaction between project scientists and volunteers on the Talk
forum” [15]. It will also incorporate data from the multiple new
interferometers joining the Advanced LIGO network. Zevin et al.
[2017] concluded that “the integration of human and computer
classification schemes will maintain citizen science as a prolific
scientific tool and allow it to scale with the ever-increasing datasets
of the future”.

3 Real-Time Gravitational Wave Signal
Detection and Parameter Estimation

In addition to the elimination of transient noise in GW data, there
have also been proposals for ML models to be used in the entire
pipeline of detecting GW signals. This specifically involves develop-
ing accurate theoretical models of GW signals in order to be able to
approximate and determine the location and parameters of the GW
sources and, later, the clustering of similar signals. These proposals
would allow the analysis of interferometer data to happen in real
time, as researchers develop increasingly efficient computational
models.

3.1 Developing Theoretical Models of
Waveforms

GW analysis depends on accurate “theoretical models of the gravi-
tational-wave signal that is emitted as binaries coalesce” [13], as
the data from the detectors are “filtered with many theoretically
predicted waveforms with varying binary parameters” [13]. These
waveform models are crucial to determining accurate parameters
for the GW sources.

Setyawati et al. [2020] reviewed the current algorithms being
used, which largely fall under two categories: analytical and nu-
merical relativity (NR). The main analytical model, Post-Newtonian
(PN) expansion, breaks down in certain parts of the signal. Mean-
while, NR waveforms “require high computational resources” [13].
The two new methods being developed to model full waveforms
are effective-one-body (EOB) and phenomenological, which “start
from a reformulation of PN results and calibrate the model to a
select number of NR simulations” [13]. Both rely on interpolation—
“typically [fitting] free coefficients to a set of NR data”—and “tradi-
tional methods originated from approximation theory and numeri-
cal analysis in mathematics” [13].

Machine learning techniques generally involve Gaussian process
regression (GPR) and ANNs. In their study, Setyawati et al. [2020]
trained a multi-layer perceptron (MLP) model on data from binary
black hole (BBH) systems and found that “there is no guarantee
that many neurons [in the neural network] yield smaller error than
fewer neurons” [13], with extra neurons leading to overfitting and
fewer neurons leading to underfitting. While both traditional and

ML models performed better with more training data, Setyawati et
al. [2020] concluded that “one should critically evaluate the perfor-
mance of approximation methods and understand the features of
the method that are necessary for the data of interest”, as simpler
methods can save significantly on computation time.

3.2 Deep Learning for Real-Time Gravitational
Wave Detection

Another such proposal was made by George and Huerta [2018],
involving deep neural networks (DNNs), specifically two CNNs that
take time-series inputs for the “rapid detection and characterization
of gravitational wave signals”. One CNN acts as a “classifier” to
detect the presence of a signal, providing a confidence level for
the detection, and the other acts as a “predictor” to estimate the
parameters of the signal, such as the component masses of a BBH.
Their algorithm takes time-series inputs for both classification and
regression.

Currently, Advanced LIGO uses a time-domain matched-filtering
algorithm, the most sensitive GW detection algorithm available. It
targets a 3 parameter space (“compact binary sources with spin-
aligned components on quasi-circular orbits” [7]) and currently
requires over 2 s to analyze 1 s inputs.

Meanwhile, the DNN was tested with real LIGO noise, with
different realizations of noise randomly sampled from data. This in-
cludes “injections of GW templates originating from quasi-circular,
non-spinning, stellar-mass BBH systems” [7], with an example of
an injection depicted in Figure 7. They found that the Deep Filtering
algorithm could automatically recognize glitches and classify them
as noise, enabling the “detection of new classes of GW sources”,
as well as “interpolate between waveform templates, in a similar
manner to [GPR]” [7]. When the signal-to-noise ratio (SNR) was
greater than 10, the sensitivity was 100% and the false alarm rate
was able to be tuned below 1%, which can be decreased further to
0.01% when the classifier is applied independently to each of the
two detectors and coincidence is enforced.

Figure 7: A hidden BBH GW signal (blue) injected into real
LIGO noise. The GW signal was detected with over 99% sensi-
tivity by the Deep Filtering algorithm (reproduced from [7]).
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The significance is not only the accuracy and potential of this
algorithm, but also the speed and size; “Deep Filtering achieves
similar sensitivities and lower errors compared to matched-filtering
while being more computationally efficient and more resilient to
glitches” [7], as seen in Figure 8. The Deep Filtering algorithm takes
only 85 ms to analyze 1 s of input data on a single CPU core, or
540 µs on a GPU, allowing for faster-than-real-time analysis. Both
CNNs are only 23 MB in size, and encode all relevant information
from 2500 GW templates and several GB of noise used to generate
the training data. Also, while the time for matched-filtering grows
exponentially with the number of parameters, the Deep Filtering
algorithm requires only a one-time training process; afterward, its
analysis is performed in constant time.

Figure 8: A comparison of the proposed Deep Filtering algo-
rithm and the currently used Matched Filtering algorithm in
sensitivity of GW signal detection (reproduced from [7]).

This leads to the potential of creating a unified pipeline for GW
detectors, completing glitch classification, signal detection, param-
eter estimation, and clustering in real-time. George and Huerta
[2018] conclude that the Deep Filtering algorithm could benefit
from training on other researchers’ existing data, such as those
found in the Gravity Spy project [15], as described in Section 2.2.

3.3 Potential Pitfalls of ML in the Detection of
GW Signals

Gebhard et al. [2019] analyzed how CNNs can be used to search for
GWs from compact binary coalescences (CBCs). They particularly
point out possible challenges with the data generation process that
“may lead to unfair comparisons” [6], demonstrating with concrete
examples that their “architecture is also prone to adversarial attacks”
[6].

Referencing George and Huerta [2018] (Section 3.2) as well as
other previous works on CNNs used for GW astronomy, Gehbard
et al. [2019] list some potential pitfalls:

(1) CNNs’ success rate with new inputs “depends also on the
relative frequencies of positive and negative examples in the
training set” [6], and the false positive rate calculated on
training data is not necessarily representative of the true
confidence level for real data.

(2) For an “arbitrarily long input time series that contains a
signal” [6], the model must determine the step size of the
sliding window for streaming data, which contrasts with
the often discrete isolated time series data used in existing
literature.

(3) Overfitting the model to the data due to specific ways of
constructing training data means that CNNs could perform
worse on real GW data.

Subsequently, Gebhard et al. [2019] “develop a promising proof
of concept implementation” that avoids these issues. They outline
their PyCBC search procedure: first, a bank of simulated waveforms
is created through simulation, then an SNR time series is calculated,
and finally, the peaks in these time series are clustered alongside
the parameters to become a trigger.

By adding injections, which are “a simulated waveform that
is added into a piece of background noise ... to emulate a real
gravitational-wave signal”, Gebhard et al. [2019] could evaluate the
detection and false alarm rate of the search pipeline. In the train-
ing procedure, they chose a fully convolutional architecture, being
more computationally efficient than a sliding window approach
due to the overlaps in steps performing redundant computations. Fi-
nally, the network output is smoothed (through rolling average) and
thresholded (mapped from a continuous range to discrete values
based on a set threshold).

For the full test set, the model was able to successfully recover
89% of injections, with the smoothing and thresholding procedures
acting as tuning knobs by “trading off the sensitivity and the false
positive rate” [6].

In their published data generation pipeline, they highlighted a
selection of “ ‘failure modes’ of [their] model which are typical for
deep convolutional neural networks” [6], where signals that are
structurally different from real GW are detected as a false positive.
Despite their notes of caution, Gebhard et al. [2019] conclude that
CNNs are still a promising tool to produce real-time triggers due
to their ability to scale up the number of waveforms presented in
training with fast and efficient computation times.

4 Machine Learning in Applications of
Gravitational Wave Astronomy

Machine learning is not only useful for the detection of gravitational
waves, but also for the related applications of GW astronomy.

One important use for the data from GW detectors is to measure
the BAO scale with increased precision. The “signature of BAO can
be observed in the distribution of tracers in the matter density field
and [is] used to measure the expansion history of the universe” [2].
The BAO acts as a standard ruler, “an object of a known size at a
single redshift, 𝑧, or a population of objects at different redshifts
whose size changes in a well-known way (or is actually constant)
with redshift” [3]. This is especially important for any study in
cosmology, refining the Hubble parameter, and reconstructing “the
underlying dark matter distribution from discrete tracers such as
galaxies” [3].

Abbott et al. [2019] used imaging data from the first year (Y1) of
the Dark Energy Survey (DES) to present “angular diameter distance
measurements”, including a sample of over 1.3 million galaxies. To



Machine Learning in Gravitational Wave Astronomy CSSU Undergraduate Research Conference, March 24, 2026, Toronto, ON, Canada

validate their methodology, they first used 1,800 simulations that
approximated their data sample.

Then, they obtained two different photometric redshift estimates
by converting the galaxy sample into a “three dimensional map in
‘photometric redshift space’ by converting angles and redshifts to
physical distances” [2], and obtained results using two different
photometric redshift estimates. One was machine learning based
(DNF) while the other was template based (BPZ), yielding results
that matched within 0.37𝜎 . Even after conducting stress tests and
varying their methodology, they found that there were no signifi-
cant changes in the BAO measurements.

Ultimately, Abbott et al.’s [2019] measurement of DES Y1 BAO
is consistent with their simulations of the DES Y1 dataset and are
the first BAO measurement results to be obtained from DES. Their
future plans include using a more realistic modeling of photomet-
ric redshift errors, reducing the “uncertainty in the mean of the
redshift distributions”, and “further [investigating] the dependence
of the covariance matrix on cosmological parameters and other
choices” [2]. However, none of these sources of error would re-
sult in systematic uncertainties comparable to the expected future
statistical precision, and they expect to be obtaining results with
smaller statistical uncertainties by a factor of 2 with DES year 3
(Y3) data [2].

5 Conclusion
As the field of gravitational wave astronomy continues to develop,
the possibilities of machine learning applications will only increase.
Advanced LIGO continuously collects new data, providing a grow-
ing GW dataset for analysis.

Already, there are many ways that machine learning algorithms
are being used to support GW astronomy. In the field of noise clas-
sification and elimination, Powell et al. [2017, 2015] developed and
tested three types of ML algorithms that can classify glitches. Ad-
ditionally, the Gravity Spy project [15] crowdsources glitch image
classification from online volunteers, showcasing the potential of
citizen science projects. Moreover, theoretical waveform models
are being developed [13], while George and Huerta [2018] proposed
a Deep Filtering algorithm which is both more computationally
efficient and more resilient than the current matched-filtering algo-
rithm. It integrates the entire pipeline into one, consisting of signal
detection, noise classification, and parameter estimation. Finally,
gravitational wave data is used for other related studies, such as
measuring the Baryon Acoustic Oscillations scale for the fields of
cosmology and dark energy. Abbott et al. [2019] were able to use
machine learning to produce a photometric redshift estimate of the
BAO scale that matched their template-based estimate.

In the future, researchers plan to unify different proposed ma-
chine learning algorithms into a single pipeline that can detect
GW signals, classify and eliminate noise, and perform data analysis.
Additionally, the continued innovation in scientific instruments
will allow Advanced LIGO and its partner sites to detect more GW
signals, and researchers hope to implement ML algorithms in the
production chain for real-time analysis. Ultimately, machine learn-
ing is an innovative technique that is becoming crucial for data
analysis in the growing field of gravitational wave astronomy.
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