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Abstract

The advent of deep learning in the field of gravitational wave (GW) data analysis has facilitated the
development of effective tools for addressing the challenges encountered by traditional methods in
handling the increasing volumes of real-time data. In the process of GW data analysis, data quality
must be appropriately understood and improved because transient noise artifacts limit the detector
sensitivity and reduce the robustness of GW detection. This study presents a systematic literature
review that analyzes deep learning applications in GW data quality studies, investigating their appli-
cation purposes, deep learning techniques employed, performance evaluation parameters, and training
datasets. This systematic review was conducted according to PRISMA guidelines. We identified 54
studies from five databases that satisfied the eligibility criteria. The selected studies were examined
to answer the research questions. The findings of the review indicate that convolutional neural net-
works are the most commonly used deep learning techniques, and it is expected that future research
will focus on applying transformers to similar tasks. In addition, we identified that computation time
was considered as one of the evaluation parameters for assessing the performance of deep learning
techniques, whereas time-related parameters were not considered until 2022. Furthermore, we noted
the imbalance in the use of detector-based datasets for the development of deep learning techniques.
This review is expected to provide researchers with a comprehensive overview of current deep learning
methods in GW data quality studies and highlight key considerations for future research directions.
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1 Introduction

The first observation of a gravitational wave
(GW) signal in 2015 [1] ushered in the era of
GW astronomy. The detection rate of GW signals
has increased with improvements in GW detec-
tors. This has brought about a rapid growth in

the field of GW data analysis, which has pro-
vided valuable information on the properties of
GW sources and the nature of GWs [2]. How-
ever, ground-based detectors encounter challenges
from a variety of external noise sources in addi-
tion to inherent detector noise, which constrains



detector sensitivity[3]. Transient noise artifacts
(i.e., glitches) deteriorate the data quality and
reduce the reliability of GW detection. Some of
these glitches mimic actual GW signals, poten-
tially leading to false alarms [4]. Therefore, data
quality analysis to exclude poor quality data or to
assess the impact of artifacts on the actual GW
signal is crucial for improving the data quality and
is also an essential step for GW data analysis [5].

Several software tools such as UPV [6],
hVETO [7], iDQ [8, 9], and PyChChoo [10] have
been proposed to correlate glitches with numerous
auxiliary channel data from the sensors monitor-
ing the detector. However, these types of mitiga-
tion techniques reduce the analyzable data that
might contain astrophysical GW signals. While it
is desirable to subtract glitches through detector
characterization and noise modeling, the vast vol-
ume of data and the complex coupling character-
istics of noise render glitch subtraction extremely
challenging [11], [12]. In addition, large amounts
of data require real-time analysis in the era of
multi-messenger astronomy. However, traditional
methods are inefficient in handling real-time data
quality assurance [13].

Artificial intelligence, particularly machine
learning, has been proposed as a promising
approach for GW detector data processing. Early
research in the field focused on using machine
learning to automate the identification and clas-
sification of transient noise events [14], [15]. The
advent of deep learning has enabled more effi-
cient analysis and management of large volumes
of data related to auxiliary channels, which have
been regarded as significant challenges in previ-
ous data quality analysis within the domain of
GW data analysis [16]. Recently, deep learning-
based techniques have been applied to every stage
of GW data analysis. Many studies have applied
deep learning to GW signal detection and param-
eter estimation, where traditional methods have
been used [17], [18], [19].

The applications of deep learning in the fields
of astronomy and astrophysics, including GW
data analysis, will become even more crucial in the
future. A comprehensive and systematic under-
standing of the deep learning techniques that have
been applied to date is needed for future techno-
logical development. Nevertheless, as of November
2024, a systematic literature review on the appli-
cation of deep learning techniques to the analysis

of GW data has not yet been conducted. To date,
only two review papers have been published on
the use of machine learning techniques in the field
of GW science. In a pioneering effort, Cuoco et
al.[20] conducted a comprehensive review of the
applications of machine learning techniques for
ground-based GW detector data analysis up to
December 2020, when their paper was published.
In 2023, Benedetto et al.[21] conducted a review
of artificial intelligence techniques applied to GW
analysis, exploring their applications in relation to
software and hardware. However, neither of these
papers has focused exclusively on data quality or
deep learning techniques in particular.

Thus, this study aimed to analyze the applica-
tion of deep learning techniques in GW data qual-
ity studies by answering the following research
questions:

® RQ1: What is the purpose of applying deep
learning for GW data quality studies?

® RQ2: What deep learning techniques are used
for GW data quality studies?

® RQ3: What types of deep learning techniques
are employed for each application purpose?

® RQ4: Which evaluation parameters are used
to assess the performance of deep learning
techniques?

® RQ5: Which datasets are utilized as input for
training deep learning techniques?

® RQ6: Which detectors have provided the
datasets that are utilized as input data for
training deep learning techniques?

e RQT7: What types of input data are utilized
for the training of deep learning techniques?

The objective of this study was to address gaps
in the existing literature by conducting a system-
atic review of studies that have employed deep
learning-based artificial intelligence techniques for
GW data quality studies. The contribution of
this work is threefold: First, we conducted a sys-
tematic literature review that offers researchers a
comprehensive understanding of the application
of deep learning techniques for GW data analysis,
with a particular focus on data quality studies.
Second, we presented the widely used deep learn-
ing techniques, evaluation parameters, and input
datasets for deep learning applications in GW
data quality studies. Finally, we identified future
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considerations for the development of deep learn-
ing techniques to understand and improve GW
data quality. To the best of our knowledge, this
is the first systematic literature review on deep
learning techniques applied to GW data analysis.

The remainder of this paper is organized as
follows. Section 2 introduces the background of
the study. Section 3 outlines the systematic review
methodology used in this article. In Section 4,
the review results, which include the answers to
the research questions, are presented. Section 5
discusses the results of our analysis. Finally, in
Section 6, the overall conclusions of the review are
presented.

2 Background

We provide a concise explanation of the GW data
analysis process in Section 2.1. In Section 2.2,
we briefly describe the basic concepts of deep
learning.

2.1 Gravitational wave data analysis

Gravitational waves (GWs) are ripples in space-
time caused by the acceleration of massive objects,
such as neutron stars or black holes orbiting each
other, which were predicted by Einstein’s general
theory of relativity. Analyzing GW data from GW
detectors can reveal information about the source
and the nature of gravity itself [22].

Figure 1 provides a simplified overview of
the GW detector data processing, including the
data quality analysis addressed in this paper.
This figure is based on the summary presented
in the introduction of [23], with some of the
detailed steps presented in an abbreviated form.
The arrows indicate the primary data flows. A
rectangle represents each step of the data anal-
ysis process, while a rounded rectangle indicates
a multi-step procedure. The collected data from

GW detectors include not only strain data repre-
senting the difference in arm length of the interfer-
ometers, but also various auxiliary channel data
for monitoring the detectors. Data quality analy-
sis, the subject of this paper, involves the analysis
of the data from auxiliary channels to assess their
impact on the GW data, and GW denoising to dis-
tinguish the signal from the noise and remove the
identified transients [24]. Davis and Walker [25]
presented an overview of the detector characteri-
zation and data quality analysis of GW detectors,
focusing on the identification and mitigation of
instrumental problems that impact the quality of
recorded GW strain data. Based on the infor-
mation from data quality analysis, researchers
examine the validity of a detection candidate in
the process of event validation. During the search
process, GW signals are identified in the strain
data by matching them with signal templates
generated by waveform modeling. After signal
detection, parameter estimation is conducted to
extract the astrophysical source properties from
the GW signal. The catalog contains informa-
tion on the event validation, instrument data, and
the properties of GW sources obtained through
parameter estimation.

2.2 Deep learning

Deep learning, a subfield of machine learning, has
rapidly emerged as the dominant research area
within artificial intelligence over the last decade.
Deep learning [26] is based on neural networks,
which consist of input and output neurons resem-
bling the structure of neurons and synapses in the
nervous system. A layer consists of a number of
horizontally aligned neurons, all of which are con-
nected to neurons in the previous and following
layers. When neural networks have multiple hid-
den layers consisting of hidden neurons, they can
be regarded as deep neural networks (DNNs).

In this review, deep learning is defined as the
use of neural networks. A distinguishing feature
of deep learning is its capacity to automatically
discern patterns and extract features from raw
data, which renders it particularly advantageous
in complex tasks such as image classification
and object recognition. This is achieved by com-
bining a computational architecture comprising
interconnected layers of artificial neurons with
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Fig. 2 Flowchart of the systematic literature review process based on PRISMA (2020) guidelines.

powerful optimization algorithms. Deep learn-
ing models can be trained in various ways to
suit specific tasks and applied to a wide range
of real-world domains, including healthcare and
medical applications, smart agriculture, and nat-
ural language processing [27]. Various deep learn-
ing techniques employed in GW data quality
studies were classified according to their archi-
tectural characteristics, including convolutional
neural networks (CNNs) [28], [29], artificial neu-
ral networks (ANNSs) [30], [31], [32], autoencoders
[33],[34], generative adversarial networks (GANs)
[35], long short-term memory (LSTM) [36], and
transformers [37].

3 Method

3.1 Literature search process

To investigate the application of deep learning
techniques in GW data quality studies, we sys-
tematically reviewed the relevant literature follow-
ing the preferred reporting items for systematic
reviews and meta-analyses (PRISMA) guidelines
[38]. Figure 2 shows a flow diagram that reflects
the systematic review strategy in adherence with
the PRISMA (2020) guidelines.

In November 2024, we queried five different
databases: Scopus, ACM, IEEE, PubMed, and
EBSCO. The search query was applied to at least



Table 1 Search query. Abstract abbreviated as either “ABS” or “AB.” Keywords abbreviated as “KEY.”

Database Search String
TITLE-ABS-KEY (("gravitational wave") AND ("machine learning" OR "deep
learning" OR "artificial neural network" OR "ann" OR "deep neural network" OR
Scopus "dnn" OR "convolutional neural network" OR "cnn" OR "recurrent neural network"

OR "rnn" OR "generative adversarial network" OR "gan" OR "multilayer perceptron"
OR "mlp" OR "autoencoder" OR "transfer learning" OR "transformer"))

[[Abstract: "gravitational wave"] AND [[Abstract: "machine learning"] OR [Abstract:
"deep learning"| OR [Abstract: "artificial neural network"| OR [Abstract: "ann"] OR
[Abstract: "deep neural network"| OR [Abstract: "dnn"] OR [Abstract: "convolutional

ACM Digital
Library

neural network"| OR [Abstract: "cnn"] OR [Abstract: "recurrent neural network"] OR
[Abstract: "rnn"| OR [Abstract: "generative adversarial network"] OR [Abstract:

"gan"| OR [Abstract: "multilayer perceptron"] OR [Abstract: "mlp"| OR [Abstract:
"autoencoder"] OR [Abstract: "transfer learning"] OR [Abstract: "transformer"]]|

("Abstract":"gravitational wave") AND ("Abstract":"machine learning" OR
"Abstract":"deep learning" OR "Abstract":" artificial neural network" OR
"Abstract":"ann" OR "Abstract":"deep neural network" OR "Abstract":"dnn" OR
"Abstract":"convolutional neural network" OR "Abstract":"cnn" OR

IEEE Xplore

"Abstract":"recurrent neural network" OR "Abstract":"rnn" OR "Abstract":"generative

adversarial network" OR "Abstract":"gan" OR "Abstract":"multilayer perceptron" OR
"Abstract":"mlp" OR "Abstract":"autoencoder" OR "Abstract":"transfer learning"

OR "Abstract":"transformer")

("gravitational wave"|Title/Abstract]) AND ("machine learning"[Title/Abstract] OR
"deep learning"[Title/Abstract] OR "artificial neural network"[Title/Abstract] OR
"ann"[Title/Abstract] OR "deep neural network"|Title/Abstract] OR
"dnn"[Title/Abstract] OR "convolutional neural network"[Title/Abstract] OR

PubMed "cnn"[Title/Abstract] OR "recurrent neural network"[Title/Abstract] OR
"rnn"[Title/Abstract] OR "generative adversarial network"[Title/Abstract] OR
"gan"|Title/Abstract] OR "multilayer perceptron"|[Title/Abstract] OR
"mlp"[Title/Abstract] OR "autoencoder"[Title/Abstract] OR "transfer
learning"[Title/Abstract] OR "transformer"[Title/Abstract])

AB("gravitational wave") AND AB("machine learning" OR "deep learning" OR
"artificial neural network" OR "ann" OR "deep neural network" OR "dnn" OR
EBSCO "convolutional neural network" OR "cnn" OR "recurrent neural network" OR "rnn"

OR "generative adversarial network" OR "gan" OR "multilayer perceptron" OR "mlp"
OR "autoencoder" OR "transfer learning" OR "transformer")

one of the following items: title, abstract, or key-
words (see Table 1). The initial search found
670 studies published up to November 2024 that
matched the keywords. We refined our search
results by removing 184 duplicates. In addition,
31 studies were excluded because they were litera-
ture reviews, book chapters or conference reviews.
Finally, 401 more studies were excluded following
title and abstract screening, as they did not satisfy
the inclusion criteria.

3.2 Eligibility criteria

Following the retrieval of studies using the search
strategy and removal of the duplicates, we applied
inclusion and exclusion criteria in screening the
primary studies. A publication was selected if all
the exclusion criteria were false and the inclusion
criteria were true [39]. The inclusion and exclu-
sion criteria were set to ensure that the 54 results
obtained were a collection of relevant studies for
the systematic review (see Table 2). The study
inclusion and exclusion criteria table, presented in
a similar format to Table 2, has been commonly
used in previous systematic literature reviews [40].



Table 2 Inclusion and exclusion criteria.

Inclusion  The studies that develop and evaluate deep learning-based artificial intelligence
criteria techniques for gravitational wave data analysis
The studies that report the data quality studies of gravitational wave
Exclusion  The studies that do not meet the inclusion criteria
criteria The studies that are not written in English

The studies that are not journal articles or conference journals

3.3 Data extraction

This systematic review was conducted in accor-
dance with the PRISMA guidelines, which indi-
cate the process for the selection of final stud-
ies included in the systematic review. From the
final included studies, the following data were
extracted: the study title, authors, year of pub-
lication, the purpose of applying deep learning,
the deep learning technique employed, the evalu-
ation parameters, the input dataset utilized, and
the type of input data. Study selection and data
extraction were performed by a single researcher.
After applying the predefined inclusion and exclu-
sion criteria, a total of 54 studies were ultimately
included in the systematic review. A Google
spreadsheet was used to list all the selected stud-
ies in rows with each extracted data in columns,
and no automation tools were used in this process.
Finally, the extracted data were synthesized to
answer each research question. The results of this
systematic literature review study are presented
using tables and charts in the following section.

4 Result

This section presents the analysis of the studies
that seek to answer the research questions. A total
of 54 eligible papers were included in the sys-
tematic literature review. Figure 3 illustrates the
distribution of the eligible papers according to the
year of publication. Here, 28 papers (more than
half of the papers published up to November 2024,
when the systematic review was conducted) have
been published since 2023. The yearly publication
trend indicates that there has been a recent surge
in research applying deep learning to GW data
quality studies.
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Fig. 3 Numbers of papers published by year.

4.1 What is the purpose of applying
deep learning for GW data
quality studies?

There are two primary purposes for the applica-
tion of deep learning to GW data quality studies:
glitch analysis and denoising. Figure 4 illustrates
the distribution of deep learning application pur-
poses. Out of the 54 eligible papers, 28 (51.85%)
applied deep learning for the purpose of denoising,
while 26 (48.15%) applied it for glitch analysis.
Glitch analysis refers to the characterization
and classification of glitches to gain an under-
standing of their origins and characteristics. In
studies aimed at glitch analysis, the main tasks
performed by the applied deep learning techniques
are glitch classification and glitch generation. The
classification of glitches based on their morpho-
logical characteristics is an important task in data
quality research. Understanding the origins and
characteristics of glitches contributes to detec-
tor characterization and glitch removal from GW
signals. Information about specific glitches that
interfere with the detection of GW signals is used
for event validation to reduce false alarms. Ini-
tial studies on this task were conducted by Biswas



et al. [41] and Rampone et al. [42], demonstrat-
ing the feasibility of using artificial neural net-
works to characterize and classify non-Gaussian
noise. This was followed by several studies using
machine learning, and in 2017, Zevin et al. [43]
pioneered the use of CNNs for glitch classification,
spurring research on the use of deep learning for
GW data analysis. Combined with the superior
image classification capabilities of CNNs, the sub-
sequent research [44-49] has led to the improve-
ment of deep learning models for LIGO glitch
classification, and a glitch classification system
with high accuracy has been built. Glitch gen-
eration involves generating synthetic glitch data
by emulating specific glitch classes. This task is
conducted to support the aforementioned glitch
analysis studies and to enhance the classification
performance [50-52].

Denoising involves distinguishing and mitigat-
ing identified glitches that could be confused with
true GW signals. The tasks to which deep learn-
ing is applied include detecting specific glitches
in GW data [53], building a discrimination model
that distinguishes GW signals from confusing
glitches [54-57], and mitigating the effects of
glitches [58, 59]. The purpose of this endeavor
encompasses not only the removal of glitches but
also the suppression of noise in GW data by
employing various denoising algorithms, with the
objective of improving search sensitivity. Deep
learning has been successfully applied to the
noise reduction task, demonstrating superior per-
formance in removing non-linearly coupled noise
from GW signals [60, 61]. Furthermore, intensive
research has focused on the signal extraction task,
which aims to denoise and detect astrophysical
signals buried in noise [62-64].

4.2 What deep learning techniques
are used for GW data quality
studies?

Table 3 presents the summary of deep learning
techniques for data quality studies. The reported
deep learning techniques used for GW data qual-
ity improvement were categorized based on the
deep learning architecture: CNNs, ANNs, autoen-
coder, GANs, Transformer, CNNs+LSTMs and
LSTMs. Out of the eligible papers included in
this review, 32 papers used CNNs, 7 papers
used ANNs, 6 papers used autoencoders, 4
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Fig. 4 Purpose of applying deep learning techniques for
GW data quality studies.

papers used GANSs, 4 papers used transformers,
CNNs+LSTMs were employed in 3 papers, and
LSTMs were used in 1 paper.

CNNs are commonly employed for image
recognition and classification. Zevin et al. [43]
pioneered the introduction of citizen science into
GW research and built a successful system to
classify glitches in GW detectors by collaborat-
ing with CNNs and citizen scientists. Following
the first application of CNNs, various models for
glitch classification have been developed. Since
2020, CNNs have been used not only for glitch
analysis but also for denoising purpose. Success-
ful early studies in this field have paved the way
for advancements in noise reduction techniques
using CNNs. Ormiston et al. [61] applied CNNs to
reduce the non-linearly and non-stationary cou-
pled noise that limits detector sensitivity. Wei and
Huerta [62] successfully demonstrated a denoising
model for GW signals using WaveNet.

ANNs are one of the most basic deep learn-
ing architectures used in early research. They have
been primarily implemented as a multi-layer per-
ceptron (MLP) by Acerenese et al [65], marking
the initial attempt to apply MLP in GW data
quality analysis. ANN structure was used in early
research on applying deep learning to glitch anal-
ysis, notably by Rampone et al. [42] and Biswas
et al. [41].



Table 3: Summary of deep learning techniques used for GW data quality studies.

Architec- Reported Application Deep Deep Learning Technique 1{:;11112::1
ture Paper Purpose Learning Task (name of model employed) Year
. . . Glitch
Zevin et al. [43]  Glitch analysis classification Deep CNN 2017
Bahaa&lg]l et al. Glitch analysis clas(gilflii(;l?:ion CNN (merged-view model) 2017
CNN (InceptionV2,V3;
George et al. . . Glitch VGG16,19; ResNet50), Deep
[49] Glitch analysis classification transfer learning and 2018
Fine-tuning
Razzano and . . Glitch
Cuoco [47] Glitch analysis classification CNN 2018
Bahaadini et al. . . Glitch Deep CNN (single view moc%el,
(44] Glitch analysis classification merged-view model, soft fusion 2018
model, hard fusion model)
Bahaadini et al. . . Glitch Transfer learning, CNN
[46] Glitch analysis classification (pre-trained VGG16 model) 2018
CNN Coughlin et al. . . Glitch Transfer learning, CNN
[48] Glitch analysis classification (pre-trained VGG16 model) 2019
Goel and . . Glitch
Mukherjee [66] Glitch analysis classification CNN 2020
Soni et al. [67] Glitch analysis G.htCh. CNN 2021
classification
. N . . Glitch Unsupervised learning using a
Sakai et al. [68] Glitch analysis classification deep CNN 2022
. . . Glitch Unsupervised learning using a
Sakai et al. [69] Glitch analysis classification deep CNN 2022
. CNN (InceptionV3, ResNet50),
Glitch
Bigkin et al. [70] Glitch analysis lassificati Transfer learning and 2023
classification Fine-tuning
Fernandes et al. . . Glitch CNN (ResNet18, ResNet34,
[71] Glitch analysis classification ConvNeXt), Transfer learning 2023
Razzano et al. . . Glitch
(72] Glitch analysis classification CNN
Koyama et al. . . Glitch
(73] Glitch analysis classification CNN 2024
Ormiston et al. . . . One dimensional CNN
[61] Denoising Noise reduction (DeepClean) 2020
Wei and Huerta L. Signal CNN (WaveNet denoising
[62] Denoising extraction algorithm model) 2020
Yu et al. [74] Denoising Noise reduction Compound CNN 2021
Kato et al. [75] Denoising Noise reduction Denoising convolution neural 2022
network
Yu and . . . CNN ("slowxfast" CNN
Adhikari [60] Denoising Noise reduction structure) 2022
Murali and - Signal
Lumley [76] Denoising extraction CNN 2023
Boudart [53] Denoising Glitch detection CNN
Choudhary et .. Signal-glitch Sine Gaussian projection
al. [54] Denoising discrimination map-convolution neural network 2023
Sharma et al. - Signal-glitch Inception-V3 network
57] Denoising discrimination (THAMES) 2023
Meijer et al. [55] Denoising Signal-glitch ONN (modified WaveNet 2024
discrimination architecture)
Alvarez-Lopez L. Signal-glitch Gravity Spy Convolutional
et al. [56] Denoising discrimination Neural Network Decision Tree 2024
Ma et al. [77] Denoising cxii??ilon MSNRnet 2024
Ma et al. [78] Denoising Signal MSNRuet-2 2024
extraction
Houba et al. [79] Denoising Glitch detection CNN 2024
Salee[ISnO]et al. Denoising Noise reduction CNN (DeepClean) 2024
Attac[lé(i]et al. Denoising Noise reduction CNN 2024
Feedforward multilayer
Rampone et al. . . Glitch perceptron trained by a
classification ackpropagation algorithm,
49 Glitch analysis lassificati back . leorith 2013
Self-organizing map
ANN Biswas et al. . . Glitch . .
[41] Glitch analysis classification MLP, iRPROP algorithm 2013




Table 3 continued from previous page

Architec- Reported Application Deep Deep Learning Technique Pub-
f lished
ture Paper Purpose Learning Task (name of model employed) Year
Mukund et al. . . Glitch Difference boosting neural
[82] Glitch analysis classification network 2017
Acernleﬁs[)e] et al. Denoising Noise reduction MLP 2000
Mogushi et al. - Glitch
(58] Denoising mitigation ANN 2021
Macas et al. [59)] Denoising .G.htd.ﬂ Dense neural network 2024
mitigation
Houba et al. [79] Denoising SlgDAal_.ght.Ch Wide and deep neural network 2024
discrimination
Laguarta et al. Glitch analysis G.htCh. Convolutional Autoencoder 2024
[83] classification
Autoencoder Li et al. [84] Glitch analysis G.htCh‘ Cross-Temporal Spectrogram 2024
classification Autoencoder
Shen et al. [63] Denoising Slgna.l EnhanIC(.ed deep recurrent 2019
extraction denoising autoencoder
HayaT;xg]et al. Denoising Noise reduction Denoising Autoencoder 2020
- . Glitch detection Autoencoder neural network
Bini et al. [86] Denoising and mitigation (XGBoost+AE model) 2023
Bacon et al. [87] Denoising Slgnahl Denoising autoencoder 2023
extraction
Lopez et al. [50]  Glitch analysis Glitch CT-GAN 2022
generation
GAN Yan et al. [51] Glitch analysis Ghtc}.l ProGAN 2022
generation
Powell et al. [52]  Glitch analysis Ghtcb GAN 2023
generation
Dooney et al- qit h analysis Glitch cDVGAN 2024
[88] generation
Jiaxiang and . . Glitch Vision transformer
Jiale [89] Glitch analysis classification encoder+Quantum classifier 2023
Transformer Zhao et al. [90] Denoisin Signal Transformer based deep neural 2023
’ & extraction network
Signal Transformer encoder-+Residual
Ma et al. [91] Denoising extriction blocks (time scale recursive 2024
denoising framework)
L Signal Deep end-to-end transformer-
Wang et al. [92] Denoising extraction based pretraining model 2024
Apostol and . . Glitch CNN-+LSTM (DeepWaves
Truica [93] Glitch analysis classification Ensemble model) 2023
CNN+LSTM Chatterjee et - Signal CNN-LSTM denoising
al. [64] Denoising extraction autoencoder 2021
Xu et al. [94] Denoising Signal CNN-LSTM denoising 2024
extraction autoencoder
LSTM Houba et al. [79] Denoising Glitch LSTM 2024
mitigation




Autoencoders are neural networks comprising
an encoder-decoder structure. These deep learn-
ing techniques have been employed for denoising.
Shen et al. [63], Bini et al. [86] and Bacon et
al. [87] reported a technique for denoising GW
time series data by applying a denoising autoen-
coder. Autoencoders were initially used primar-
ily for denoising, but were later introduced for
glitch analysis. Laguatra et al. [83] and Li et al.
[84] applied autoencoders to discover unknown
glitch morphologies in the LIGO glitch population
and the underlying correlations between different
glitches.

GANSs are a type of generative artificial intelli-
gence technique used for generating realistic data.
In the context of GW data analysis, GANs have
been employed for the glitch generation task.
Lopez et al. [50], Yan et al. [51] and Powell et al.
[52] employed GANSs for simulating glitches. The
generated glitch images were used to improve the
performance of glitch classification and detection,
or were used in mock data challenges.

The transformer-based technique, which
implements a vision transformer encoder [95], was
employed to suppress noise and recover signals in
signal extraction tasks [90-92]. Jiaxiang and Jiale
[89] developed a model that combines a vision
transformer encoder and a quantum classifier for
the glitch classification task.

Chatterjee et al. [64] pioneered a denoising
model that combines CNN and LSTM. They
proposed the CNN-LSTM denoising autoencoder
model and demonstrated its superior performance
in denoising GW signals. Apostol and Truka
[93] developed a deep learning ensemble model
for glitch analysis that combines CNN layers
and LSTMs and compared its performance with
other machine learning and deep learning models.
LSTM has also been employed in the glitch mit-
igation task. Houba et al. [79] presented a deep
learning network to effectively detect and mitigate
glitches that may occur in the LISA detector. This
network incorporates a CNN for glitch detection,
a DNN for glitch characterization, and an LSTM
model for the glitch mitigation task.
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Fig. 5 Distribution of different deep learning techniques
used for each application purpose.

4.3 What types of deep learning
techniques are employed for
each application purpose?

Figure 5 illustrates the types of deep learning
techniques employed for each of the purposes iden-
tified in Section 3.1. Out of the 28 papers that
used deep learning techniques for denoising, 16
papers employed CNNs, 4 employed ANNs, 4
employed autoencoders, and 3 employed trans-
formers. Out of the 26 papers that used deep
learning techniques for glitch analysis, 15 papers
employed CNNs, 4 papers employed GANs, and
ANNs were used in three papers.

Thus, among the deep learning techniques
applied in all the 54 papers reviewed, CNNs were
the most frequently used technique (31 papers).
Upon analysis of the techniques employed for each
application purpose, CNNs were found to be most
frequently employed for both glitch analysis and
denoising.

4.4 Which evaluation parameters
are used to assess the
performance of deep learning
techniques?

The evaluation parameters used for assessing the
performance of deep learning techniques in each
paper are presented in Table 4, Table 5. As
illustrated in both tables, a total of 40 distinct
parameters were used across the studies.



Table 4: Evaluation parameters for assessing deep learning technique performance.
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In both table, "v/" indicates that the param-
eter was used by the researcher to evaluate the
performance while "-" indicates that the parame-
ter was not used by the researcher. The most fre-
quently used evaluation parameter was accuracy,
which was used in 20 papers. Unlike other CNN
techniques applied to glitch classification, Sakai et
al. [69] presented an unsupervised learning-based
approach that reduced the annotation work on the
training data and ensured the objectivity of the
classification. They defined the accuracy of unsu-
pervised learning to evaluate the performance
of their model using the CNN and classification
architecture proposed in the paper. Among the
papers that applied deep learning techniques for
denoising, 12 studies evaluated the performance of
the proposed models by comparing the denoised
GW signal and the template waveform generated
by a simulation program. The F1 score, which is
the harmonic mean of precision and recall, was
used in 4 papers. Yan et al.[51] used weighted F1
score, which is a variant of macro-averaged F1-
score, to evaluate the classification performance in
their work. Fernandes et al. [71] employed a newly
defined metric called combined-F1-time, which
combines F1 score and training time to evaluate
glitch classification performance.

In addition, various other evaluation param-
eters were used across different papers: detec-
tion efficiency, comparison of amplitude spectral
density (ASD), receiver operating characteristic
(ROC) curves, area under the curve (AUC) which
refers to the area under the ROC curve, false
alarm rate (FAR) that measures significance of
each coincident trigger in GW astronomy, inverse
false alarm rate (IFAR), detection rate of GW
signal, mean square error (MSE), false alarm
probability (FAP), normalized mutual informa-
tion score (NMI), adjusted rand score or adjusted
rand index (ARI), false positive rate (FPR), frac-
tional match gain (FMG) and overlap log ratio
(ORL) defined in [60], fractional power, sen-
sitive volume-time product, sensitivity volume,
root-squared-sum strain amplitude, reconstruc-
tion error, misclassification error (false alarm and
false dismissal), relative distances between the
centers and from the overall mean, optimal signal-
to-noise ratio (SNR) of the injected signal, peak
SNR (PSNR), Wasserstein distance, match func-
tion, normalized cross-covariance, GAN-train and
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GAN-test score proposed by [96], the average
value of the degree of noise reduction defined
in [85], correlations of the true signal and esti-
mated one, and similarity score. Notably, several
papers published after 2023 included "time" in
their evaluation parameters: combined-F1-time,
training time, computational time, and computa-
tional cost which measured the time consumption
of a single CPU or GPU as an indicator. [54],
[70L,[71],[77], [91]

4.5 Which datasets are utilized as
input for training deep learning
techniques?

We grouped the datasets utilized for training
deep learning techniques into four groups: the
GW detector, glitch spectrogram, simulated, and
detector sensitivity datasets. The GW detector
dataset involves a time series of strain data
from the current GW detectors: advanced LIGO
(aLIGO) [97], Virgo [98], and KAGRA [99]. As
of November 2024, none of the studies included
in this review used data from KAGRA, which
was the last of the ground-based detectors to join
the observations. The datasets from each detec-
tor have been uploaded to the GW open science
center (GWOSC) following the observation run.

The glitch spectrogram dataset involves infor-
mation regarding various glitches that were iden-
tified by the Omicron transient search algorithm
[100] during the observation run of aLIGO. They
were classified and labeled by Gravity Spy, a
citizen science project on the Zooniverse plat-
form. The classification dataset of the Gravity
Spy project, which comprises identified glitches in
the LIGO detector, was released in October 2018
(Gravity Spy v1.0.0) [44]. The data pertaining to
the labeled glitches, results of machine learning
classifications and the spectrogram images have
been made available in Zenodo.

The detector sensitivity dataset consists of the
sensitivity curves of GW detectors that are cur-
rently operational or under development. These
datasets have been primarily utilized for the sim-
ulation of noise data, which serves as the input
training data. For example, Meijer et al. utilized
the design sensitivity dataset of the future Ein-
stein Telescope (ET) [101] to develop a technique
that distinguishes GW signals from simulated blip
glitches in the ET’s design sensitivity data [55].



Table 6 Summary of input datasets for training deep learning techniques.

Source of

GDritla;ier::g Dataset Data Description llja(;:;e(!)‘fs.
Collection
Data collected by the aLIGO detector during
aLIGO O1 data GWOSC their first observation runs (September 12, 9
2015 through January 19, 2016)
aw Data collected by the aLIGO detector during
detector aLIGO O2 data GWOSC their second observation runs (November 30, 8
datasot 2016 through August 25, 2017)
aLIGO O3a Data collected by the aLIGO detector during
Detector data GWOSC the first half of their third observation runs 8
-based (April 1, 2019 through October 1, 2019)
Data collected by the aLIGO detector during
aLIGO O3b GWOSC the last half of their third observation runs 6
(November 1, 2019 through March 27, 2020)
Data collected by the LIGO detector during
LIGO S4 data GWOSC their fourth science runs (from February 22 1
to March 24, 2005)
Data collected by the LIGO detector during
LIGO S6 data GWOSC their sixth science runs (July 7, 2009 2
through October 20, 2010)
Representative high SNR subset of glitches
from the LIGO detector during their fifth
Saulson catalog LIGO DCC science runs (November 4, 2005 through 1
October 1, 2007)
- Data collected by a large number of sensors
Lcl}ggnzilsxijl:z;y GWOSC that are used to record the state of the 4
LIGO instruments and their environment
Data collected by the Virgo detector during
Virgo O3 data GWOSC their third observation runs (April 1, 2019 1
through March 27, 2020)
Gliteh Gravity Spy Zenodo LIGO glitch specst;;)g;?(r)r;elcatbeled by Gravity 11
spectrogram Gravity Spy Zenodo LIGO glitch spectrogram during O1, O2 5
dataset v1.0 labeled by Gravity Spy project
Detector Sensitivity of GWOSC LIGO detector sensitiyity used to simulate 7
sensitivity LIGO £ . noise imul
datasot Sensn;.lwty o LIGO DCC Virgo detector sensltl_wty used to simulate 1
Virgo noise
Sensitivity of LIGO DCC ET detector sensitiv.ity used to simulate 1
ET noise
Sensitivity of LISA detector sensitivity used to simulate
LISA [102] noise 1
. . Slglulated - Simulated GW signals 25
Simulation signals
Simulated Dataset Simulated B Simulated glitches 4
glitches
Simulated noise - Simulated various kinds of noise 18

The design sensitivity of current and future GW
detectors, including ET, has been uploaded to
the LIGO document control center (LIGO DCC)
portal' and made available on each detector web-
site. To develop a signal extraction method for
space-based GW sources, Zhao et al. [90] used the
sensitivity curve of LISA in a noise simulation.
The sensitivity curve of LISA, the next-generation
space-based gravitational wave detector, has been
proposed in [102]. The simulation dataset com-
prises GW signals and noise data generated by a

Lhttps://dcc.ligo.org/LIGO-T2000012/public
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computer program, instead of real GW data from
observation.

A summary of the input datasets used for
training deep learning techniques is presented in
Table 6. The datasets under consideration were
classified as either detector-based or simulated
according to their origin of resources. Detector-
based datasets are derived from GW detectors:
LIGO, Virgo, ET and LISA, reflecting the charac-
teristics inherent to each detector. These datasets
are publicly accessible via the internet. The GW
detector, glitch spectrogram, and detector sen-
sitivity datasets are classified as the detector-
based dataset. On the other hand, the simulation


https://dcc.ligo.org/LIGO-T2000012/public
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Fig. 6 Distribution of sources of input datasets reported
in papers.

dataset, which is created by researchers using
computer programs, is classified as the simu-
lated dataset. Upon examination of the distri-
bution of input datasets in Table 6, we found
that 24 (44.44%) of the papers utilized detector-
based datasets, whereas 26 (48.15%) employed
both detector based and simulated datasets
to create their training dataset. Four (7.41%)
papers employed only simulated datasets as inputs
for training their deep learning techniques (see
Figure 6).

4.6 Which detectors have provided
the datasets that are utilized as
input data for training deep
learning techniques?

The upper panel of Figure 7 indicates the detec-
tors that provided detector-based datasets utilized
in the glitch analysis purpose papers. Among the
detector-based datasets employed in the 26 glitch
analysis papers, 25 papers utilized datasets from
LIGO, including alLIGO O1, 02, O3a, and O3b
data; LIGO S4 and S6 data; the Saulson cata-
log; LIGO auxiliary channels data; Gravity Spy
and Gravity Spy v1.0; and LIGO sensitivity. One
paper used datasets from Virgo, including Virgo
03 data and Virgo sensitivity. The use of detector-
based datasets for training deep learning tech-
niques for glitch analysis is predominantly derived
from the LIGO detector. Examining the distri-
bution of detector-based datasets sources across
all papers included in the review (see lower panel
of Figure 7), we found that 46 papers utilized
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Fig. 7 (upper) Distribution of detectors that provided
detector-based datasets used in glitch analysis papers.
(lower) Distribution of detectors that provided detector-
based datasets used in total papers.

datasets from LIGO, two papers utilized datasets
from Virgo, and one paper each utilized a dataset
from ET and LISA: ET sensitivity and LISA sen-
sitivity. It is evident that the entire set of papers,
not just the glitch analysis papers, relies heav-
ily on the LIGO dataset for deep learning model
development.

4.7 What types of input data are
utilized for the training of deep
learning techniques?

Figure 8 illustrates the distribution of types of
input data reported in the eligible papers. An
examination of the type of input data employed
in all 54 papers indicated that 28 (51.85%) papers
utilized image data, 19 (35.19%) papers used time
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Fig. 8 Distribution of types of input data reported in
papers.

series data, 4 (7.41%) papers used text data, and 3
(5.56%) papers did not explicitly present the type
of input data.

The image data mainly consist of two-
dimensional spectrogram images, represented as
time-frequency maps (TF maps), which are gen-
erated by applying the Q transform [103] to the
time-series signals. Only one paper employed a
sine-Gaussian projection map (SGP map) instead
of a TF map spectrogram. The SGP map rep-
resents the projection of the GW signals onto a
sine-Gaussian parameter space. The time series
data consist of numerical values arranged at con-
stant time intervals. This includes the original
time series data observed by the GW detector
or the numerically generated data. The text data
consist of a set of parameters, which are feature
vectors of GW signals or glitches.

5 Discussion

This review examined various studies that have
reported the use of deep learning techniques for
GW data quality studies by conducting a sys-
tematic review. We attempted to understand the
current state of deep learning techniques applied
to data quality studies in the field of GW data
analysis. In this section, we reflect on our find-
ings and discuss the limitations of our study and
directions for future work.
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5.1 Findings and discussion

Based on the analysis in Section 4, we revealed
three key findings from the answers to the research
questions.

5.1.1 CNNs to transformers

Firstly, an analysis of Section 4.2 and 4.3 revealed
that CNNs were the most frequently utilized tech-
niques, for both glitch analysis and denoising (see
Figure 5). The deep learning techniques applied
across all 54 papers in the review, categorized by
the architecture used, are summarized in Table 3.
Among the deep learning techniques shown in this
table, CNNs were used in 31 papers.

As demonstrated by Razzano and Cuoco [47],
CNNs typically exhibit superior accuracy when
distinguishing glitches with similar morphology
compared to other machine learning techniques.
CNNs have been employed primarily for the clas-
sification of glitches and unsupervised clustering
of transient anomalies. However, Wei and Huerta
[62] demonstrated that their CNN-based model
was more suitable for denoising GW signals than
the existing autoencoder models. While recurrent
autoencoders outperformed traditional machine
learning methods [104], they struggled in the case
of denoising second-long GW signals. In contrast,
CNNs are effective in denoising longer and weaker
GW signals. Consequently, the widespread uti-
lization of CNNs for both glitch analysis and
denoising is attributed to their versatility. Their
superior performance as a classifier compared to
other machine learning techniques, combined with
their less computationally intensive nature and
ability to make rapid inferences, makes them an
effective tool for GW data analysis [105]. Research
included in the review has shown that CNNs
achieve excellent performance for both image and
non-image data inputs, and are more suitable than
existing autoencoder models for denoising GW
signals.

It is noteworthy that since 2023, transform-
ers have been incorporated into GW data quality
studies for both glitch analysis and denoising,
as shown in Table 3. The vision transformer
encoder is a model that adapts the transformer
architecture, originally used in natural language
processing, to computer vision tasks. It has been
demonstrated to exhibit superior performance in



Table 7 Comparative analysis of deep learning model’s glitch classification performance on GravitySpy dataset.

Reported paper Published Model Accuracy (%)
year

Bahaadini et al. [44] 2018 CNN 98.21
George et al. [49] 2018 CNN 98.8
Bigkin et al. [70] 2023 CNN 93.98
Fernandes et al. [71] 2023 CNN 96.5
Jiaxiang and Jiale [89] 2023 Transformer 94.27
Koyama et al. [73] 2024 CNN 98.1

Table 8 Comparative analysis of deep learning model’s denoising performance on GW150914. "H" indicates LIGO

Hanford data, while "L" refers to LIGO Livingston data.

Published
Reported paper year Model Overlap
Wei and Huerta [62] 2020 CNN 0.99
Chatterjee et al. [64] 2021 CNN+LSTM H 0.983 / L 0.995
Murali and Lumley [76] 2023 CNN H 0.861 / L 0.80
Ma et al. [77] 2024 CNN H 0.97
Wang et al. [92] 2024 Transformer H 0.9919 / L 0.9917

computer vision tasks, such as image classifica-
tion and object detection, often complementing or
outperforming traditional CNN techniques [106].
From the results of the review, we found that
there is growing research in GW data quality stud-
ies that applies transformers to tasks that are
typically performed by CNNs. Li et al. [84] and
Jiaxiang and Jiale [89] incorporated a vision trans-
former encoder as a part of their deep learning
model for analysis of glitch images. Zhao’s inte-
gration of the transformer into signal denoising
[90] demonstrates the transformer’s capacity to
effectively process complex GW data.

Table 7 provides a comparative analysis of the
results of the studies that applied deep learning
techniques to glitch analysis, specifically focus-
ing on studies that tested model performance
on glitch classification tasks using the Gravi-
tySpy dataset. The results of classifying over 20
glitch image classes in the GravitySpy dataset are
presented as the average classification accuracy.
Table 8 presents the results of the studies that
applied deep learning techniques for denoising,
specifically those that evaluated denoising perfor-
mance on real GW event GW150914 data. The
results of the signal extraction tasks performed
by these models are presented using the “over-
lap" parameter. The overlap is calculated between
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the denoised GW signal extracted from the LIGO
data during the period containing the GW event
and the simulated GW waveform template. The
papers presented in Table 7 and Table 8 are part
of the papers included in our review, and details of
the deep learning techniques used are presented in
Table 3. This shows that since 2023, transformers
have been introduced to tasks where CNNs were
used for both glitch analysis and denoising, and
have performed comparably to CNNs. Thus, the
role of CNNs, which have been widely used in GW
data analysis, is notable when considering their
potential transition to vision transformers in the
future development of deep learning techniques.

5.1.2 Time consideration

Secondly, our review found that three recent
papers published since 2023 considered the time-
related parameters as evaluation parameters to
assess the performance of deep learning tech-
niques: training time, computation time, com-
putational cost and combined F1 time (F1
score—training time/3x10%). In Section 4.4, we
have compiled the evaluation parameters used to
assess the performance of the papers included in
our review (see Table 4 and Table 5). The result
of this table shows that papers published up to



2022 did not use time-related parameters to eval-
uate the performance of deep learning, but such
parameters have begun appearing in more recent
studies.

As highlighted by Bigkin et al. [70], the time
required for model training must be reduced
without compromising the classification accuracy.
This is because, following each observation, the
measurement system typically undergoes software
and hardware upgrades that may result in the
emergence of the previously unidentified types
of glitches [67]. This necessitates the retraining
of the model with new data to accommodate
these new forms of noise. Thus, the considera-
tion of time-related parameters in the evaluation
of deep learning techniques may be attributed to
the increased quantity and diversity of noise data
that must be analyzed and removed.

Another reason for the increasing importance
of "time" is the growing necessity for real-time
data quality assurance, which has been driven by
the advent of multi-messenger astronomy. This
has facilitated the development of "fast" and effi-
cient pipelines for real-time data analysis across
the entire field of GW data analysis. Ma et al.
[77, 91] incorporated the computation cost, mea-
sured by the time consumption of each stage, as an
evaluation parameter in the development of their
GW signal denoising and detection framework. As
stated in the foundational research by George and
Huerta [19], a primary advantage of employing
deep learning applications in GW data analy-
sis is the reduction of computational cost. This
enables the development of deeper networks and
faster training and evaluation speeds. The tradi-
tional GW detection methods are not sufficient
for real-time analysis in GW events, where a rapid
follow-up is essential for the successful observation
of their electromagnetic counterparts. This high-
lights the necessity for the development of rapid
and precise GW detection methods. Considering
the crucial role of data quality checks in the GW
detection pipeline, it is suggested that future deep
learning techniques should consider time as a key
evaluation parameter in the development of future
deep learning techniques.

5.1.3 LIGO dataset usage

Finally, our analysis in Section 4.6 demon-
strated that in all but one of the 26 papers
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Fig. 9 Timeline of GW observing schedule. Figure repro-
duced from [107].

focused on glitch analysis, LIGO was the pri-
mary source of detector-based datasets utilized as
input for training deep learning techniques (see
Figure 7 upper panel). Moreover, out of 50 papers
that used detector-based dataset, the majority—
46 papers—utilized datasets from LIGO (see
Figure 7 lower panel). This imbalance in the usage
of detector-based datasets suggests that the devel-
opment of deep learning techniques in the field of
GW data quality tends to rely on LIGO data.

One possible explanation for the high usage
of LIGO-based data is the Gravity Spy dataset.
As illustrated in Table 6, 16 papers utilized the
Gravity Spy dataset as training data. Thus, the
Gravity Spy dataset is a contributing factor in
the increased usage of LIGO-based data. A similar
project for Virgo-based data, GWitchHunters [72,
108] released its classification dataset in March
2023, but we found no examples of it being used
as training data for deep learning techniques in
GW data quality analysis.

Figure 9 shows the timeline of the current
ground-based detectors since they began their
observations, along with their future observing
plans. This information has been uploaded to
LIGO DCC?. As indicated by the sensitivity dis-
tance presented in Figure 9, LIGO’s superior
sensitivity compared to Virgo and KAGRA may
have led to its more frequent data usage. Addition-
ally, the data from LIGO were primarily utilized
during the early observation runs because Virgo
and KAGRA joined the observation later, result-
ing in the exclusive availability of the LIGO
dataset prior to the O2 data release in 2019
[109]. However, even after the release of Virgo
data in 2019, there are few papers that have
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used Virgo observational data for training deep
learning techniques.

Data quality analysis revealed that the dis-
tribution of glitches differs even between two
different detectors of LIGO, namely, LIGO Han-
ford and LIGO Livingston [110]. The causes of
glitches are related to detector characteristics. It
is evident that the exclusive reliance on LIGO
for training data in the development of deep
learning techniques represents a limitation, as it
does not reflect the characteristics of other detec-
tors. Therefore, it is imperative to develop deep
learning tools for glitch analysis using data from
various detectors.

5.2 Limitations and future work

This study has several limitations. First, this
study focused solely on the aspect of data qual-
ity within the process of analyzing GW data.
Studies that have applied deep learning to other
data analysis processes such as signal detection,
parameter estimation, or waveform modeling were
excluded. A more comprehensive analysis of deep
learning techniques across the entire process of
GW data analysis could potentially yield further
meaningful insights. Second, this study focused on
deep learning-based techniques; Thus, traditional
machine learning techniques currently employed
in GW data analysis were excluded from this
review.

Future work should extend the scope of anal-
ysis to include the deep learning techniques
employed throughout the entire process of the
GW data analysis, beyond data quality part.
Moreover, the applicability of our findings to other
parts of GW data analysis must be ascertained.
Another future study prospect is the examination
of other artificial intelligence techniques (in addi-
tion to deep learning), that are currently utilized
or have the potential to be utilized for the analy-
sis of GW data. In addition, it would be beneficial
to examine the potential for generative models,
such as large language models [111], to support
the GW data analysis process.

6 Conclusion

This study aimed to examine the application
of deep learning techniques to understand and
improve GW data quality. The key contributions

20

of this study include providing a comprehensive
understanding of the application of deep learn-
ing techniques to GW data quality studies. The
findings of this study are expected to provide
researchers with insights into the development of
deep learning techniques to enhance GW data
quality. A systematic literature review was con-
ducted to examine 486 studies published in the
field of GW data analysis that used deep learning.
Consequently, a total of 54 studies were identified
based on the eligibility criteria. The 54 studies
that developed and evaluated deep learning tech-
niques for GW data quality studies were then
examined and categorized. The results of this
review reveal that CNNs were the most preva-
lent deep learning technique and future research
will concentrate on the implementation of trans-
formers for data quality analysis. In addition, the
review identified that recently published papers
have considered time-related parameters as the
evaluation parameters to assess the performance
of deep learning techniques. Furthermore, an anal-
ysis of the source of input datasets used for
training deep learning techniques revealed that
the examined studies primarily used datasets
derived from the LIGO detector. This indicates an
imbalance in detector-based datasets used for the
development of deep learning techniques.

This study presents the first systematic liter-
ature review on the application of deep learning
techniques in GW data quality analysis. However,
there are some limitations to the review, which has
a restricted scope. Future work should be directed
towards expanding the scope of the systematic
review beyond data quality and deep learning to
encompass a wider range of artificial intelligence
techniques applied to the entire pipeline of the
GW data analysis.
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