Tool for identifying correlation and coherence between multi-
channels by measuring information-theorectic index
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Abstract

Ground-based precision measurement systems are often affected by transient, non-stationary noise
artifacts originating from instrumental and environmental disturbances. In large-scale detector
facilities, thousands of auxiliary channels continuously monitor environmental conditions and
subsystem behavior, providing critical information for identifying and diagnosing transient noise
sources. We present a machine learning-based framework that combines unsupervised clustering
with multi-channel correlation analysis for automated transient noise characterization and

Method: DECAGMon

Result (Preliminary)

We present preliminary unsupervised clustering of 2,215 glitch events dataset [4] collected from the transient noise
data obtained from main channel of ground-based gravitational wave detector during Apr. 7-21, 2020. The strain
data of glitch event time segment are converted 1into 2-dimensional spectrogram image using python module for
gravitational wave data analysis. The DEC model has been trained using the sole image inputs only, and the optimal
number of glitch clusters (K=4) determined automatically by maximizing clustering performance index on a 20% test
set. The resulting cluster assignments for the full dataset are shown below, grouped by morphological similarity in

Deep Embedded Clustering: Unsupervised clustering algorithm based on neural network

1. Parameter initialization 2. Clustering optimization
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diagnostics. Deep Embedded Clustering (DEC), an unsupervised deep learning algorithm that 4 - o 4 ot lacels 2 lsrgat disnboion spectrogram. The ultimate goal of this study 1s to reveal the correlation between glitch morphology and its

jointly optimizes feature extraction and cluster assignments in a low-dimensional latent space, 1s A sl originating auxiliary channels by applying CAGMon analysis to each identified cluster, thereby inferring the physical
employed to automatically group transient events according to their morphological similarity. - _’@_'-“ﬁ* & origins of each glitch clusters.

Following clustering, CAGMon — a correlation analysis tool based on information-theoretic indices ‘ r Predicted Cluster 1 (282/2215) Predicted Cluster 2 (507/2215)

— 1s applied to identify linear and non-linear couplings between auxiliary channels and transient Stack :/ j \ —/j

event populations, enabling inference of likely physical noise origins. The proposed framework (“’;) Encoder & Decoder (Of’tm)

provides a scalable and efficient approach for automated diagnostics in complex multi-channel
sensing systems and may be applicable to a broad range of precision measurement and
environmental monitoring experiments.
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Pre-processed Images

e DEC [1] 1s an unsupervised deep learning algorithm that simultaneously learns extracting key features of input data X 3-‘-;:}:5'.. . . :.. A “_j,,""' 0
Large-scale precision measurement systems operate in highly non-stationary and non-linear noise through an autoencoder, mapping it to a low-dimensional embedding space suitable for clustering. R “'- f'u":‘*t? "5: 'f
environments, where instrumental and environmental Couplings (seismic, magnetic, ac()ustic) imduce ® [dentified transient power events with high signal—to—noise ratios (SNR) are converted into 4-timescale (O.SS, 1.0s, ; ". ;‘ “’:;,':3 ?i:"fg
transient noise artifacts (g]itches). In ground_based gravita‘[iona] wave detectgrs, such g]itches 2.08, 408) spectrograms, pre—processed for dimensionality reduction, and utilized as input for deep learning model. :.;*::::':"::3 :'
contaminate the strain channel, hindering signal identification and data quality. Identifying and ® Due to the image-based input, a convolutional autoencoder is utilized to initialize network weights, followed by k- q ; :;.-i‘, ;,;::

mitigating transient nosies 1s therefore an essential task for stable operation and high-quality data
acquisition 1n complex sensor systems.

means clustering to establish 1nitial cluster centroids.

® Each glitch spectrogram sample’s cluster assignments are iteratively refined toward a target distribution, enabling

Conventional glitch classification is often based on the assumption that morphologically similar the model to form well-separated clusters in the latent space without any prior labels.
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classification approaches generally require extensive manually labeled training datasets, limiting
scalability and adaptability to newly emerging noise populations. To address this challenge, we
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of both linear and non-linear couplings between auxiliary channels and transient event populations. = o This study employ CAGMon to analyze the correlation between the resulting glitch clusters and auxiliary channels. 3 i global silhouette score of 0.7103 (range: —1 to 1; higher values
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