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Conclusion & Outlook

1) Which �me-frequency represena�on to use? 

Since 2021 Distributed Acousic Sensing (DAS) is used 
to measure the strain rate along a 12 km long op�cal 
fiber at the DESY (Deutsches Elektronen-
Synchrotron)  campus within the WAVE ini�a�ve [1].

A large variety of seismic sources with different 
frequency characteris�c can be observed in the data. 
 
To detect different types of signals in this large data 
set, different Machine Learning techniques are 
compared and a methodology guide is introduced, 
recommending which clustering technique to use in 
different applica�ons.

Methodology Guide

In this study only the frequency component of data is analysed. High-resolu�on
spa�al features of DAS can be included in the future by adding �me-space
represena�on to the input. This can e.g. be done by extending the vector to
twice its length with the second half being the average of the �me-space
representa�on.
The methodology guide can be applied to many different applica�ons to cluster
data without the need to compare many clustering techniques.
One example is the vectorial method using GMM to monitor seismic source
ac�vity at a DAS fiber (e.g. at DESY campus) in near real-�me.

2) Which features to use for clustering? 

The �me-frequency represena�on is an array 

with the size [�me samples x frequency 

samples]. This can be used as input image to 

cluster the data using Deep Embedded 

Clustering (DEC). This method reduces the 

input image to the most important features 

using a neural network and clustering the latent 

feature space.

This is done by averaging 1 second of data as introduced by Mar�n et al., 2018 [2]. This 

way temporal informa�on is lost but can be jus�fied for signals of consistent frequency. 

The vectors can a�erwards be clustered using standard clustering techniques. In this study 

the Gaussian Mixture Model (GMM) and hierarchical density-based spa�al clustering of 

applica�on with noise (HDBSCAN) performed be�er than fuzzy-c-means and hierarchical 

clustering. Therefore only GMM and HDBSCAN are recommended in the guide.

In this example, the goal is to detect
sweeps of ac�ve seismic measurements.
The vibro truck produced three �mes four
consecu�ve sweeps with a short break in
between.
Since the frequency of sweeps is �me-
dependent, DEC is recommended.
However, if fast results are needed, the
vectorial method would be preferred.

While the DEC detects only the sweep-
related cluster (blue) during excita�on, the
GMM is dominated by the sweep cluster
(red) but significant parts of sweep data are
assigned to other clusters. This can cause
the GMM to perform significantly worse
on larger data sets with more clusters.

In this case, the goal is to find seismic sources during two weeks of recording. Most
signals like power transformers (figure 2) produce signals of consistent frequency, so
the vectorial method is used.
Which clustering algorithm to chose is based on the goal of the analysis.

An example applica�on for GMM is 
real-�me monitoring of ac�ve seismic 
sources to inves�gate the entrie 
wavefield at the DAS fiber.

A poten�al applica�on is 
using the detected seismic 
frequency characteris�cs 
to eliminate persistent 
noise sources for seismic 
interferometry.

Figure 3: CWT of a few seconds of data (le�) and 
1-s-average (right) for vectorial method. To 

improve clustering performance they are 
normalized.

Figure 1: Loca�on of DAS fiber at DESY campus 
(A) in western Hamburg, Germany (C).

Figure 2: Comparison of spectrogram (le�) and 
con�nuous wavelet transform (right) for the same 
data. The signal shows 10 Hz and overtones which 

are related to transformers located at DESY 
facili�es.

Figure 5: Data example of frequency characteris�cs of 
cluster related to transformer signals of 10 Hz and 

overtones (le�). Nearby, another cluster (right) 
containing a�enuated transformer signals is detected 

by GMM.

Figure 6: Data example of 
frequency characteris�cs of 

cluster related to transformer 
signals calculated using 

HDBSCAN.
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Figure 4: Number of detec�ons of every cluster 
during ac�ve seismic measurements. Horizontal 

lines show start (solid) and end (dashed) of 
excita�on. GMM (le�) is compared to DEC (right) 

with both methods finding four clusters. For GMM 
the red cluster correlates with sweeps while for 

DEC the blue cluster shows seismic sweeps. 

Advantages Advantages
Every sample is assigned to a cluster.

Rela�on of new data to one of the ini�ally 
detected clusters can be predicted.

Much faster than HDBSCAN (here 21 �mes 

faster with 1.5 minutes vs. 34 minutes).

Much higher similarity within cluster 
of data (93.41 % vs. 96.78 %).

Since the goal is to detect different seismic 
signals based on their frequency content, a 
�me-frequency represena�on is needed.

While a spectrogram is the standard way, the 
con�nuous wavelet transform (CWT) has a 
higher �me resolu�on for high frequency 
signals and a be�er frequency resolu�on for 
lower ones. As a result, the CWT can represent 
the frequencies in a more detailed way than a 
spectrogram.

The resolvable frequency range is limited by 
the center frequency and bandwidth of the 
chosen wavelet. For this study, the target 
frequency of 1 - 80 Hz was sufficiently resolved 
with a Morlet wavelet with 10 Hz center 
frequency, so the CWT was preferred.

This method can become computa�onally 

expensive. Therefore it is useful to reduce the 

number of input features.

Allows outliers in data set.
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