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Problem formulation
• Started as machine learning experiment within Serbian-Slovak cooperation

• As shown before in previous study (Aleksandra Nina et al, 2021)*, there are signals 
showing the relation between VLF signal noise reduction and seismic activity

* Nina, A.; Biagi, P.F.; Mitrović, S.T.; Pulinets, S.; Nico, G.; Radovanović, M.; Popović, L.Č. Reduction of the VLF Signal Phase Noise Before
Earthquakes. Atmosphere 2021, 12, 444. https://doi.org/10.3390/atmos12040444

• Our joint goal   
• examines the relationship between very low frequency (VLF) signal noise 

reduction and small period wave excitations, and seismic activity by applying 
machine learning to VLF signal amplitude measurements

• Problem formulation as ML task(s)
• Binary classification task distinguishing earthquake-related intervals from non-

seismic periods using features extracted from both time and frequency domains
• (Additionally) Prediction – to see if it is possible to predict (forecast) that there will 

be earthquake in X minutes horizon



Data – VLF signals
• VLF signals emitted by the ICV, DHO, 

JXN, and GQD transmitters located in 
Italy, Germany, Norway, and the UK 
respectively, and received in Belgrade, 
Serbia

• The signals were recorded by the 
Absolute Phase and Amplitude Logger 
(AbsPAL) receiver with a time resolution 
of 0.1 s

• Time period from October 1, 2016, to 
November 15, 2016



Data – Eartquakes
• Euro-Mediterranean Seismological 

Centre (EMSC) database
• European region, bounded by 

latitudes 30º–80º and longitudes -10º–
30º, primarily covering the regions of 
Italy, Central Europe, and the Balkans

• In total, information on 3,172 
earthquake events was extracted



Data preparation (1)
• Input data:

• Signal amplitude 𝐴!, measured in decibels (dB), 10Hz frequency
• Derived attributes:

• Baseline amplitude 𝐴"#$%– moving median with spanning 5s window
• Noice component ∆𝐴 = 𝐴! − 𝐴"#$%
• Reference noise – maximum absolute value of ∆𝐴 for 1 min. interval, excluding 

5% of largest differences
• Filtering

• Filtered earthquakes whose epicentre was up to 250 km away from the signal 
path and magnitude < 2 

• Majority of events observed in centre Italy and Adriatic sea (ICV transmitter in 
Tavolara, Sardinia)



Data preparation (2)
• Time domain

• 6h time windows, after integration of earthquakes data 511 positive and 400 
randomly selected negative cases

• Frequency domain
• Spectrograms – Fast Fourier Transformation from 𝐴"#$%  over 10 min. overlapping 

windows
• Two logarithmic scales for time periods, 300 bins

• 0.2 – 6 s (high frequencies)
• 6s – 10 min (low frequencies)



ML models
Task 1: binary classification task, time window 6h
• Time domain

• Logistic Regression, Linear Support Vector Machine, Random Forests, kNN 
• Frequency domain

• Time domain + Feedforward Neural Networks, Convolutional Neural Networks

Task 2: 15 min. prediction, time window 3h
• Frequency domain

• Time domain + Feedforward Neural Networks, Convolutional Neural Networks



Evaluation
• 5-folds cross validation
• Metrics:

• Precision / Recall
• F1 measure
• AUC (Area Under the ROC Curve)



Classification - time domain
Model Precision Recall F1 ACU

Logistic regression 0.68 ± 0.053 0.67 ± 0.051 0.67 ± 0.057 0.71

Random forests 0.63 ± 0.021 0.63 ± 0.022 0.63 ± 0.020 0.68

k-NN 0.65 ± 0.034 0.65 ± 0.035 0.64 ± 0.031 0.66

SVM 0.67 ± 0.052 0.68 ± 0.052 0.67 ± 0.051 0.76
For time-domain representation, ensemble-based nonlinear feature interactions provide less
discriminative advantage compared to linear or margin-based methods



Classification - high frequency 
domain

Model Precision Recall F1 ACU

Logistic regression 0.86 ± 0.037 0.86 ± 0.037 0.86 ± 0.038 0.94

Random forests 0.89 ± 0.027 0.89 ± 0.027 0.89 ± 0.026 0.91

k-NN 0.83 ± 0.014 0.80 ± 0.016 0.80 ± 0.023 0.94

SVM 0.85 ± 0.031 0.85 ± 0.031 0.84 ± 0.031 0.92

FNN 0.89 ± 0.048 0.88 ± 0.046 0.89 ± 0.047 0.91

CNN 0.84 ± 0.042 0.83 ± 0.043 0.83 ± 0.042 0.9

Rapid VLF signal fluctuations contribute significantly to distinguishing earthquake-related
intervals, its frequency components encode discriminative patterns that ML can use effectively



Classification - low frequency 
domain

Model Precision Recall F1 ACU

Logistic regression 0.83 ± 0.025 0.82 ± 0.025 0.82 ± 0.026 0.90

Random forests 0.89 ± 0.032 0.89 ± 0.032 0.89 ± 0.031 0.95

k-NN 0.83 ± 0.024 0.81 ± 0.025 0.80 ± 0.024 0.90

SVM 0.79 ± 0.028 0.79 ± 0.028 0.79 ± 0.029 0.88

FNN 0.82 ± 0.043 0.83 ± 0.043 0.82 ± 0.042 0.90

CNN 0.86 ± 0.040 0.85 ± 0.041 0.85 ± 0.040 0.91

For longer-period domain range there is reduced performance overall (except Random Forests),
with approximately 2–5 percentage points across all metrics



15 min prediction (forecast) - high 
frequency domain

Model Precision Recall F1 ACU

Logistic regression 0.66 ± 0.022 0.66 ± 0.024 0.66 ± 0.024 0.66

Random forests 0.64 ± 0.025 0.64 ± 0.027 0.63 ± 0.030 0.73

k-NN 0.64 ± 0.042 0.64 ± 0.038 0.63 ± 0.038 0.70

SVM 0.63 ± 0.052 0.63 ± 0.052 0.63 ± 0.053 0.70

FNN 0.68 ± 0.036 0.63 ± 0.036 0.63 ± 0.038 0.76

CNN 0.62 ± 0.035 0.62 ± 0.034 0.61 ± 0.034 0.70



Conclusions
• ML models were able to confirm relationship previously shown in paper by A. Nina et al 

(2021)
However:  
• Time-domain features 

• only moderate discriminative power, 
• raw amplitude fluctuations - not sufficiently distinctive to separate seismic / non-seismic periods

• Frequency-domain representations substantially improved model performance
• Especially shorter-period features 0.2 – 6 s. range => multiple classifiers with F1near 0.89, AUC 0.90
• Longer-period spectral features (6 s. – 10 min.) also informative, but slightly less discriminative

• Prediction (forecast) task (15 min horizon, 3h window)
• Significantly lower performance in forecast setting (neural network models showed smallest losses, 

but still notable performance loss)  



Thanks for you attention
We are open to any cooperation in application of AI, deep 
learning, machine learning, etc. 
  
   

   Feel free to contact us … 

Peter Butka – Institute of Artificial Intelligence, Faculty of Electrical Engineering and 
Informatics, Technical University of Kosice, Slovakia 
Contact: peter.butka@tuke.sk
Google Scholar: https://scholar.google.com/citations?user=eYhPgtMAAAAJ&hl=en
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