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Seismic Induced Ionosphere anomalies
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Ionospheric precursors of earthquakes refer to anomalous variations or disturbances observed in the 
ionosphere, the upper part of the Earth's atmosphere, prior to the occurrence of an earthquake. 

(Pulinets, S. (2004))

OBSERVABLE 

i. Acoustic Gravity Waves (AGW) (Piersanti, Mirko, et al. (2020))

ii. Total Electron Content (TEC) (Xiong, Pan, et al. (2022))

iii. ULF/ELF Electromagnetic  Field (Zhang, Xuwen, et al.(2011))

iv. VLF Electromagnetic fields (Xiong, Pan, et al. (2020))
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Core scientific questions we try to answer

Can we study space-based global ionosphere EF data to find statistically 
significant seismic-induced anomalies without relying on a predefined physical 
model using data-driven methods?
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DATA 

• Collected from the USGS EQ Catalogue. ​ 
https://earthquake.usgs.gov/

• Magnitude ≥ 5
• Spatial Range: All over the world

• VLF Power spectra data of electric fields - 
DEMETER ICE (2005 -2010) https://cdpp-
archive.cnes.fr/ ​

• Frequency resolution of 19.5 Hz ​
• Time resolution of 2s. ​

Earthquake DataIonospheric Electric Field Data
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https://earthquake.usgs.gov/
https://cdpp-archive.cnes.fr/%20%E2%80%8B
https://cdpp-archive.cnes.fr/%20%E2%80%8B
https://cdpp-archive.cnes.fr/%20%E2%80%8B


Time series data prepared from PSD data
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Rolling Windows Approach

• 20 overlapping windows, each 15 months:

• 12 months training, 3 months validation.

• Shift step: 3 months.

• Windows 16–19 kept as blind test
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Application

• In background correction 
• Training the model
• 2 Set of analysis

PRIMARY ANALYSIS BLIND ANALYSIS
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Exploratory Spatial and Temporal Window Selection 
Criteria
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TW
6 hours

12 hours

24 hours

48 hours

Spatial Window (SW)  Search
 (fixed TW – 48 Hours)  
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Temporal Window (TW)  search
(For the best spatial window)



Exploratory Spatial and Temporal Window Selection 
Criteria
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TW
6 hours

12 hours

24 hours

48 hours

Spatial Window (SW)  Search
 (fixed TW – 48 Hours)  
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Temporal Window (TW)  search
(For the best spatial window)
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Deep Learning Model

LSTM Autoencoder
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Trained on:
•  non-seismic training data
     (fixed SW-TW)

• Input data – 2 Daytime half 
orbits together
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Deep Learning Model

Anomaly threshold = 98th 

percentile value of the train 
data  MSE error Distribution

LSTM Autoencoder

Anomaly Detection 

megha.babu@unitn.it

Trained on:
•  non-seismic training data
     (fixed SW-TW)

• Input data – 2 Daytime half 
orbits together
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Deep Learning Model

Anomaly threshold = 98th 

percentile value of the train 
data  MSE error Distribution

LSTM Autoencoder

Anomaly Detection 
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Seismic Correlation
what part of the detected anomaly has at least an earthquake 
in the given SW-TW

Trained on:
•  non-seismic training data
     (fixed SW-TW)

• Input data – 2 Daytime half 
orbits together



• LSTM autoencoder of different hyper-parameter configurations

• Two Training Modes

• Weight Updating 
For each rolling window, the model uses the 

weights from the previous window to initialize training

• Weight Reinitializing 
For each rolling window, the model reinitializes weights
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Multi-Model Configuration and Training Mode

Name Hidden size

A 8

B 12

C 18

D 32

E 64

In_A 8

In_B 12

In_C 18

In_D 32

In_E 64

For each 
rolling 
window, the 
weights of 
nodes are 
updated

For each 
rolling 
window, the 
weights of 
nodes are 
Reinitialized
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Statistical Test

• Build RST random baseline for each criterion → median Q2_RST  and 0.3 -99.7%RST 
band.

 

• Meta analysis : Average Z score across all windows - Comparing the results 
between all trained models by evaluating the model performance in Seismic-
anomaly detection across all windows.
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The best 
Criteria 

Best Choice of Spatial Window 

THE CHOOSEN CRITERIA - SW22x22_TW48

Time window Analysis

Primary training results [2005-2009]

megha.babu@unitn.it



Primary training results [2005-2009] Blind Phase training results [2010]
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Summary
• Statistically Significant Association

The model detects ionospheric disturbances that occur near earthquakes more often than would be expected by chance 
(typical deviations in the 2–3σ range relative to a random baseline) for the category of spatial range 22x22 degrees and 
48 hours temporal range.

• Robustness Across Time and Training Strategies
         Consistent performance across multiple architectures, two independent training modes, and a blind test.

• Methodological Contribution Toward Predictive Frameworks
The study introduces a realistic, extensible pipeline capable of tracking non-stationary ionospheric background 
conditions, offering a statistically grounded pathway toward future predictive investigations of lithosphere–ionosphere 
coupling.



BACKUPS
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Solar Activity Relation
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Primary training results [2005-2009] Blind Phase training results [2010]
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5) Statistical Test

• Build RST random baseline for each 
criterion → median 𝜌𝑅 and 0.3 -99.7% 
band.

• Randomizing the Time method 

In each trial (total 1000) random sample of 200 sequences was drawn from the whole dataset, and for 
the selected orbit(location) we randomly add a few days to the orbit datetime (between 5-30 days) 
and search for earthquake match. The fraction satisfying the seismic association criterion was 
recorded. The resulting set of ratios defines the reference distribution for a purely random process.
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Methodology
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