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EXTENDED ABSTRACT

Introduction: One of the most destructive environmental hazards is earthquakes. Therefore,
predicting this hazard to reduce its consequences and improve crisis management is one of the
most important goals for researchers. By using seismicity indices and applying machine learning
techniques, researchers can reveal seismic behavior patterns in a region. These methods have
proven especially effective at modeling the nonlinear behavior of seismic data and have thus
become important tools for understanding natural phenomena.

Materials and methods: In the present study, a catalog of earthquakes from the Alborz-
Azerbaijan seismotectonic province covering the period from January 1, 1995, to January 23,
2024, has been compiled. Earthquake magnitudes have been converted to torque magnitudes to
homogenize the catalog. Subsequently, based on the temporal variations in the completeness
magnitude, the threshold magnitude for the study in the Alborz-Azerbaijan seismotectonic
province has been determined to ensure the necessary accuracy for analysis. Three machine
learning methods—Aurtificial Neural Network, Random Forest, and Support Vector Machine—
were selected to predict the time and magnitude of earthquakes. Recognizing that some machine
learning methods require feature definition, nine representative indices of seismic behavior were
estimated for the Alborz-Azerbaijan earthquake catalog to serve as input for the chosen methods.
Following the implementation of these techniques, the estimation error rate was calculated and
reported using four types of error metrics: F1 Score, Recall, Precision, and Accuracy.

Results and discussion: Machine learning in this study was conducted using 245 vectors formed
by 9 indicators. These indices are stored in corresponding two-dimensional arrays, with each
column representing a specific set of indices. Each data vector is associated with a binary label of
1 or 0; the label "1" indicates the occurrence of at least one earthquake with a magnitude equal to
or greater than the moment magnitude threshold of 5.5, while the label "0" indicates the absence
of seismic activity for earthquakes with magnitudes less than 5.5. In this research, 80% of the data
vectors were used for model training, and 20% were used for testing. The findings, regarding the
estimated true and false alarm error values for each of the machine learning techniques applied to
the seismic data of Alborz-Azerbaijan, demonstrate the success of all three techniques in
predicting events recorded in the seismic catalog of Alborz-Azerbaijan. Generally, an accuracy
exceeding 95% was achieved for all three methods.

Conclusion: The findings indicate the success of these techniques in estimating the cycle of stress
accumulation and release associated with seismic activity in the Alborz-Azerbaijan geotechnical
province. The accuracy of all three methods shows only a small difference, reflecting the high
performance of machine learning techniques. For the seismic data of Alborz-Azerbaijan, the
Random Forest method exhibits slightly higher accuracy. The accuracy values obtained from the
selected methods in this research suggest that the optimal machine learning method depends on
the diversity and quantity of the data. In the context of natural hazard data, particularly geophysical
hazards, the differences in success levels among machine learning methods are influenced by the
tectonic and geological characteristics of the environment. Furthermore, the results of this study
demonstrate that utilizing machine learning techniques for preparedness and mitigation of
environmental consequences, as well as for earthquake crisis management, is promising.
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Tabel 1. Earthquakes with a moment magnitude ( M, ) equal to or greater than 5.5 in the Alborz tectonic province from January 1,

1995, to 23.

Date Time Latitude longitude Depth MW
1997-02-28 12:57:22 38.12 48.08 9 6.1
1998-07-09 2:19:21 38.72 48.53 26 5.9
1999-12-03 5:06:54 40.49 4235 6 5.7
2002-11-11 12:13:41 35.87 52.26 15 5.8
2004-05-28 12:38:43 36.25 51.57 27 6.3
2004-11-07 9:46:19 37.15 54.43 30 5.6
2010-08-27 7:23:46 35.49 54.47 6.7 5.8
2011-11-09 7:23:33 38.43 43.23 5 5.7
2011-11-23 10:41:23 38.72 43.51 16 7.1
2011-11-23 10:48:17 38.75 43.60 9 5.8
2011-11-23 10:56:49 38.82 43.43 18 5.8
2011-11-23 11:32:41 38.80 43.43 18 59
2011-11-23 8:45:35 38.63 43.08 5 6
2011-11-25 2:55:08 38.81 43.62 14 5.6
2012-08-11 12:23:20 38.43 46.81 9 6.5
2012-08-11 12:34:39 38.40 46.80 10 6.4
2012-11-07 6:26:33 38.46 46.57 10 5.6
2019-11-07 10:47:04 37.71 47.52 8.5 5.83
2020-02-23 5:52:59 38.45 44.52 6 5.66
2020-02-23 4:00:30 38.49 44.56 6 5.83
2023-01-28 6:14:45 38.53 44.84 11 5.83
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Fig. 2- Cumulative frequency of seismic events /N with magnitudes A/ y during the period from January 1995 to January 23, 2024,

for the seismic catalog of the Alborz-Azerbaijan tectonic province.
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Table 2. Changes in the completeness magnitude using the maximum curvature method for the period from 1995 to 2024 for the
seismic catalog of the Alborz-Azerbaijan tectonic province.
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Table 3. Sample training data for 12 months between January and December 2013, showing the values obtained from nine features
and the corresponding desired outputs, with the threshold magnitude valuez =5.5.

Date AT(Days) M,  dE"x10"

January2013 168 391 0.007
February2013 93 3.48 0.003
March2013 51 343 0.004
April2013 55 3.48 0.004
May2013 57 342 0.004
June2013 63 3.39 0.003
July2013 64 3.39 0.003
August2013 59 344 0.004
September2013 83 3.37 0.002
October2013 93 342 0.002
November2013 93 341 0.002
Decber2013 84 345 0.002

M e b AM H ¢ 11 label
6.25 151 121 065 0 151 1
529 191 191 019 0 191 0
4.99 194 232 008 0 194 0
521 167 203 021 27 167 0
5.07 180 219 007 27 180 0
5.05 181 220 | 005 55 181 0
497 195 236 030 0 195 0
525 163 198 058 51 163 0
4.86 207 252 019 0 207 0
491 204 247 024 0 204 0
4.95 198 239 028 0 198 0
5.05 190 228 038 0 151 0
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Table 4. Estimated accuracy values using three machine learning methods: Artificial Neural Network, Random Forest, and Support
Vector Machine for the Alborz-Azerbaijan earthquake catalog.

ML model Support Vector Machine
Accuracy 97.50
Precision 96.39
Recall 98.18
F1-score 97.23

Random Forest

Artificial Neural Network

98.76 97.93
97.26 98.17
99.9 97.31
98.60 91.71
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