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Fig. 1. Simple schematic of multilayer perceptron neural
network
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PRI
32 Models Number of nodes in hidden layer
Training
method epochs | 8 12 16 20
1 NO81 | N121 N161 N201
2 N082 | N122 | N162 N202
Batch
4 NO084 | N124 N164 N204
8 NO088 | N128 | N168 N208
1 N081 | N121 N161 N201
. 2 NO082 | N122 N162 N202
Online
4 N084 | N124 N164 N204
8 NO088 | N128 | N168 N208

Table 1. Different models of MLP neural network which is
used in the current study
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Variables Impact | Normalized
Factor | |mpact Factor
Long. 0.2 94.40%
Lat. 0.197 93.20%
Depth 0.185 87.50%
Days 0.211 100%
Soil Type | 0.064 30.30%
Fault 0
Mechanism 0.143 67.70%

Table 3. Impact factor of input variables
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Figure 2. Models correct prediction percentage
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Abstract:

Theoretical and empirical equations -developed for calculating the magnitude of earthquakes- are affected by
several parameters. Most of these parameters need to be measured and entered in the equations accurately;
while, lack of the required equipments in many areas, results in approximate measurement of these
parameters or even consideration of assumed values. Moreover, most of the mentioned equations are
presented exclusively for a specific region or state; therefore, they are not reliable enough for other regions.
On the other hand, neural networks are proved to be one of the most practical numerical tools in modelling
and forecasting. There are three major advantages of neural networks. First: their ability to learn any
complex non-linear mapping; Second: their independency of a priori assumption about the distribution of
data; Third: their flexibility with respect to incomplete, missing and noise data (Vellido et al, 1999).
Moreover, neural networks, regardless of the region and country, are known as general solvers. Aim of this
paper is to use Multilayer Perceptron (MLP), as one of the most influential neural network models, in
predicting the magnitude of the earthquakes. This method consists of several layers of nodes. It includes an
input layer, an output layer, and a hidden layer, each of which contains input node(s), output node(s), and
hidden node(s), respectively. Characteristics of input nodes are defined with some variables, where in this
research, three spatial variables, one time variable and two physical variables are adopted as six independent
variables. The output nodes of neural networks are the prediction outputs or labels. The seismic data that is
used in this research are gathered from the recorded earthquakes of Iran. 85% of the whole data is used for
network training and 10% of that, for network testing and revising. The remained 5% is dedicated to derive
the final prediction of the magnitudes of earthquakes. These predictions are then compared with exact values
to assess the ability of the network. In the hidden layer, as there is no method to directly select the optimal
number of hidden nodes, four different numbers of hidden nodes are chosen; including 8, 12, 16 and 20. As
““overtraining” is the main problem with neural networks, a set of four different learning epochs are used,
including 1, 2, 4 and 8. Moreover, in training part, two different training methods, named Batch and Online,
are applicable. In order to reach more comprehensive results, both of these methods are applied and finally,
32 different groups of parameters and models are set up. According to the results, the average correct
prediction of the models is about 70%. This means that the MLP network has a good capability for
predicting the magnitude of earthquakes and can perform as a functional tool in predicting the magnitude of
the earthquake regardless of the dependency to the time and location.

Keywords: Multilayer Perceptron, Neural Network, Earthquake Magnitude, Prediction, Training Method



