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Research on earthquake prediction based on BP and SOM neural network

CAI Run', WU Zhen', YUN Huan®, GUO Peng'
(1. Lanzhou Institute of Seismology, China Earthquake Administration, Lanzhou 730013, China;
2. Da Hua Certified Public Accountants Chongqing Branch, Chengdu 610074, China)

Abstract ;. Because of the complexity of the causes of earthquake prediction,it has been recognized an apo-
ria by all over the world. In this paper, a new method based on Back-Propagation neural network (BP)
and Self-Organizing Feature Map neural network (SOM) is proposed, and applied to the prediction of
earthquake magnitude. Firstly, Clustering of the original seismic data by using Self-Organizing Feature
Map neural network, which has the inherent law of the samples together, after using BP neural network
to the sample data for learning and prediction, the experimental results show that compared with BP
neural network prediction results, the increase of SOM clustering process can effectively reduce the pre-
diction error. It shows that this method can effectively summarize the factors which are closely related to
earthquakes and SOM is effective for the classification of the relevant magnitude parameters, and it can
be as an effective assistant method to predict the magnitude by using the fuzzy prediction method.

Keywords: BP neural network; SOM neural network; Magnitude; Earthquake prediction
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Fig. 1 The BP neural network structure
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Tab.1 Earthquake catalogue

A H i () 20 C)  HEkm)  Ms
1 2000/3/29 31. 64 99.93 8 4.1
2 2000/9/8 28.3 104. 66 9 4.0
3 2001/2/23 29.55 101. 14 24 6.0
4 2002/8/8 30. 84 99. 83 29 5.4
5 2003/12/2 30. 87 101. 29 32 5.0
6 2005/1/4 32.39 101. 66 32 5.1
7 2006/7/22 28.04 104.13 17 5.1
8 2006/8/25 28.08 104. 26 15 5.1
9 2008/8/30 26.3 102. 06 19 6.3
10 2008/12/9 32.52 105. 48 10 5.1
11 2009/6/29 31.46 103. 96 24 5.5
12 2009/11/27 31.23 103.8 15 5.0
13 2010/4/27 30.6 101. 45 8 5.0
14 2011/4/10 31.28 100. 8 10 5.4
15 2011/10/31 32.6 105.3 6 5.2
16 2013/4/20 30. 3 102. 99 17 7.0
17 2014/4/4 28. 14 103.57 13 5.1
18 2014/11/22 30. 29 101. 68 20 6.4
19 2015/9/22 32.61 105. 38 10 4.1
20 2015/2/6 28. 36 104. 9 7 4.5
21 2016/6/27 31. 89 104. 41 10 4.5
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Fig. 4 The relationship between magnitude and
frequency
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Tab. 2 Learning samples

AT  WERABAREE  REERGEE AR il b fH AL IX R SRR
1 0. 1404 0. 0000 0. 0000 0.0759 0.6417 0. 0500 0. 0690
2 0. 1404 0. 0000 0. 0000 0.1013 0. 3890 0. 0000 0. 0000
3 0. 1404 0.0202 0.3333 0.6519 0.3298 0. 5000 0.6552
4 0. 0000 0.0021 1. 0000 0. 0000 0.3993 0. 3500 0. 4483
5 0. 0877 0. 0006 0.5000 0.2025 0.5028 0. 3500 0.3103
6 0.0351 0. 0006 0. 0000 1. 0000 0.2362 0. 3000 0. 3448
7 0.2281 0. 0006 0. 0000 0.5316 0.9522 0. 1000 0. 3448
8 0. 0000 0.0008 0.3333 0.4873 0.2377 0. 4500 0. 3448
9 0.0526 0.0738 0.6667 0.7722 0. 0000 0. 9500 0. 7586
10 1.0000 0.0018 0.6667 0. 0000 1.0000 0. 5500 0. 3448
11 0. 4561 0. 0034 0.3333 0.3291 0.6172 0. 5500 0.4828
12 0.2281 0.0016 0. 5000 0. 2089 0. 4412 0. 5500 0.3793
13 0.1754 0.0005 0. 5000 0.0506 0. 7341 0. 3000 0.3103
14 0.2281 0.0020 0. 5000 0.1203 0. 9599 0. 3000 0. 4483
15 0. 1579 0.0010 0. 5000 0.0127 0.8472 0. 3000 0.3793
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Tab.3 Test data
FEARGS MR REURE  REEAE R 7 1 b fi A 1K 72 4% 52 bR %R
16 0.9123 1. 0000 0.8333 0.3924 0.6168 0. 8000 1. 0000
17 0.1053 0. 0007 0. 5000 0.0127 0.8423 0. 3000 0.3448
18 0.1579 0.1098 0.6667 0. 6456 0. 0855 1. 0000 0.7931
19 0.0351 0. 0005 0.3333 0.3671 0.4393 0. 3000 0.3103
20 0. 0000 0. 0000 0. 0000 0.3228 0. 8062 0. 0500 0. 0000
21 0.0877 0.0001 0.1667 0.2468 0.6287 0. 2500 0.1379
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Tab. 4 Results of BP prediction

[EBERY S

B 5 BP %R £-F 5 AR 4R Tw & A
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Tab.5 The clustering results
5 4 3 1 2 2 1 3 2 1 2 2 4 4 4 1 4 1 2 3 4
10 4 4 3 2 2 5 4 5 3 1 5 7 6 6 3 7 3 5 4 4
20 3 3 1 9 7 5 6 5 1 2 4 8 8 8 13 8 1 5 6 3
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Tab. 6 The results of SOM network clustering

GES FEA S 5 REA DA A
1 1.10.13.14.15.17.21  1.10.13,14.15 17,21
2 2.7.20 2.7 20
3 3.6.9.16,18 3.6.9 16,18
1 4.5.8,11,12,19 4,5.8.11,12 19

XFER 6 2R IE B RE A s AT R 2% )1 5 )
7SR A TR (1

threshold=[0 1;0 1;0 1;0 1;0 1;0 1];

net = newff ( threshold, [ 15, 1], { tansig’,’
logsig’} »'traingdx) ;

net. trainParam. epochs=1000;

net. trainParam. goal=0. 001 ;

net=init(net) ;

net=train(net, P, T);
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Tab. 7 The results of SOM-BP prediction

S b b R R T 2 R L H YR 2
7.0 6. 8150 0.1850
5.1 5.0050 0.0950
6.4 6.3140 0. 0860
5.0 5.0289 0.0289
4.1 4.2814 0.1814
4.5 4.4544 0.0456
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BIJ7 %75 (mse)
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Fig. 6 SOM-BP experimental error square sum with the
number of training curve(class 1)
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Fig. 10 The SOM clustering(1)
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Fig. 11 The SOM clustering(2)

v V abeks
1 2 3 4 5 6 7
P

B 12 SOM R kEm%h 3 £
Fig. 12 The SOM clustering(3)

BH13 SOMBREXEwFH 1%
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Fig. 14 Comparison of output results
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