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Highlights 
 

 

 

 Two directed weighted earthquake network are structured by the earthquake influence 

number and the maximum magnitude.  

 

 The earthquake is predicted based on the minimum edge weight. 

 

 Two networks are divided into communities and their earthquake prediction accuracies are 

improved. 
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Abstract—In time-space influence domain, two directed weighted earthquake network are structured based on the earthquake 

number and the maximum magnitude of Southern California. The earthquake prediction method is proposed based on the minimum 

edge weight. By CNM(community detection method) community division algorithm, the network is divided into several communities 

and the top 10 communities can be selected according to the number of nodes. Finally, we compare the accuracy of the divided network 

with the network without community division. The simulation results show that the community division can improve the accuracy of the 

earthquake prediction. 

 

Index Terms—Earthquake network, directed weighted network, prediction, community division 

 

I. INTRODUCTION 

arthquake is a worldwide problem since it has destructive power. Even if in a small earthquake belt, earthquake can happen 

thousands of times per year. Earthquake is one of the most important natural phenomena that hazards our life and property. 

Fortunately, a number of researchers devote to revealing the regularities of the phenomena and make fruitful achievements in 

a long research history. In these achievements, the most famous one is the Gutenburg-Richter law
[1]

 that reveals the relationship 

between earthquake magnitude and frequency,  which is often used to study earthquake in geophysics
[2-4]

, and the other one is 

Omori law
[5]

 that describes the relationship between the frequency of the aftershocks and the time interval. For modeling the 

earthquakes, Baiesi and Paczuski
[6,7]

 defined different tremor events as nodes of a network, where a pair of node is linked if the 

correlation between them exceeds a certain threshold. Abe and Suzuki
[8-15]

 considered that each pair of successive earthquakes 

events are associated. While, He Xuan
[16]

 proposed a different approach to build the network edge based on the space-time 

influence domain. 

In order to build an earthquake network, Abe S and Suzuki N
[8]

 proposed a research method of modeling a network of earthquake 

regions. Firstly, the earthquake region is divided into a number of cells one by one. If an earthquake happens in a cell, the cell is 

defined as a node in the earthquake network. Further, if two nodes are both affected by an identical earthquake, a link between the 

nodes is added into the network, and in an earthquake event, if two tremors occur in a node, self-loop is applied to the node. After 

studying the earthquake data of Southern California and Japan, it is found that earthquake networks of the two regions have 

scale-free characteristic by statistic on degree distribution of network node. Well, based on the study of Gardner J K
[17]

, He Xuan
[16]

 

proposed a construction method of earthquake network by the space-time influence domain. Lin et al
[18]

 established a earthquake 
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recurrence network based on the magnitude time series of California. The constructed networks are unweighted. However, in 

actual networks, the importance of different edge is different. Therefore, it is necessary to introduce the "weight" associated with 

the edge attributes, and then build a weighted earthquake network.  

In current earthquake prediction studies, Kong Q
[19]

 designs an intelligent earthquake data analysis software, Myshake, which 

can be used to collect data for early prediction of earthquakes and enhance EEW's ability of prediction(EEW, earthquake 

early-warning).Howell S et al
[20]

 use statistical methods to alleviate earthquake hazards by pattern selection. Zhang Y et al
[21]

 use an 

image segmentation method to establish a fast search engine for detecting the location of the source rapidly after an earthquake. 

Recently, the research of earthquake prediction based on complex network is increasing. He X et al
[16,22]

 select the nodes in the 

California earthquake network by the K kernel theory, and predicate the earthquakes by the Bayesian network. Men K P et 

al
[23,24]

predicate M ≥ 7 Earthquakes in Xinjiang Region and M ≥ 8 Earthquakes in mainland of China by designing an ordered 

network. However, these studies only select a very small number of seismic data or a few nodes for research. In fact, when making 

prediction, we should study all regions and most of the seismic data. 

In this paper, the seismic data of South California(114.0W-122.0W，32.0N -37.0N) is taken as the research object(1992-2014 

seismic data is used to construct the network, and 2015 data is used to make earthquake prediction , data is from 

http://service.scedc.caltech.edu/ftp/catalogs/SCEC_DC/). Based on space-time influence domain, two kinds of directed weighted 

earthquake networks are respectively generated by the earthquake number and the maximum magnitude. Then, the modularity of 

weighted network is combined with the CNM algorithm
[25]

 to divide two directed weighted earthquake networks. Next, on the basis 

of the community division, the top 10 communities are selected according to the number of nodes in the community. The 

earthquake is predicted for these communities based on minimum edge weight. Finally, the prediction accuracy of the network is 

normalized. It proves that the prediction accuracy of the earthquake network after the community division has been improved. 

The outline of this paper is as follows. In Section 2, we construct two directed weighted earthquake network and predicate 

earthquake based on the minimum edge weight. In Section 3, we divide two directed weighted earthquake networks by combing 

the modularity with the CNM algorithm and select the top 10 communities. In Section 4, we make simulation on two directed 

weighted network. Finally, a summary and some conclusions are stated in Section 5. 

II. CONSTRUCTION OF EARTHQUAKE NETWORK  

California is in the south Pacific Rim seismic belt, where most shallow earthquakes occur, so in the division of the earthquake 

region, we only consider the latitude and longitude without depth. Furthermore, the magnitude of main seismic nodes is at least 2.5 

and the magnitude of all nodes is at least 1. 

For node i , its duration of the influence time and maximum influence distance are not linearly related to its magnitude. Their 

relation can be expressed as follows: 

 1 1log i iT a M b   (1) 

 2 2log i iL a M b   (2) 

where 
iM  represents the magnitude of node i  , 

iT indicates the duration of the influence time, 
iL  indicates the maximum 

influence distance, and 
1a 、 

2a 、
1b  、

2b  are constants obtained according to the statistics. 

The time interval and distance between node i  and node j  are expressed as follows:  

 ij i jt t t    (3) 
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where it and jt represent the seismic beginning of node i and j respectively,
ilat  represents the latitude of the earthquake, 

ilon  

indicates the longitude of the earthquake. In this paper, the magnitude of shock region is greater than the magnitude of the region 

affected by it. 

Definition 1: In a seismic event, if there is an earthquake in both node i  and j  , 
it T   and 

ij id L , node i   has an edge pointing 

to j  .The repeated edges and self-loop should be excluded. 

In order to study the relationship between nodes in the earthquake network, this paper introduces the concept of weight and 

proposes two methods to define the edge weight. 

A. Strategy 1 

Strategy 1is based on the earthquake number. For strategy 1, the edge weight ijs   is defined as  

 
ij

ij

i

H
S

H
   (5) 

where
iH  represents the earthquake number occurring in node i , 

ijH  indicates the earthquake number of node j affected by node 

i . 

B. Strategy 2 

Strategy 2 is based on the maximum magnitude. For strategy 2, the edge weight ijms  of the m -th earthquake event is defined as  

 
jm

ijm

im

M
s

M


  (6) 

where imM  represents the magnitude of the node i of the m -th earthquake, jmM  represents the maximum magnitude of the node 

j  affected by node i  during the m -th earthquake event. 

From 1992 to 2014, the number of earthquakes with magnitude greater than 1 is 228,393 in Southern California. So, there are 

many edge weight values based on the maximum magnitude. In this paper, the maximum value is defined as the edge weight value 

 max
i

ij ijm
m n

S s


   (7) 

where in  is the number of earthquake in node i . 

The network has 1890 nodes and 16137 edges. Based on the statistical analysis of node degree and clustering coefficient 

distribution in the network, two directed weighted earthquake network generated in this paper have scale-free and small-world 

characteristics. 

Based on two directed weighted earthquake networks, earthquake will be predicted for Southern California. In this paper, the 

prediction based on the minimum edge weight is used to study the influence of the edge number on prediction accuracy in this 

paper. The number of predicted and actual earthquakes in two weighted networks varies with the weight as shown in Fig1. 
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(a)                                                                                             (b) 

Fig. 1 Prediction of directed weighted earthquake network, (a) strategy 1, (b) strategy 2 

As shown in Fig. 1, the number of earthquake is correspondingly reduced with the minimum edge weight from 0.1 to 0.9 and the 

predicted number of earthquake is correspondingly reduced. With the increase of the minimum edge weight, the prediction 

accuracy of two weighted earthquake networks is shown in Table 1. 

TABLE 1 

 PREDICTION ACCURACY OF TWO NETWORK BASED ON MINIMUM EDGE WEIGHT 

 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 

strategy 1 0.248 0.284 0.291 0.313 0.326 0.3330 0.325 0.332 0.359 

strategy 2 0.184 0.184 0.194 0.202 0.217 0.226 0.234 0.245 0.229 

As Fig. 1 and Table 1 shown, the overall experimental result of earthquake prediction is not effective because the region where 

nodes are located is not considered when we predict the earthquake. Based on the analysis of California's 1992-2014 seismic data, 

regions with a magnitude greater than 5 are concentrated in small local regions (33N-34.5N, 116.3W-118.1W).Moreover, the 

influence of the main shock region on the other regions is mostly related to magnitude. Therefore, it is impossible to predict the 

earthquake based on earthquake influence number or the magnitude only. In order to improve the accuracy of earthquake 

prediction, the earthquake network should be reasonably divided and then predicted according to the structure of the network. 

III. THE ALGORITHM OF COMMUNITY DIVISION 

Based on the CNM algorithm proposed in [22], the modularity of the directed weighted network is considered, in order to divide 

the community structure of the network. The algorithm flow is as follows: 

Step 1, Initialize: Assume that each node in the network is an independent community, modularity 0Q  . The initial edge 

weight ije , the node in-edge weight 
in

ia and out-edge weight out

ia  of directed weighted network are defined as follows: 

 
,               if node  has edge pointing to node 

0,                              others 
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where ijs  represents the edge weight between the community i  and j ,
in

iw and 
out

iw represent the in-edge and out-edge weight 

of community i respectively. 

The initial modularity increment matrix is defined as 

if node  has edge pointing to node 

0      others 

out in

ij i j

ij

s a a i j
Q

 
  



，

，

(11) 

The max-heap H  can be obtained by calculating the maximum increment from each row of the modularity increment matrix. 

Step 2:Select the ijQ , which is the largest value in the max-heap H . Find the corresponding communities i and j , and join

them into new community j .Then update ijQ , H  and auxiliary vector i
a , ijQ  and i

a can be updated by 

'

if community ,  has edge pointing to

-2 , if community  has edge pointing to  while community   is not
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ik jk
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jk ik j k
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(13) 
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(14) 

Then we can get the modularity value
ijQ Q Q   . 

Step 3: Repeat step 2 until all the nodes are divided into their own appropriate community, that is, the largest element of the

network modularity increment matrix changes from positive to negative. The modularity Q  reaches the peak value. 

According to the algorithm, the directed weighted earthquake network based on the earthquake number is divided into 41 

communities, and the directed weighted earthquake network based on the maximum magnitude is divided into 38 communities. 

The communities of two directed weighted earthquake networks are sorted by the number of nodes. In the directed weighted 

earthquake network based on the earthquake number, the first community with the largest number of nodes accounts for 11.5% of 

the total network, while the top 10 community nodes account for 63% of the network. In the directed weighted earthquake network 

based on the maximum magnitude, the first community with the largest number of nodes accounts for 15.2%of the total network, 

while the top 10 community nodes account for 66.6% of the network. The top 10 communities are shown in Fig 2. 
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Fig. 2 The top 10 communities of the two constructed networks (a) strategy 1(b) strategy 2 
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IV. SIMULATION ANALYSIS

In the top 10 communities of two directed weighted earthquake networks, earthquake is predicted based on the minimum edge 

weight. In order to normalize the prediction accuracy of the network after the community division, the prediction accuracy of the 

network is calculated as follows: 

r

r l

r
l

r

r

n z

Z

n





(15) 

where
lz  is the prediction accuracy for the minimum edge weight value l , rn represents the earthquake number of the r -th

community,
r

lz  represents the prediction accuracy of the r -th community. In this paper, when the prediction number of

earthquake is null, the corresponding data is discarded. 
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Fig. 3 Comparison of prediction accuracy (a) strategy 1 (b) strategy 2 

As shown in Fig. 3(a), with the increase of the minimum edge weight, the accuracy of the earthquake prediction increases with or 

without division, and the earthquake prediction accuracy with community division is significantly higher than the one without 

community division. For Fig. 3(b), with the increase of the minimum edge weight, the earthquake prediction accuracy with 

community division is higher than that one without community division, and their trend is same. 

It is obvious that the prediction accuracy of two directed weighted earthquake network are improved with community division. 

The earthquake network is divided into communities, that is, the seismic area is divided into a certain region, so that the earthquake

prediction can be carried out in each region, thus the prediction accuracy is improved. 

V. CONCLUSION 

In this paper, we generate two directed weighted earthquake networks based on time-space influence domain. Strategy 1 is based 

on the earthquake number. Strategy 2 is based on the maximum magnitude. Then combining with the CNM community division 

algorithm, the network is divided into several communities and we select the top 10 communities according to the number of nodes. 

It is obvious that the top 10 communities of the network contain most nodes. Because the smaller the minimum edge weight is, the 

more the edge of the earthquake network is. So in order to better study the earthquake prediction accuracy as the earthquake 

number changes, we make earthquake prediction based on the minimum edge weight. Although there are many community nodes, 

the number of earthquake is not proportional to the number of nodes. So in order to better study the influence of community 

division on the earthquake prediction accuracy, this paper normalizes the prediction accuracy and the earthquakes number, and 

compares with the prediction accuracy without community division. The simulations show that the network earthquake prediction 
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accuracy can be improved by community division. 
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