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Abstract – In this paper, we carried out a network analysis 

of the South Korean precipitation data of 59 regions. We 

calculated the correlation coefficients by the detrended cross 

correlation analysis (DCCA) from Oct. 2012 to Sep. 2017. The 

network is constructed by connecting links for the pairs 

exceeding 0.6, the general reference value of strong 

correlation. 

By the network analysis, we derived the degree distribution, 

as well as the characteristic path length, clustering coefficient, 

assortativity and modularity. After the analysis, we could infer 

the South Korean precipitation network has not small-world 

and scale-free properties. Also, we confirmed that the network 

topology is quite robust and assortative.  
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I. INTRODUCTION 
 

Among the meteorological factors, temperature and 

precipitation are the most closely related to everyday life. 

The temperature change is periodic and the forecasting is 

relatively easy because of the low variability. However, the 

precipitation period is quasi - periodic and the volatility of 

the quantity is large, so it is difficult to predict and the 

damage caused by flood or drought is serious.  

Preliminary studies on meteorology have been conducted 

by researchers in many fields, and the ultimate goal is to 

pinpoint seasonal mega trends or to find micro trends 

hidden within them. Kang and Ahn [1] tried to find the trend 

function of temperature and precipitation data through 

analysis of variance, and Ko [2] estimated the daily 

maximum temperature distribution function through chi-

square fit test. Kim et al. [3] used a generalized linear model 

and Lee and Sohn [4] used a structural time series model to 

analyze and predict the temperature.  

Sohn et al. [5] investigated the autoregressive model and 

Kim and Kim [6] used the inverse distance weighting 

method to investigate the spatial characteristics of Korean 

temperature distribution. The previous studies can be 

regarded as a study of the mega trend of meteorological 

phenomena. 

In the physical point of view, Podobnik and Stanley [7] 

created a detrended cross-correlation analysis (DCCA) 

method, which suggests a method for analyzing correlations 

by eliminating trends in non-stationary time series. Since 

then, much research has been done on DCCA by Horvatic 

et al. [8] and Podobnik et al. [9]. In this paper, we analyzed 

the correlation of precipitation time series data using DCCA 

method and constructed Korean precipitation network. 

From these results, mean path length, clustering coefficient, 

assortativity and modularity were derived and their 

meanings were derived. 

Meanwhile, Min [10] calculated the first passage time 

using inverse statistics on precipitation around South 

Korea. In addition, Min [11] analyzed the relation of 

temperature in 59 regions of South Korea using the DCCA 

method. 

 

II. MATERIALS 
 

In order to examine the regional connectivity to 

precipitation, we used data from the Korea Meteorological 

Agency. We analyzed daily data for five years from October 

1, 2012 to September 30, 2017. We analyzed the 

precipitation data for 59 regions, those are same as we 

studied the temperature network in 2016. Thus we can 

compare the network properties for rainfall and 

temperature. 

This study consists of two steps. The first step is to 

perform DCCA (detrended cross correlation analysis) to 

remove seasonal factor. This is because the regional factor 

may be concealed by strong seasonal factors if trends are 

not removed. The second step is to perform network 

analysis after linking two regions if the calculated 

correlation coefficient between any two regions exceeds a 

certain threshold value. The correlation coefficient between 

two regions by DCCA also has a value between -1 and 1, 

which is same as the commonly used Pearson correlation 

coefficient. However, since the mega-trend is removed by 

DCCA, the correlation coefficient is generally lower than 

the Pearson correlation coefficient. If a correlation 

coefficient by DCCA is greater than 0.6, which is generally 

considered to be strongly correlated, we judged there was a 

correlation between the regions, so we generated a link 

between the two regions.  

 NODE: Network nodes are 59 regions in South Korea. 

 LINK: If a correlation coefficient of two regional 

precipitation time series by DCCA is greater than 0.6, 

a link between the two regions is generated. 

And then, the network analysis was performed by varying 

the number of nodes, in order to get insight into the 

dynamics of network according to the number of nodes. We 

analyzed some useful network properties as follows. 

A. DCCA (Detrended Cross Correlation Analysis) 
DCCA is a method to obtain the correlation coefficient 

after eliminating trends in order to grasp the relationship 

between two non-stationary time series. In this case, the 

trend function is mainly obtained by first order regression. 

The trend is not a function for the entire time series but a 

function of the individual section divided by a certain size. 

Therefore, the trend function of DCCA corresponds to the 

1st order local trend, and the Pearson correlation that is used 

generally corresponds to the 0th order global trend. 
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B. Degree Distribution 
Degree distribution is a typical tool to see the scale-free 

properties. If a network has N nodes, the possible links for 

a node is between 1 to N-1. Since the sum of an adjacent 

matrix for each column is the degree of each node, it is easy 

to calculate the degree distribution. One of the main issues 

in network theory is to find the scale-free property. [12]. If 

a degree distribution follows the power-law, we call this a 

scale-free network. 
 

𝑃(𝑘)~𝑘−𝛾     (1) 
 

A network that does not take the form of a power-law 

distribution usually follows a bell-shape distribution. 

C. Characteristic Path Length 
One of the most representative ways to look at the 

network's small-worldness is to calculate the characteristic 

path length. If a distance between nodes i and j is 𝐿𝑖𝑗 , then 

the average value of the distance 𝐿𝑖𝑗  for all links between 

nodes is called the characteristic path length. 
 

𝐿 =
2

𝑁(𝑁−1)
∑ ∑ 𝐿𝑖𝑗

𝑖−1
𝑗=1

𝑁
𝑖=1    (2) 

 

If 𝐿 is proportional to or less than log𝑁, the network with 

𝑁 nodes is called a small world network. In the network 

theory, it is known that the relationship between the 

characteristic path length 𝐿  and the number of nodes 𝑁 

according to the range of the exponent gamma of degree 

distribution in scale-free network. That is, 𝐿~loglog𝑁 for 

2 < 𝛾 < 3, 𝐿~log𝑁/loglog𝑁  for 𝛾 = 3 , and 𝐿~log𝑁  for 

𝛾 > 3 [13].  

D. Clustering Coefficient 
Clustering is a typical characteristics of a complex 

network. One of the traditional measuring methods is to 

calculate the clustering coefficient. For any node, it is to see 

how the neighbor nodes are connected to each other. In 

other words, clustering coefficient for a node is the ratio of 

triangles to all possible combination of links connected for 

the node. Thus we define the clustering coefficient by 

averaging coefficients for each node. That is, 
 

𝐶𝑖 =
number of triangle

number of triplet
= 2

number of triangle

𝑘𝑖(𝑘𝑖−1)
  (3) 

 

𝐶 = ∑ 𝐶𝑖
𝑁
𝑖=1     (4) 

 

E. Assortativity [14] 
The assortativity of a network is to see the remaining degree 

distribution of a given link. For instance, if the numbers of 

nodes on both sides of i-th link are 𝑥𝑖 and 𝑦𝑖(𝑥𝑖 ≥ 𝑦𝑖), the 

scatter plot of (𝑥𝑖 , 𝑦𝑖) will be placed on the lower side of the 

line y = x. If the network is assortative, the scatter plot will 

be concentrated around the line, otherwise it will appear 

away from the line. The assortative coefficient is derived by 

the following. 
 

𝑟 =
1

𝜎𝑞
2 ∑ 𝑗𝑘(𝑒𝑗𝑘 − 𝑞𝑗𝑞𝑘)𝑗,𝑘    (5) 

 

Here, 𝑞𝑗 = (𝑗 + 1)𝑝𝑗+1/ ∑ 𝑖𝑝𝑖
𝑁
𝑖=1  indicates the 

probability of the remaining degree distribution and 𝑝𝑖  is 

the probability of the degree distribution. Also, 𝑒𝑗𝑘 

represents the joint probability of 𝑗  and 𝑘  nodes at both 

ends of a link and 𝜎𝑞
2  is the product of the standard 

deviations of the 𝑞𝑗  and 𝑞𝑘 . As a result, the assortative 

coefficient is between -1 and 1, which is identical to the 

Pearson correlation coefficient. 

F. Modularity [15, 16] 
Modularity can be considered as one of the ways to 

identify the community structure of a network. If 𝑘𝑖 and 𝑘𝑗 

are degrees for node 𝑖 and 𝑗 among N nodes in a network, 

the modularity is defined as following. 
 

𝑄 =
1

2𝑚
∑ (𝐴𝑖𝑗 −

𝑘𝑖𝑘𝑗

2𝑚
)𝑁

𝑖,𝑗=1 𝛿(𝑐𝑖 , 𝑐𝑗)  (6) 
 

𝐴𝑖𝑗  represents 0-1 adjacency matrix, and 𝑚  the total 

number of links so 
𝑘𝑖𝑘𝑗

2𝑚
 is the expected value of the number 

of links for each node. Also, 𝛿(𝑐𝑖 , 𝑐𝑗) is a Kronecker delta 

function having a value of 1 if the group 𝑐𝑖 containing the 

node i is equal to 𝑐𝑗 . In general, it is judged that the 

separation between the groups is good if the modularity is 

0.3 or more. 

 

III. RESULTS 
 

In order to examine the properties of precipitation 

network, we analyzed the correlation coefficients by DCCA 

(detrended cross correlation analysis) methodology among 

59 regions in the South Korea from Oct. 2012 to Sep. 2017. 

We considered 1,711 regional pairs. If a correlation 

coefficient between two time series exceed 0.6, which is 

generally regarded as the standard of the strong connection, 

we judge the pair has relevance so generate a link between 

them. After building the network, we derived representative 

properties and deduced the characteristics of the South 

Korean precipitation network. 

Fig. 1 shows the change in the degree distribution when 

the number of nodes is increased from 10 to 59. Our 

network has a small number of nodes, so we could not get 

a smooth figure. Therefore, we divide the whole section 

only into 6 parts and smoothed it as shown in Fig. 1. It may 

be difficult to find the characteristics of the network from 

the degree distribution due to the small number of nodes in 

the network. However, we can infer that all six distributions 

are consistently bell-shaped distributions and this is evident   
 

 
Fig. 1. Degree distribution of the South Korean 

precipitation network. They are trivially bell-shaped  

so the network is not scale-free. 
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Fig. 2. Characteristic path length of the South Korean 

precipitation network. Note that x-axis is log-scaled. The 

graph shows that L is proportional to logN or more. 

 

 
Fig. 3. Clustering coefficient of the South Korean 

precipitation network. The coefficients are significantly 

greater than shuffled network so it is robust. 

 

as the number of nodes selected approaches 59. Bell-shape, 

that is in a random network with a probability, rather than a 

power-law means that our network is not scale-free. In other 

words, there is no distinct hub in the precipitation network 

on the South Korea. 

Fig. 2 describes the characteristic path length 𝐿 according 

to the network size N from 10 to 59. Note that the x-axis is 

expressed in log scale. The red solid lines indicate the 

values of the precipitation network, and blue dotted lines 

indicate the values of shuffled adjacent matrix for each 

precipitation network. A network is said to have small-

worldness if 𝐿  is proportional to log𝑁  or less. Since the 

graph representing the x-axis on a log scale is slightly 

convex, L is proportional to logN or more. Thus, we can 

deduce that South Korean precipitation network does not 

have small-worldness or has very weak property from Fig. 

2. This is consistent with the expectation that the bell-

shaped degree distribution in Fig. 1 would not have a scale-

free property and small-worldness. Therefore, we can say 

that the Korean precipitation network made by DCCA does 

not show small-worldness. It is noteworthy that the main 

characteristics of the complex network, small-worldness 

and scale-free characteristics, do not appear in the South 

Korean precipitation network. 

Fig. 3 expresses the clustering coefficient used as an 

indicator of network robustness. The coefficients of the 

precipitation network are significantly greater than those of 

the shuffled network. This means that each triplet of nodes 

tend to form triangles. In other words, if two regions A and 

B are correlated, and B and C are correlated, then the 

regions A and C are likely to be correlated. Since the 

number of nodes is 59, which is much smaller than that of 

general network analysis. Therefore, the clustering 

coefficient of the shuffled network is also large. However, 

it should be noted that the value of the shuffled network is 

steadily decreasing as the number of nodes increases, but 

the decrease in the coefficient of the precipitation network 

is mere. Therefore, we can judge that South Korean 

precipitation network is highly clustered and robust.  

Fig. 4 shows the assortativity to see the connectivity 

between nodes. As described in the theoretical section, if 

the difference of remaining degree between both sides of a 

link tends to be small, the assortative coefficient is positive, 

otherwise it is negative. Assortative coefficient is in fact the 

Pearson correlation coefficient of remaining degree. 

Therefore, the assortativity is close to +1 when a rich node 

tends to combine with other rich nodes and a poor node with 

other poor nodes. In the opposite case, the value is close to 

-1. Typical networks have values approximately in the 

range of -0.35 to 0.35 [17]. In our network, assortative 

coefficients are significantly greater than those of shuffled 

networks ranging from 0.2 to 0.4 for the network size lager 

than 20. This can be inferred from the geographical 

proximity between the linked regions. 

Fig. 5 describes the modularity that represents the 

community structure of the network. Suppose that a 

network is divided into several communities or groups. If 

the number of links in the group is larger than the average 

number of links or the number of links between groups is 

smaller than the average number of links, the modularity  

 

 
Fig. 4. Assortative coefficient of the South Korean 

precipitation network. The network is significantly 

assortative for the network size is larger than 20. 

 

 
Fig. 5. Modularity of the South Korean precipitation 

network. The network modularity is high in moderate. 
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Table 1. Network properties of the South Korean 

precipitation network 

N <k> L C SW r Q 

10 6.00 1.33 0.83 1.19 -0.35 0.08 

20 8.50 1.77 0.75 1.49 0.22 0.29 

30 10.33 2.05 0.70 1.59 0.33 0.33 

40 11.30 2.38 0.71 1.74 0.33 0.39 

50 12.20 2.53 0.67 2.00 0.32 0.38 

59 11.53 2.66 0.68 2.33 0.37 0.41 

* SW means the small-worldness that is 
 

𝑆𝑊 =
𝐶/𝐶shuffle

𝐿/𝐿shuffle

 

 

has a value close to 1. Otherwise, the modularity is close to 

0. Where the number of nodes is larger than 20 in the South 

Korean precipitation network, the modularity ranges from 

0.3 to 0.4. This is significantly larger than the range of 0.15 

to 0.2 in the shuffled network. However, the modularity is 

less than 0.5, to the South Korean precipitation network is 

difficult to divide into some communities. This can be 

inferred from the fact that the area of South Korea is not 

wide and does not show distinct geographical differences. 

Finally, Table 1 summarizes the major network 

properties shown in the Fig. 1 ~ Fig. 5. As the network size 

varies from 10 to 59, the characteristic path length 𝐿 , 

clustering coefficient 𝐶 , assortativity 𝑟, modularity Q, as 

well as the average degree < 𝑘 > and small-worldness SW 

are shown. As < 𝑘 > is maintained at a similar value when 

the number of nodes is 30 or more, it is deduced that the 

South Korean precipitation network may not be a complex 

network.  

 

IV. CONCLUSION 
 

We analyzed South Korean 59 precipitation time series 

from Oct. 2012 to Sep. 2017 by detrended cross correlation 

analysis (DCCA). Based on the correlation analysis, we 

generated a precipitation networks by connecting the two 

regions where the correlation coefficient is greater than a 

threshold value. We set the threshold value to 0.6, which is 

a criterion for the strong correlation. After that, we derived 

some of the most representative values of the network 

theory and deduced the characteristics of the precipitation 

network. 

We confirmed that the precipitation network has not 

scale-free property because the degree distribution is bell-

shape (Fig. 1). Also, we can infer that the precipitation 

network does not satisfy the small-world property from 

several results (Fig. 1, Fig. 2 and Table 1). A network is 

known to be not small-world if the exponent of the power 

formed degree distribution, or the distribution is not a 

power form likewise a normal distribution, Poisson 

distribution, and so on. Also we can determine the small-

worldness from the proportional relationship between L and 

logN. Here, L is the characteristic path length and N is the 

network size. In a more basic way, the small-worldness 

index can be directly derived from the relationship between 

the characteristic path length L and the clustering 

coefficient C. In all three ways, we could not find the small-

worldness of the South Korean precipitation network. 

Therefore, we can cautiously say that the South Korean 

precipitation network constructed in this study is not a 

complex network. 

In the Fig. 4, we could understand the combination 

tendency of each region. Their assortativity of both nodes 

for hundreds of links was 0.2 ~ 0.4. This is a significant 

property of pairing rich nodes with rich nodes. Fig. 5 shows 

the community structure of the network. The precipitation 

network has relatively high modularity, so it can be 

regarded as a network with good grouping.  

Representative values shown in Fig. 1 ~ Fig. 5 are 

summarized in Table 1. In conclusion, we found that the 

South Korean precipitation network is not scale-free nor 

small-world properties, and it was robust and assortative. 
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