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Abstract 

The aim of this project was to first extract the Green’s functions from the ambient seismic field, and analyze 

seasonal variations in ambient seismic field obtained through the F-net seismic network in the Kanto region of Japan 

through a variety of mathematical methods.  These methods included using cross correlation, deconvolution, signal-to-

noise ratio and time-frequency analysis.  First, we generated a series of synthetic signals in order to confirm that 

methodologies applied in the extraction of Green’s functions were correct using cross correlational methods. Next, both 

cross correlation and deconvolution methods were applied on the actual data to test which method yielded more 

accurate results.  Once we decided that deconvolving the ambient seismic field data was the better method, we used 

the method to extract information from the noise in terms of the signal-to-noise ratio (SNR) and time-frequency analysis 

in order to analyze the results.   Conclusions drawn from analysis of seasonal variations in the ambient seismic field 

included that late summer and early fall months held the greatest degree of variation and that using these months in 

stacking of the data could be comparable to stacking all of the months over an entire year. In terms of future goals, 

more analysis needs to be done through Fourier transform methods and investigating further into why seasonal 

variations in the ambient seismic field occur. 

 

Introduction 

Japan has been well-documented as a highly seismically active area due to its tectonic setting at the junction of four 

tectonic plates: The Pacific and Philippine oceanic plates and the Eurasian and North American continental plates. Due 

to this junction, Japan experiences upwards of 400 earthquakes per day, or about one every 5 minutes. In addition, the 

earthquakes that occur in Japan account for more than 20% of Mw 6.0 or higher worldwide. A few of these earthquakes 

have been highly destructive, such as the 1923 Mw 7.9 Kanto Earthquake, which destroyed, among other places, the port 

city of Yokohama, and the 2011 Mw 9.1 Tohoku earthquake, which caused a massive tsunami. Both of these earthquakes 

killed thousands of people and cost millions in damages, so being able to study these earthquakes can lead to a better 

understanding of the underlying mechanisms that govern these natural disasters, which in turn lead to better prediction 

models and hazard preparation in communities most impacted by the quakes. 

However, the tectonic setting of Japan also provides an ambient seismic field which is useful in a number of applications. 
The ambient seismic field, also referred to as ambient seismic noise, is defined as noise with no coherent or 
interpretable signal, and is caused by a variety of factors including, but not limited to oceanic waves, wind, and human 
traffic.  With careful processing, ambient seismic noise can be used in a variety of research methods. The Green’s 
function is defined empirically as the impulse response of the medium. With regard to a signal being received by sensors 
at two different locations, the Green’s function translates to Earth’s response between two receivers when a point 
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source is applied (Shapiro et al. (2005)). By extracting the Green’s function from the ambient seismic noise recorded at 
two stations using interferometry methods, we can understand something about the ambient seismic field and resolve 
the noise into useful research data. 

Green’s functions extracted from ambient seismic noise have been first used for tomography purposes (Shapiro 
et al., 2005), as well as eruption forecast (Brenguier et al., 2008). However, the Green’s functions extracted from the 
ambient seismic field have also proved to be useful in predicting the long-period ground motions of crustal Mw 4-5 class 
earthquakes (Prieto and Beroza, 2008; Denolle et al., 2013), a moderate Mw 5 subduction earthquake (Viens et al., 
2015), and large Mw 7-class events (Denolle et al., 2014).  

In this study, two methods of signal processing, cross correlation and deconvolution, were used to extract 

Green’s functions from the ambient seismic field recorded by four different stations near the southern coast of Japan. 

First, we generated a series of synthetic signals in order to demonstrate the feasibility of our analytical methods using 

cross correlational methods.  Once our theory had been established, we investigated the effect of seasonal variations on 

the recovery of these Green’s functions. The analysis demonstrated that there was definite seasonal variation as well as 

varying degrees of fidelity in the signal to noise ratio (SNR) further demonstrating the seasonal variations. Lastly, time-

frequency analysis demonstrated definite evidence of dispersion when the signals were stacked, with the highest 

dispersion being around the summer months, consistent with seasonal variations demonstrated in the plotted signals. 

 

 

Methods 

Seismic interferometry is used to extract information from the ambient seismic field recorded by two receivers. 

In this study, we extracted the Green’s function from the ambient seismic field using two methods, as previously 

mentioned: cross correlation and deconvolution. Cross correlation of signals is defined as measuring how similar two 

signals are to one another using the function of how one lags compared to the other using  

CAB = |𝑆(𝜔)|2 G(xA, s)G
∗(xB, s), 

where 𝑆(𝜔) denotes the function of the noise, G(xA, s) denotes the Green’s function between the source of the noise 
and one receiver, and G∗(xB, s) denotes the complex conjugate of the Green’s function between the source of the noise 
and the second receiver.  Cross correlation is typically applied in tomography.  Notable examples of this method being 
applied in research include Shapiro et al. (2005)6 and Clarke et al. (2013)7.  

On the other hand, the deconvolution is defined as  

DAB =
G (xA,s)G

∗ (xB,s)

|G(xB,s)|2
. 

To understand the theory behind the methods we used to obtain a coherent signal from ambient seismic noise, 

we ran a series of synthetically generated signals based the paper of Wapenaar et al. 20047 .  First, we 1) Prove the 

method of cross correlation for a one synthetically generated signal traveling towards two receivers, 2) prove the 

method of cross correlation for a two uncorrelated synthetically generated signals traveling towards two receivers in 

opposite directions, and 3) prove the method of cross correlation for configuration of distributed point sources over a 

2D plane. 

For the first part of our confirmation of methods, we generated a synthetic signal of 1000  s, assumed to be 

traveling towards two receivers xA and xB (Figure 1). The two receivers were assumed to be placed 10 km apart and the 

signal traveling at 1 km/s, so that the response of signal at receiver xA would be shifted by 10 s relative to the response 

of the signal at receiver xB. By cross correlating the signals at each receiver, we obtained a spike at 10 s, indicating the 
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shift between the two receivers by 10 km. This proves that you can extract the propagation from receiver A to receiver 

B. 

For the second part of the confirmation of methods, we generated two random uncorrelated signals, traveling in 

opposite directions towards receivers xA and xB (Figure 2). The receivers are still the same distance apart and the signals 

traveling at the same speed, so therefore the responses of the signals at each receiver will be 10 s to the right and left, 

respectively.  The cross correlation of these two signals produces spikes at 10 and -10 s respectively, indicating that the 

propagation from xA to xB and from xB to xA  can be recovered. 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: (a) Map of a wave traveling at 1 km/s towards two stations, xA and xB, situated 10 km 

apart. (b) 25-s sample of a synthetic randomly generated signal recorded at receiver Xa.  (c)  

Signal recorded at Xb, shifted by 10 s. (d) Cross correlation between the the signal recorded at 

Xa and xB. 

(b) 

(c) 

Figure 4C 

 (c) 

 (b) 

 (d) 

 (1a) 

Figure 2: (a) Map of two signals traveling in opposite directions at 1 km/s towards two receivers xA and xB 

placed 10 km apart. (b) 25-s sample of a randomly generated signal shifted to the right. (c) 25-point sample 

of a randomly generated signal shifted to the left. (d) Cross correlation of the two uncorrelated shifted 

signals. 

(d) 

(2a) 
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Finally, we generated a circle of 5000 randomly distributed point sources with a radius of 10 km. We then 

removed from that circle all points between -3 to 3 to create a “pineapple slice” of randomly distributed points 

convolved with a sine function with two receivers, xA and xB placed equidistant from one another and the inner ring of 

the circle at the center of the circle (Figure 3).  From these we computed the distance of each point to both receivers xA 

and xB and, assuming the velocity of the synthetic medium to be 1 km/s, computed the arrival times of the signals to 

each receiver. By converting the distances from kilometers to degrees, we could plot the responses of the point signals 

(the arrival times) at each receiver as a function of the azimuth. We then calculated the sum of the individual cross 

correlations of all of the responses at both receivers to measure the similarity of the lag between the two signals as a 

function of the difference in arrival times between them.  

Due to the fact that the circle of points is not truly heterogeneous in space, there is some clustering of points on 

the plane. As a result, one of the cross correlation spikes is slightly larger than that of the other as well as some noise 

between the spikes (Figure 4). However, when a homogenous circle of points is generated, the noise between the spikes 

disappears. In addition, the causal and acausal parts of the signal are symmetric. This was in order to confirm that for a 

distribution of point sources and two receivers, the cross correlation plot demonstrated where the receivers were 

shifted in relation to the distribution of the sources, therefore generating an estimation of the Green’s function of the 

sources. 

                                       

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

Figure 3: (a) “Pineapple” slice of a distribution of point sources around a 2D plane, equally distanced between receivers xA and xB. (b) Plot of 

azimuth versus arrival time for receiver xA. (c) Plot of the azimuth versus arrival time for receiver xB. 
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F-Network 

F-net, is a broadband seismographic network composed of 71 stations, which is part of a larger high sensitivity 

network called Hi-net (Okada et al., 2004). In order to decide which was the better method for our analysis, we ran both 

the cross correlation and deconvolution on seismic ambient noise recorded between January-December 2014 between 

two stations in the F-net network, N.JIZF and N.SGNF, highlighted in red in Figure 6 and shown in terms of propagation in 

Figure 6.  Our reasoning for choosing these two stations were for a variety of reasons. Firstly, station N.JIZF is situated 

close to the coast, and station N.SGNF towards the mainland, so the Green’s function extracted from the noise was 

mainly generated by ocean waves.  Another reason for our choice was the presence of the 1923 Great Kanto Earthquake 

fault rupture site being situated near  the propagation path between N.JIZF to N.SGNF, so it was interesting to see if that 

played any role in affecting the propagation path. Finally, both stations are situated close to Tokyo, so proximity to 

research location played a role in our choices.  

 

                                                      

 

 

 As demonstrated in the comparison between Figures 7 and 8 for the vertical component of one month of 

datathe deconvolution method produces a far clearer signal than the cross correlation.  The reasoning behind this 

difference lies in the  |𝑆(𝜔)|2 term of the cross correlation, which is removed in the deconvolution method through 

division and therefore allows recovery of the waves as well as a marked difference between the causal (positive) and 

acausal (negative) part of the signal. Therefore, from this point on we decided to only use the deconvolution method in 

our analysis of the seasonal variations in ambient seismic noise of 

the Kanto region. Note that there is only a clear signal in the 

causal part of the signal, e.g. propagation from N. JIZF to N.SGNF. 

 

 

                                                   

 

Figure5: Map of the F-net network, with the stations used highlighted 

in red. 

Figure 6: Map showing the directions of propagation 

between stations N.JIZF and N.SGNF. 

Figure 4: (a) Cross correlation of the heterogeneous 2D point source plane. (b): Cross correlation of the homogenous 2D point source plane. 

 



6 
 

 

 

 

 

 

After plotting a year’s worth of deconvolution data, we then plotted the acausal and causal part of the signal, 

demonstrated in Figure 9.  Based on the raw plotting of the data, we can easily conclude that there is considerable 

season variation in the amplitude of the deconvolution data.  To then take these results a step further, we applied two 

different processes to the data in order analyze the results of the data.  For the first part of the processing, we used the 

year deconvolution plot to calculate the signal to noise ratio, or SNR. The SNR is calculated using  

SNR=rms(Signal)/rms(Noise). 

 SNR is the ratio of the root mean square of the signal to the root mean square of the noise.  A high SNR indicates that 

the amplitude of the signal is higher than the amplitude of the noise, and therefore the clarity of the signal is good.  A 

low SNR indicates that the amplitude of the noise is higher than the amplitude of the signal, and therefore the clarity of 

the signal needs to be improved.  

 

          

 

 

 

  

Figure 9: Deconvolution of ambient seismic noise between stations 

N.JIZF and N.SGNF for the vertical component over Jan-Dec 2014. 

Figure 10: In red is the noise part of the deconvolution between 

stations N.JIZF and N.SGNF for the vertical component over Jan-

Dec 2014, in black is the signal part. 

Figure 11: SNR of the ambient seismic noise for the year of 2014. 

Figure 7: Cross correlation of ambient seismic noise between stations 

N.JIZF and N.SGNF for the vertical component of November 2014.  

Figure 8: Deconvolution of the ambient seismic noise between 

stations N.JIZF and N.SGNF for the vertical component of 

November 2014. Note that the causal part of the signal is to the 

right of 0 (positive part), and the acausal part to the left 

(negative part). 
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Finally we calculated the time-frequency analysis for the deconvolution data using a Stockwell Transform, given 

by  

ℱ−1{𝑆(𝑓)} = ∫ (∑ 𝑆[𝑛] ∗ 𝛿 (𝑓 −
𝑛

𝑃
)∞

𝑛=−∞ )
∞

−∞
𝑒𝑖2𝜋𝑓𝑥𝑑𝑓, 

and compared the plots against one another to see if there were seasonal variations in the frequency 

distribution and dispersion within the data. Due to time constraints only one full year of deconvolutions for the UA 

(vertical) component is plotted, and only two months are compared for the seasonal variation; however we did calculate 

the SNR for the UA, EA (east-west), and NA (north-south) components and the time-frequency distribution for the year 

sums of the UA, EA and NA components. 

 

 

                        

 

               

 

 

 

 

 

 

 

 

              Results 

Based on Figure 13, we can easily conclude that there is considerable seasonal variation in the amplitude of the 

deconvolution data, starting in the spring and peaking towards late summer.   

The SNR analysis, demonstrated by Figure 14, also confirms this conclusion.  Some interesting aspects to note 

regarding the SNR is that the plot peaks at March and October and reaches a minimum between April-May. In addition, 

although there is strong variation between the months, the year sum of the SNR for all three components does not 

reflect this wide variation, and could instead be produced by only summing the months with the highest variable SNRs—

namely the late summer and early fall months. For the time frequency analysis, while there appears to be higher 

dispersion in the winter based on the comparison between August and December, based on the year sums the 

dispersion and frequency distribution is not nearly as variable as would first be assumed.  This in turn confirms the 

results of the SNR. 

 

Conclusions and Discussion 

12(a) 

(b) 

13(a) 

(b) 

(c) 

Figure 12: (a) Time-frequency analysis for the deconvolution of noise 

between stations N.JIZF and N.SGNF for the vertical component in 

August 2014. (b): Time-frequency analysis for the deconvolution of 

noise between stations N.JIZF and N.SGNF for the vertical component in 

December 2014. 

Figure 13: (a)  Time-frequency analysis for the sum of the deconvolution 

of noise between stations N.JIZF and N.SGNF for the UA component 

over 2014. (b) Time-frequency analysis for the sum of the 

deconvolution of noise between stations N.JIZF and N.SGNF for the 

east-west component over 2014. (c) Time-frequency analysis for the 

sum of the deconvolution of noise between stations N.JIZF and N.SGNF 

for the north-south component over 2014. 
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By extracting Green’s function from ambient seismic noise over one year using F-net stations, we were able to 

reach a number of conclusions regarding our results.  Firstly, that there is definite seasonal variation in the ambient 

seismic noise due to a variety of factors.  Since the amplitude peaks in the late summer to fall months, it might be 

indicative of hurricanes and seasonal storms that hit the area around that time, though more work would need to be 

done in order to confirm that conclusion. Kraeva et al. (2008)12 confirmed this conclusion, however Hillers and Ben-Zion 

(2010)13 also made an argument for temperature and pressure variations inducing ambient seismic noise variations, 

which would be more reasonable around spring and winter months when there is a higher temperature gradient.  

With regards to the results of the time-frequency analysis, Dispersion for vertical component demonstrated a 

propagation velocity of about 3.0 km/s, which is typical of Rayleigh waves.  Overall, we came to the conclusion as 

previously stated that using greater amount of data does not necessarily mean better results, due to the fact that there 

was a broader frequency content for some months than for the sum over the entire year.  However, due to time 

constraints we weren’t able to explore this conclusion more thoroughly, which is something we would like to do in the 

future.  In addition, future research points to producing more deconvolution data for more components in order to 

confirm results as well as running the data through variety of Fourier transforms in order to examine the results. 
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