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Abstract.  Electromagnetic phenomena associated withof skin depth (Fraser-Smith et al., 1990; Molchanov et al.,
crustal activities have been reported in a wide frequencyl992; Kopytenko et al., 1993; Hayakawa et al., 1996; Hattori
range (DC-HF). In particular, ULF electromagnetic phenom- et al., 2002; Hattori, 2004). ULF electromagnetic data (fre-
ena are the most promising among them because of thquency range 0.00% 1 Hz) are considered a superposition
deeper skin depth. However, ULF geoelctromagnetic dateof signals of different origins. Figures 1-3 show an exam-
are a superposition of signals of different origins. They ple of ULF electromagnetic variation associated with a ge-
originated from interactions between the geomagnetic fieldomagnetic storm, precipitation, and train noise. The typical
and the solar wind, leak current by a DC-driven train (train amplitude of them is introduced in Table 1. In the case of
noise), precipitation, and so on. In general, the intensityelectric data, the first one is due to precipitation. The second
of electromagnetic signals associated with crustal activity isone originated from the external source field associated with
smaller than the above variations. Therefore, in order to dethe solar-terrestrial interactions such as geomagnetic pulsa-
tect a smaller signal, signal discrimination such as noise retions or geomagnetic storms and their induced fields which
duction or identification of noises is very important. In this appear on a global (hundreds of km) scale. The third one is
paper, the singular spectrum analysis (SSA) has been peatrtificial noise associated with the leakage current from DC-
formed to detect the DC-driven train noise in geoelectric po-driven trains. And the fourth one is propagating under the
tential difference data. The aim of this paper is to develop arground and are considered earthquake-related signals and are
effective algorithm for the DC-driven train noise detection. to be detected. The third and fourth ones are regional (a few
tens of km) signals. In order to detect the weak, earthquake-
related signals, an effective signal discrimination will be re-
quired (Hayakawa et al., 1996, 2000; Hattori et al., 2002,
2004a, b, 2006; Hattori et al., 2004; Harada et al., 2004,
There are many reports on seismo-associated electromagO02 Telesca and Hattori, 2007; Telesca et al., 2008). In this
netic phenomena in a wide frequency range (Hayakawepaper' the singular spectrum analysis (SSA) (Golyandina et

and Molchanov, 2002; Molchanov and Hayakawa, 2008)_e}l., 2001) has been a(jopted to .develop a si_gnal disprimina-
Measurements of electromagnetic phenomena can be clafon method for detecting DC-driven train noises, which are
sified into three types; (1) passive ground-based obseranO”Sidered the more intense component in the electric field

tion, (2) active ground-based observation using transmittedat@ (Ishikawa et al., 2007). In this paper, the principle of
signals, and (3) satellite observation (e.g. Hattori, 2004).SSA Will be given and a simulation has been performed to

Among these observational methods, one of the most promisevaluate the detection of modeled train noise in various pa-
ing, is ULF (ultra low frequency, with a frequency of less rameters. The results of the simulation show the ability to

than 1Hz) electromagnetic observation on ground becausg€tect train noise. Therefore, the developed method has been

applied to the observed data.
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Table 1. ULF electromagnetic changes associated with some sources.

Geomagnetic storm Train noise Precipitation
Geomagnetic field (nT) 150 350 0.5~2.0 -
Geoelectric field (mV rml) 0.01~0.07 0.001~ 0.005 0.1~0.15
Geomagnetic storm kiyosumi 2002/9/1 Ex,Ey,Bx,By,Bz
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Fig. 1. An example of ULF electromagnetic variation associated Fig- 3. An example of ULF electromagnetic variation associated

with a geomagnetic storm(a) Ex component (mV m?), (b) Ey

component (mV m1), (c) Bx component (nT)(d) By component

(nT), (e) Bz component (nT), anff) Kp index.

with the DC-driven train noise. (a) Ex component (mV m1),
(b) Ey component (mV mi1), (c) Bx component (nT)(d) By com-
ponent (nT), ande) Bz component (nT).

2 Principle and procedure of SSA

~ (a) rain
ﬂ%jg X I | j SSA is a kind of periodic analyses. The resolution is one
i S’Eb) v o data point and it is a model-free tool for detecting impulsive
ﬁgg-g ' ' { changes in the time series data. In this sense, SSA has an
S04 i 7 3 advantage in comparison with the Fourier and wavelet trans-
Mso(c) . . form, although a large scale matrix should be handled. In this
&% }GOE‘"W section, the procedure of SSA and its performance are briefly
! o o described.
e N e A -mace
e i = - 2.1 Procedure of SSA
(e)
&% oo 1. Prepare atime series data;
3/1 3/2 3/3
%05(0 . . Xj=X1,X2,""XN. 1)
o L L ‘

date(UT)

Fig. 2. An example of ULF electromagnetic variation associated
with precipitation.(a) Ex component (mV m1), (b) Ey component

2. Create the matriX with £ rows andL columns with
shifting 1 data as shown in Eq (2). Helejs called the
window length { =N — K +1);

(mV m~1), (c) Bx component (nT)(d) By component (nT)(e) Bz X1 X2 A3 e XL
component (nT), anf) precipitation. I I A @
Xk Xk+1 Xk+2 "+ XN
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Fig. 4. An example of SSA. A variation of the monthly average of air temperature at Chiba from January 1967 to December 2007 has been
investigated(a) The monthly average of air temperature and its trébpthe reconstructed annual componéa}the reconstructed seasonal
component (4-month periodd) the reconstructed components of a six-month period,(ejithe noise component reconstructed from the
residuals.

substation B substation A substation C Here,T means transpose.

4. Perform the eigenvalue decomposition of $)e

S=UAUT. 4)

1500V Then, the eigenvector matrl¥ (Eq. 5) and the eigen-

value matrixA (Eq. 6) are obtained as follows;

Ui u21 -+ Ukl
U1z U22 -+ Ug2

u=| . . . . (%)
Fig. 5. Schematic view of the electric circuit for a DC-driven train S
system. Ulk U2k - Ukk
A 0 -2 0
3. Make a covariance matri® of matrix X; A= 0420 ©6)
’ Do
S=XX". 3) 0 0 - A
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Fig. 6. The DC-driven train noise model for the simulatidia) an
example of the DC-driven train noise mod@) white noise to be
added to the simulated data, aft) an example of simulated data
(a+h).

Wheread) = [u], .....,ulTwhereu; withi =1,.....,k,
are eigenvectors d. And A; with i =1,....,k, corre-
spond to eigenvalues

5. Compute a matri®/ from matricesX, U andA. The
collection (/A;,U;,V,;) is called theith eigentriple of
Singular Value Decomposition.

V11 V21 -+ Ukl
V12 V22 v U2
XTu
V="—2-=| V13 V23 Uk3 | . 7
VA . .
V1L V2L -+ VKL

Here,v;; (i=1,....k; j=1,...,L) is an element of the
matrix V.
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Fig. 7. Decomposed components using S$&). 20 decomposed
components for Fig. 64b) 20 decomposed components for Fig. 6c.
The number shown in each panel indicates the ith principal compo-
nent of SSA decomposition.

6. Using the eigentriple, the following elements are ob- 7- Theith principal components’; are given by the diag-

tained,;
T = JAauv?
= VAUV +/AUVE + - /AL UL VT
=X 4 X244 XE (8)

The decomposed matri is given by as follows:

i i i i

xll x21 x31 x,Ll
x4 xbo xby -or X}

T 12 *22 432 L2

=yAU V= 0T T T, )

i i i i

X1k X2k Y3k T ALk

wherex;; withi =1,.....kandj=1,...., L.
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onal averaging in the following;
i1 = xil
Gy = (x12+x21)/2
Gy 1= (p 4 1+xp_14)/2

8. Then, the original time series is divided inkbcompo-
nents.

G' =(GY,Gh,-+,Gly). (11)

www.nat-hazards-earth-syst-sci.net/11/1863/2011/
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Fig. 8. The correlation diagram. The horizontal and the vertical
axes correspond to the number of the principal component of the
simulated data and the model data, respectivédy. The correla- 0005
tion diagram between Fig. 6a and c. The brightness shows the cor-
relation. (b) The correlation diagram with the correlation- 0.7
between Fig. 6a and Fig. 6c. 0 ' ' ' ‘ : ‘ o 5 T

2.2 Example of the application of SSA Fig. 10. The variation of MSE with the SNR for various WLs.

Figure 4 shows an example of the application of SSA for

temperature data. A red line in Fig. 4a shows the variation 3  Capability of SSA for train noise detection

of the monthly average of temperatures at Chiba, Japan from

January 1967 to December 2007. The monthly average valm this section, a simulation has been performed to check

ues are input data for SSA. The decomposed components atRe capability of detection of the DC-driven train noise using

given in blue lines in Fig. 4. Blue lines in (a), (b), (c), and SSA. Figure 5 depicts a simple model of the electric power

(d) correspond to reconstructed trend component, the annu@ircuit of DC-driven train system. When a train is running

variation, the seasonal variation (the 4-month period), anchetween substations A and C, it is receiving electric power

the variation of the 6-month period, respectively. We cansuppliesiac andIca from substation A and C, respectively.

see changes of intensity of periodic components in time seat this time, an electric current in a line flows through the

ries clearly and this is a strong advantage of SSA. Figure 4gajlway and returns back to each substation as a feedback cur-

shows the residuals regarded as a noise component. rent. However, some of it leaks into the ground and returns
as a leak current. Therefore, geoelectric potential difference
measurements near railway tracks are strongly affected by

www.nat-hazards-earth-syst-sci.net/11/1863/2011/ Nat. Hazards Earth Syst. Sci., 11878630611
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Fig. 11. The variation of MSE with the WL for various SNRs.

1. Create time series data as modeled train noise and data
with white noise as shown in Fig. 6. Figure 6a, b and
¢ shows a simple rectangular pulse with some duration,
white noise adding to the modeled data, and simulated
data with some noise a+b.

2. Perform SSA to the time series modeled data (Fig. 6a)
and the simulated data (Fig. 6¢) and decompose into N
principal components as given in Eq. (9). The obtained
decomposed components are described in Fig. 7a and b,
respectively.

3. Compute correlations among the decomposed compo-
nents of Figs. 7a and b. The results are displayed in
Fig. 8a.

4. Extract components with high correlation only (the cor-
relationr > 0.7 in this paper) (see Fig. 8b).

5. Reconstruct a time series by using components satisfy-
ing the above condition (Fig. 9c).

10km
- rai.!way _ The parameters of the simulation are signal noise ra-
* Geomagnetic station tio (SNR), duration of a rectangular puls®), number of
0 Railroad station the rectangular pulse®{, and window length (WL). We de-
fine SNR using amplitudes of a rectangular signal and the
e —— white noise. In this paper, we pay attention to the SNR and
140.6° 140.5° WL dependences of the results for data length=300. Fig-

_ _ ) ) ~ure 9 shows an example of the simulation witkx 20, P =1,
Fig. 12. The map of ULF stations and DC-driven railway routes in SNR =4, and WL =50. Figure 9a, b, ¢ and d corresponds to
Boso Peninsula. the train noise model, the train noise with white noise, a re-
constructed time series data with the above SSA reconstruc-
the current. It is important to identify the train noise at these!ion procedure, and mean squared error (MSE: (a5(m)
stations. Here, we assume a rectangular pulse as a DC-drivetPectively. If MSE is within meand, the reconstructed data
train noise based on our previous experiences (Ishikawa gnostly satisfy the criteria and are identical to the model. But

al., 2007) and simplicity. The procedure of the simulation is &t the édges of the rectangular pulse, MSE reaches high val-
as follows: ues. This means that the train noise cannot be removed com-

pletely. However, using these characteristics, the capability
to detect this type noise has been found.

Nat. Hazards Earth Syst. Sci., 11, 1888+%4 2011 www.nat-hazards-earth-syst-sci.net/11/1863/2011/
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Fig. 14. ULF electromagnetic data when the first train of the day needs to cover the region near the g@tiErEomponent (mV m1),
(b) Ey component (mV ml), (c) Bx component (nT)(d) By component (nT), an(e) Bz component (nT). They are observed at KYS station
on 1 September 2002.

Further investigation on the reconstruction data has bee
achieved with various parameters for SSA. Figures 10 and
11 show the MSE with SNR and WL in the caseloft 20,

P =1, and data length of 300. The averaged MSE over the
data length is given in the figures. The lower MSE provides
better agreement between the original and the reconstructe
time series. The results indicate that SNR controls the per-
formance in the case dp < WL. The results in the case of

D > WL also show somewhat better performance in the case
of high SNR. If SNR> 4, it is found that the results do not
depend on WL. The edge effects shown in the Fig. 9d com-
monly appear for all of the examined cases.

L . . Fig. 15. The location of the stations and the traveling direction of
3 Application of SSA to ULF geoelectric potential the first train used in Figs. 14, 16, 17, 18 and 19.

difference data

Figure 12 shows a map of ULF electromagnetic stations and

routes of the DC-driven railway at Boso Peninsula, Japanthe above stations. In this paper, ULF geoelectric poten-
We have installed 3 ULF electromagnetic stations whichtial data are projected to the north-south (Ex) and the east-
measure three components of geomagnetic fields and twaest (Ey) directions. Figure 14 is an example of real ULF

horizontal geoelectric potential differences (Hattori et al., electromagnetic data including the DC-driven train noise ob-

2004). The names of the stations are Kiyosumi (KYS), served at KYS station. The upper two panels indicate the
Uchiura (UCU), and Fudago (FDG) and the inter-sensor dis-geoelectric field data after the projection and the lower three
tance is about 5km. The distance between the stations anpanels show the variations of the three magnetic field com-
the track is 5-10km. The observed data at these stationponents. Although the original sampling rate is 50 Hz, re-

are found to be contaminated with noise from the DC-drivensampled data to 1 Hz are plotted and used in this study. The
railway system. Figure 13 shows the configuration map oftime shown in Fig. 14 corresponds to the period the first

www.nat-hazards-earth-syst-sci.net/11/1863/2011/ Nat. Hazards Earth Syst. Sci., 11878630611
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Fig. 16. An example of the monthly averaged data for a model of a DC-driven train noise and real observed data at KY &tatmanthly
averaged model of the Ex component for September 2B)Ex component for 1 September 20Q&), Ex component for 2 September 2002,
and(d) Ex component for 3 September 2002.

train of_the day needs to. cover the region near the stat'onTabIe 2. Railway stations and the timetable for the first train.
The train leaves the station A (Awa-Kamogawa station) at

20:12 UT for the station B (Awa-Amatsu station). The ar-

) ) . X . . Station  Station name Time (UT)
rival times at each station are given in alphabetical symbols.

The location of the stations and the traveling direction of the A Awa-Kamogawa  20:12
first train are shown in Fig. 15. The train runs through the B Awa-Amatsu 20:17
southern side of our stations and finally reaches G (Katsuura g Q‘g’s{goﬂgiﬁaﬂ d 2362'227
station) at 20:39 UT. Table 2 describes the timetable of the gaw z;

. . . - E Kazukiokitsu 20:31
first train. The rectangular-shaped train noises are generated = Ubara 20:35
when the train accelerates and decelerates (Ishikawa et al., G Katsuura 20:39

2007). Therefore, the noise pattern resembles every day in
the study region. The typical duration of the rectangular-
shaped noise is about 20 s. The other two stations (UCU and - . . .
FDG) also register similar variations. When we investigatedmeans that charactt.'-:nst.lcs of a rather d|scrgte or Intermittent
observed data for several years, the similar changes were reégructu_re for the train d|§appear. For the S|mulqt|on expert-
ognized almost the same time in the case of the same diagra ents in Se_ct. 2.3, the simple rectangular pulse 'S adoptt_ad n
of the railways. Since transient changes in the Ex componen € train noise model, but the mode for the practical applica-

were more apparent, hereafter we focussed on the Ex confl_on in this section has only components with lower frequen-

ponent. Instead of the rectangular pulse, we took a monthlf'es' This also is expected to provide larger values of MSE

average of the geoelectric data for a realistic model of then investigation on detection of transient changes, such as the

train noise. Figure 16a shows an example of the monthly aylrain noise as shown in Fig. 9d. Since the model is made

erage model for the first train of the day in September 20023crom the monthly average, effec.ts of random noises such as
Figure 16b—d includes the daily variations of the geoelectric'ndUCtIon of geomagnetic pulsatlons.are c.iepressed..

field on 1, 2 and 3 September. Although the variation on  1h€ exact same procedure described in the previous sec-
each day resembles others, the rectangular or sharp shapet{@n is performed on the above-mentioned monthly average

lost and a waveform after a low pass filtered can be seen duf0del and a practical variation on a certain day. The SNR

to some difference of occurrence time and amplitude. ThisPetween the rectangular pulse and background variation in
Ex component for the real data as shown in Fig. 14 is rather

Nat. Hazards Earth Syst. Sci., 11, 1888%4 2011 www.hat-hazards-earth-syst-sci.net/11/1863/2011/
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Fig. 17. An example of the DC-driven train noise detection of the first train for Ex component at 20:15-20:20 UT on 1 September 2002.
(a) The model data of the monthly average and the reconstruct data using SSA decomposed components with high correlafiortivalues,
observed data and the reconstruct data using SSA decomposed components with high correlation valjelslSihand the threshold

values.
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Fig. 18. An example of the DC-driven train noise detection in Ex component. The analyzed period is 20:00-20:40, on 1 Septem-
ber 2002 (UT)(a) The observed data and the reconstructed data using SSA decomposed components with high correlatity) WAREs.

and the threshold values.
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correlation values at KYS, UCU, and FDG, respectively.d andf) MSE and the threshold values at KYS, UCU, and FDG, respectively.

its mean value + standard deviatian)( When the MSE ex-
ceeds the criteria of meanrtvalues, it seems that the detec-
tion of the train noise is successful. The red dots in Fig. 17b
indicate the anomalous MSE values and it is safe to say that
we can detect noise for the first train in the vicinity of the
station.

The developed method is applied to a longer and daytime
time series data. Figure 18a and b shows an example of re-
sults based on the one station analysis. It was found that the
train noise can be detected but it seemed to provide many
errors. In order to remove fault detections, multiple (three)
station analysis was examined for improvement. Figure 19
shows an example of the results for the three station analysis.
Fig. 20. The location of the stations and traveling directions of two Figure 19a, ¢ and e indicates the observed data of Ex at KYS,
trains used in Fig. 21. UCU, and FDG, respectively. Figure 19b, d and f shows the

MSE and threshold values as described in Fig. 17c. The red
colored dots are given by simultaneous satisfaction of the cri-
high and SNR =5 at the worst. Therefore, MSE dependencéerion of MSE> mean +o for allthe stations. Itis safe to say
on D and WL is not severe. As for SSA parameters, datathat,the faint cha.nges_ seem to b(_a reduped and a promising de-
length =300 and WL = 30 are chosen. tection of the train noise results is achieved. '
i ) i . Finally, the developed method was applied to the daytime
Figure 17 is an example of the results when the first traingaia Taple 3 and Fig. 20 describe the timetable of two trains

covers the region near the stations. It shows the va_riations 0fnd their running directions, respectively. Figure 21a and b
Ex from 20:15 t0 20:20 UT on 1 September 2002. Figure 17aghq\ys the result of one station (KYS) analysis and Fig. 21c

shows the monthly average model and the reconstructed varkp s that of the three stations analysis and it is found that
ations using its decomposed components with high correlag, tiple station analysis is essential to detect the train noise.
tions. Figure 17b shows the variation on the day and therpese results suggest that the three (multiple) station opera-

reconstructed variation using decomposed components With,, seems to be more effective for train noise detection.
high correlations. Fig. 17c gives the variations of MSE and
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Fig. 21. An example of the DC-driven train noise detection in Ex component with a single station and multiple station data. The analyzed
period is 03:00-04:00, on 1 September 2002 ({&).The observed data and the reconstructed data using SSA decomposed components
with high correlation values at KYS station. Red dots indicate candidates of train noise using a single station thiigsh3& and the
threshold values at KY§c) The observed data and the reconstructed data using SSA decomposed components with high correlation values
at KYS station. Red dots show candidates of train noise using a multiple station threshold.

Table 3. Railway stations and the timetable from 02:55 to 04:10 UT. of O!ay“m,e d"?‘ta in time series, although we did not use them
for investigation on earthquake-related ULF electromagnetic
phenomena because of contamination from intensive train

Station  Station An up A down . f
name train (UT)  train (UT) NOISE SO Tar. . . . .
A further and intrinsic problem is to remove the train noise
A Awa-Kamogawa 02:55 04:10 from the data. We extract the intense factors from the ob-
B Awa-Amatsu 03:01 04:04 served time series data because the signal we want to inves-
CD: ﬁwa-Komma}tcl) d Oossofl 00335560 tigate might be very weak. SSA has the capability to remove
amegawa-isian . - the known perturbations using an adequate model. If we can
E Kazukiokitsu 03:15 03:46 . . .
F Ubara 03:20 03-41 find out the possible model of the DC train current, there
G Katsuura 03:24 03:37 is a high chance of removing the DC-driven train noise. The

possible candidates are the substation data (consumer current
data) as shown in Fig. 5 and the monitoring of leak current in
the vicinity of substations or railway tracks.
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