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and the cultural noise easily influences it. Artificial disturbances to electromagnetic observations are 
becoming more serious with urban constructions. The near-field noises produced by human activities such as 
vehicles, subways, and high-speed railways can easily influence the MT field data. Estimating a reliable 
impedance can be challenging under the influence of cultural noise. This thesis focuses on researching the 
noise reduction method of MT time-series data and getting a reliable impedance. 

We proposed a new method to estimate the data quality of the MT time-series data. By this method, we 
can extract the high signal-to-noise ratio (SNR) data automatically. We can get a reliable result assuming the 
field data is not contaminated by the continuous noise. We also used the data quality analysis method to 
investigate the influence of geomagnetic storms on the MT impedance calculation. We found that the 
geomagnetic storm is beneficial to data quality; the high SNR data may appear during a geomagnetic storm. 
And we can get a more reliable result using the data observed during the geomagnetic storm in a noisy site.   

This thesis is organized as follows. Chapter 1 introduces the basic theory of the MT method. Chapter 2 
introduces the signal and noise for the MT method. Chapter 3 introduces the conventional MT impedance 
estimation methods. Chapter 4 introduces a robust estimator based on the windowed FFT for data quality 
analysis and impedance calculation. Chapter 5 introduces a robust estimator based on the Hilbert-Huang 
transformation (HHT). Chapter 6 introduces the influence of geomagnetic storms on the MT impedance 
calculation. Chapter 7 summarizes the practical way to reduce the noise of MT time-series data. 
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intervals of 4 minutes from the beginning of the minute. The middle-frequency band (150 Hz) was sampled 
for 16 seconds at intervals of 4 minutes from the beginning of the minute. The low-frequency data (15 Hz) 
was sampled continuously. The data were observed from August 20 to August 28, 2018, at Sawauchi station, 
Japan. The geomagnetic storm occurred on August 26. The MT time-series data were stored in three files. 

First, I analyzed the spectrum variation along with the Dst index. I first applied a set of Slepian tapers to 
obtain precise spectral information from these datasets and then used the fast Fourier transform to the time 
series (Garcia and Jones, 2002). Fig. 2.5 shows the time-frequency distribution against the Dst index and the 
Hx component time-series data. The sampling rate is 15 Hz, and the upper figure shows the spectrum 
variation from August 20 to August 28. The color denotes the value of 10·log10 (amp.), and the "amp" 
denotes the spectrum amplitude. The lower figure shows the Hx component time series and the Dst index. 
This figure shows that the amplitude between approximately 1 second and 1,000 seconds increases 
dramatically and is correlated with the geomagnetic storm around August 26. The high-frequency (< 1 Hz) 
amplitude does not correlate with the geomagnetic storm. 
 

 
Fig. 2.5 The time-frequency distribution against the Dst index variation and the sampling rate is 15 Hz. The 
upper figure shows the time-frequency distribution from August 20 to 29. The color denotes the value of 
10·log10 (amp.). The lower figure shows the Hx component's time variations and the Dst index. The unit of 
Hx is nT. The horizontal axis denotes the date. 
 

 
Fig. 2.6 The time-frequency distribution against the Dst index. The sampling rate is 150 Hz. The content is 
the same as Fig. 2.5. 
 

Fig. 2.6 shows the time-frequency distribution against the Dst index in the mid-frequency band. This 
figure had no obvious changes in the intensity correlated with the storms. The result confirmed that the 
interaction between the solar wind and magnetosphere doesn't contribute to the high band frequency. The 



13 
 

signal strength is extremely low because the 50 Hz signal is filtered out during fieldwork. On the other hand, 
distinct peaks appeared at approximately 7.83, 14.3, 20.8 and 27.3 Hz. These frequencies correspond to the 
frequencies of Schumann's resonances (SRs).  

Another example shows the signal strength variation corresponding to the geomagnetic storm. Fig. 2.7 
shows the geomagnetic field's X (N-S) component during the storm and non-storm days at Japan's Kakioka 
(KAK) station. In 1973, the KAK  Magnetic Observatory was designated as one of four facilities to calculate 
the disturbance storm time (Dst) index, representing the strength of the equatorial ring current encircling the 
Earth. The magnetic field intensity observed during the storm day can be almost two orders stronger than 
during a non-storm day. 
 

 
Fig. 2.7 The geomagnetic intensities along the N-S direction during the storm and non-storm days. The black 
lines denote the non-storm day's data, and the red lines denote the storm day's data. The left is a profile in the 
time domain, and the right is in the frequency domain.   
 

Next, I introduce the statistical analysis of the geomagnetic storm based on the Dst index. Fig. 2.8 shows 
the distribution of the Dst index from 1957 to 2020; the orange line denotes the boundary of the geomagnetic 
storm (Dst <= -50 nT), and the light blue line denotes the boundary of the strong geomagnetic storm (Dst <= 
-100 nT). It shows that geomagnetic storms did not appear frequently, and the probability of a strong storm is 
less than 1% per day.  

 

 
Fig. 2.8 The distribution of strong storms based on the Dst index between 1957 - 2020, the orange line 
denotes Dst (<= -50 nT), and the light blue line denotes Dst (<= -100 nT). 
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Fig. 2.9 shows the monthly cumulative count of strong geomagnetic storms. One hour was 

recorded as one count in this figure. For example, a 3-hour storm is counted as three storms. The 
high probability of a strong geomagnetic storm occurred around April and October.  

Fig. 2.10 shows the yearly cumulative count of geomagnetic storms each year. Fig. 2.11 
shows the FFT result of the yearly count of storms from 1957 to 2020. There is a 10.7-year peak, 
which corresponds to the 11-year solar cycle.  

This section concludes that the geomagnetic storm has a seasonal and 11-year solar cycle. 
The strong geomagnetic storm doesn't happen frequently and causes significant EM field 
variations observed on the Earth's surface. 
 

 
Fig. 2.9 The monthly cumulative count of strong geomagnetic storms based on the Dst index 
from 1957 to 2020. 

 
Fig. 2.10 The yearly cumulative count of geomagnetic storms based on the Dst index from 1957 
to 2020. 
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from the time series. The blue line is the true curve of a simple 1-D model. Next, blue circles 
were calculated using the BI-estimator, and red circles were calculated using the M-estimator. 
Finally, black circles were calculated using the RM estimator. 

 
3.4.2 Application to the field data 
The leverage weighting is the most significant difference between the M-estimator and the 
BI-estimator. The leverage point corresponds to the large variation of the magnetic field. It can 
be an energetic signal or active noise. I used two datasets to show the two different situations. In 
the first dataset, the signal has a large variation when there is a geomagnetic storm, and in the 
second dataset, the noise has a large variation.  
 
3.4.2.1 Comparison of the performance using the data from KAP03 
The Kaapvaal 2003 (KAP03) long-period 5-component magnetotelluric time series data is used 
in the first dataset. Data were recorded for around a month at each site using GSC LIMS 
systems in 2003 as a part of the SAMTEX project. The sampling period is 5-second. The 26 
long-period sites distributed in a NE-SW profile are shown in Fig. 3.8. In the middle of the 
survey line (KAP127-KAP145), datasets were heavily contaminated by DC noises from the 
power line of trains running between Kimberley and Johannesburg. In addition, there are two 
geomagnetic storm events in the observation periods. The first storm occurred around Oct. 29, 
2003, to Oct. 31, 2003; the second storm occurred around November 20, 2003, to November 22, 
2003. Both of the storms lasted about two days. I used the different period time-series datasets 
at noisy sites 130 and 133 to analyze the three estimators' performance; the results from site 130 
are shown first. 
 

 
Fig. 3.8 Location map of the survey line KAP03 in South Africa. 
 

Fig. 3.9 shows the MT time-series data observed at site 130. The red vertical lines indicate 
the data gaps, and the black lines indicate the 5-component MT time-series data. The sampling 
rate is 5-second. The electric field unit is mV/km, and the unit of the magnetic field is nT. The 
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blue line shows the disturbance storm time(Dst) index.  
 

 
Fig. 3.9 Time series of magnetotelluric data whose sampling period is 5 seconds at site 130. The 
red vertical lines show the missing data section, and the black lines show the 5-component MT 
time series data. The blue line shows the Dst index of magnetic data. The electric field unit is 
mV/km, and the unit of the magnetic field is nT. 

 
Fig. 3.10 shows the YX components of magnetotelluric sounding curves calculated during 

storm day and the non-storm day at site 130. The first column is calculated in the non-storm day 
data from 00:00:00 on Oct. 22 to 00:00:00 on Oct. 25. The second column is computed in the 
first storm from 00:00:00 on October 29 to 00:00:00 on October 31. The third column is 
calculated in the second storm data from 00:00:00 on Nov. 20 to 00:00:00 on Nov. 22. 
M-estimator calculates the red curve, and BI-estimator calculates the black curve.  

When using the non-storm data, both methods failed to obtain a reliable result. The phase was 
close to 180º or 0º. That is the phenomenon of artificial noise (Zonge and Hughes, 1987); 180º 
or 0º would correspond to a dipole electric source, which could be the train line. And the long 
period of the XY component is very scattered. Comparing the results, I find that the YX 
component can be improved using storm period data. In Fig. 3.10, the first storm period data 
calculates the second column. Both curves are similar to each other. After comparing the result 
with the remote reference result, I think the result calculated by the first geomagnetic storm is 
the true curve. The third column is calculated by the second storm period from 00:00:00 on Nov. 
20 to 00:00:00 on Nov. 22. M-estimator result was considered close to the true curve compared 
to the result derived from the first geomagnetic storm. However, the BI-estimator's result differs 
from the M-estimator's, and the phase is also close to 180º. In general, the BI-estimator 
performs better than the M-estimator. But in this case, it is not. 
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   The RM-estimator can obtain a reliable result from the data observed from Oct. 29 to Oct. 
31 and Oct. 28 to Oct. 31. In contrast, it gets biased after introducing 2-day non-storm noisy 
data into the geomagnetic data from Oct. 29 to Oct. 31, and I thought the data contained about 
one and a half-day high SNR data from Oct. 29 to Oct. 31. In this test, the M-estimator 
performed best, while The BI-estimator performed worst. 
 

 
Fig. 3.11 The YX component of magnetotelluric sounding curves calculated using the different 
period data around the first geomagnetic storm at site 130. The left figures were calculated using 
the BIRRP. The second column figures were calculated using the M-estimator. The right figures 
were calculated using the RM-estimator. The blue curves were calculated using the dataset from 
Oct. 27 to Oct. 31. The black curves were calculated using the dataset from Oct. 28 to Oct. 31. 
Finally, the red curves were calculated using the dataset from Oct. 29 to Oct. 31.  
  

 

Fig. 3.12 The hat matrix diagonal element distribution at period 168 s. The upper figure shows 
the data from Oct. 29 to Oct. 31. The central figure shows the data from Oct. 28 to Oct. 31. The 
lower figure shows the data from Oct. 27 to Oct. 31. The red dotted lines denote the three times 
of the 2/N. 
 

Moreover, Fig. 3.13 shows the time-series data of the second geomagnetic storm from 
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Fig. 3.14 The YX component of magnetotelluric sounding curves calculated using the different 
period data around the second geomagnetic storm at site 130. The left, middle and right figures 
were calculated using the BI-estimator, the M-estimator and the RM-estimator. The black 
curves were calculated using the data from 06:00:00 on November 20 to 00:00:00 on November 
21. The red curves were calculated using the data from 00:00:00 on November 20 to 00:00:00 
on November 22. 
 

Fig. 3.15 shows the YX components of MT sounding curves calculated using the different 
periods at site 133. The red curves were calculated using the geomagnetic storm data from 
00:00:00 on Oct. 29 to 00:00:00 on Oct. 31. The black curves were calculated using the data 
from 00:00:00 on October 28 to 00:00:00 on October 31. The blue curves were calculated using 
the data from 00:00:00 on October 27 to 00:00:00 on October 31. The green curves were 
calculated using the non-storm data from 00:00:00 on Oct. 26 to 00:00:00 on Oct. 29. The MT 
sounding curve calculated using the geomagnetic storm data from Oct. 29 to Oct. 31 changed 
reasonably. All BI-estimator, M-estimator, and RM-estimator failed to recover the result using 
the non-storm data(green curve). As a result, the apparent resistivity gets biased, comparing the 
result computed from the storm period.  

I compared the results calculated using the different period data around the first 
geomagnetic storm in Fig. 3.15. The RM-estimator becomes deviated from the true model after 
introducing two-day non-storm data from Oct. 27 to Oct. 31. That indicates that the YX 
component has around one and a half-day high SNR data from Oct. 28 to 31. The BI-estimator 
further deviates from the true model by introducing more non-storm noisy data. On the other 
hand, the M-estimator performs robustly, and the results coincide with each other and are 
caused by two factors, as I analyzed in Fig. 3.11. 
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Fig. 3.15 The YX component of MT sounding curves calculated from different period data at 
site 133. The left figures were calculated using the BI-estimator, and the central figures were 
calculated using the M-estimator. The right figures were calculated using the RM-estimator. The 
red curves were calculated using the period from 00:00:00 on October 29 to 00:00:00 on 
October 31. The black curves were calculated using the period from 00:00:00 on October 28 to 
00:00:00 on October 31. The blue curves were calculated using the period from 00:00:00 on 
October 27 to 00:00:00 on October 31. The green curves were calculated using the period from 
00:00:00 on October 26 to 00:00:00 on October 31. 
 
3.4.2.2 Comparison of the performance using the data from L6-7 
The second dataset used the broadband-frequency MT time-series data observed by the Phoenix 
MTU-A Geophysical Instruments. This data belongs to the Institute of Geophysical and 
Geochemical Exploration, China Geological Survey. Fig. 3.16 shows the location map in the 
study area. The local survey lines are L6-1, L6-2 and L7-1, and the Y0625 is set as the remote 
reference site.  
 

 
Fig. 3.16 Location map of the study area. Y0625 is the remote reference site, and the local 
survey lines are L6-1, L6-2, and L7-1 in the middle. The lower left map shows the survey area 
in China. The red star denotes the research location. The upper left map shows the detail of 
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Fig. 3.17 Polarization direction for period 6 s at site L7158 from 3:00:00 to 22:00:00 in UCT. 
The upper figure shows the electric field's polarization directions, and the lower figure shows 
the magnetic field's polarization direction. The red vertical lines denote the boundary of the 
property of the polarization directions changed. 
 

At first, calculate the MT sounding curve from the Phoenix software SSMT-2000 from the 
one-day data. I find that the result of the dead band is biased. I then calculate the time series 
data by BI-estimator, M-estimator, and RM-estimator using the nighttime data from 16:00:00 to 
20:00:00. The black curves were calculated using the M-estimator. The red curves were 
calculated using the BI-estimator. The green curves were calculated using the RM-estimator. 
These results are shown in Fig. 3.18. The sounding curves became reliable after calculating the 
nighttime data.  
 

 
Fig. 3.18 The magnetotelluric sounding curves calculated using the data at site L7158. 
SSMT-2000 calculated the blue curves using one-day data. M-estimator calculated the black 
curves using the nighttime data from 16:00:00 to 20:00:00 in UTC. BI-estimator calculated the 
red curves using the nighttime data from 16:00:00 to 20:00:00 in UTC. RM-estimator calculated 
the green curves using the nighttime data from 16:00:00 to 20:00:00 in UTC. 
 

In the next step, I investigated the hat matrix diagonal element. Fig. 3.19 shows the hat 
matrix diagonal element distribution from 14:00:00 to 20:00:00 in UTC. The magnetic noise 
was strong from 14:00:00 to 15:00:00, and it was relatively quiet at nighttime. I tested the 
BI-estimator, M-estimator and RM-estimator by introducing different lengths of noise data to 
the nighttime data.  
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Fig. 3.19 The hat matrix diagonal element distribution from 14:00:00 to 20:00:00 in UTC at the 
period of 8 s. The red dotted lines denote the one, two, and three times of the 2/N, respectively.   
 

Fig. 3.20 shows the magnetotelluric sounding curves calculated by RM-estimator using 
different period data at site L7158. The red curves were calculated using the nighttime data from 
16:00:00 to 20:00:00 in UTC. The green curves were calculated using the data observed from 
15:00:00 to 20:00:00 in UTC. The black curves were calculated using the data observed from 
14:00:00 to 20:00:00 in UTC. The blue curves were calculated using the data observed from 
13:00:00 to 20:00:00 in UTC. The RM-estimator result becomes biased by the data from 
14:00:00 to 20:00:00. The breakdown point of the RM-estimator is 50%. That means there was 
about 3-hour quiet data at nighttime, and the quiet data focuses on the nighttime from 16:00:00 
to 20:00:00.   
 

 
Fig. 3.20 The magnetotelluric sounding curves calculated by RM-estimator using different 
period data at site L7158. The red curves were calculated using the nighttime data from 
16:00:00 to 20:00:00 in UTC. Next, the black curves were calculated using the data from 
14:00:00 to 20:00:00 in UTC. Finally, the blue curves were calculated using the data observed 
from 13:00:00 to 20:00:00 in UTC.  
 

Fig. 3.21 shows the result calculated by the M-estimator. The red curves were calculated 
using the nighttime data observed from 16:00:00 to 20:00:00 in UTC. Next, the black curves 
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were calculated using the data observed from 15:00:00 to 20:00:00 in UTC. Finally, the blue 
curves were calculated using the data observed from 14:00:00 to 20:00:00 in UTC. After 
introducing a one-hour outlier in the electric field, the M-estimator was found to work 
effectively. However, after introducing one more hour of leverage point data between 14:00:00 
to 15:00:00, the M-estimator gave a biased result in the dead band. This study shows that the 
M-estimator is not sensitive to the leverage point in the magnetic field, and the leverage point 
will dominate the final result. 

 

 
Fig. 3.21 The magnetotelluric sounding curves calculated by M-estimator using different period 
data at site L7158. The red curves were calculated using the nighttime data from 16:00:00 to 
20:00:00 in UTC. Next, the black curves were calculated using the nighttime data from 15:00:00 
to 20:00:00 in UTC. Finally, the blue curves were calculated using the data observed from 
14:00:00 to 20:00:00 in UTC.  
 

Fig. 3.22 shows the result calculated by BI-estimator. The red curves were calculated using 
the nighttime data from 16:00:00 to 20:00:00 in UTC. Then, the black curves were calculated 
using the data from 14:00:00 to 20:00:00 in UTC. Finally, the blue curves were calculated using 
the data observed from 13:00:00 to 20:00:00 in UTC. Compared to the result calculated by the 
BI-estimator and M-estimator by the data from 14:00:00 to 20:00:00 in UTC, the BI-estimator 
succeeded in getting a reliable result M-estimator and RM-estimator failed. The BI-estimator 
will work better than M when the leverage point is the active noise.    
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Fig. 3.22 The magnetotelluric sounding curves calculated by the BI-estimator using different 
period data at site L7158. The red curves were calculated using the nighttime data from 
16:00:00 to 20:00:00 in UTC. The black curves were calculated using the data observed from 
14:00:00 to 20:00:00 in UTC. The blue curves were calculated using the data observed from 
13:00:00 to 20:00:00 in UTC. 
 
3.5 Conclution and Discussion 
I compared three single-site processing impedance estimators; the M-estimator, BI-estimator 
and RM-estimator. The measure of an estimator's robustness is its breakdown point. An 
estimator's breakdown point is the proportion of incorrect observations that an estimator can 
handle before giving an incorrect result. It is well known that the breakdown point of the 
least-squares estimator is 0; the breakdown point of the RM-estimator is close to 50%; if there is 
no more than half of the data is contaminated, it can produce a reliable result.  

Since the BI and M-estimator's final result depends on the weighted average method(least 
square estimator), the M-estimator and BI-estimator's breakdown point differs in different 
situations. It depends on the strength of the signal and noise.  

Leverage weighting is the most significant difference between the M-estimator and 
BI-estimator when the data site is noisy. Suppose there is no leverage point; the breakdown 
points of the M-estimator and BI-estimator become the same. The leverage point is the large 
variation of magnetic field data. The M-estimator is not sensitive to the leverage point. 
BI-estimator will reject the leverage point using a strict iterative weighting, but the leverage 
point can be an energetic signal or active noise.  

In the first field data test, the leverage point corresponds to the energetic single from a 
geomagnetic storm event. The leverage weighting will negatively influence the reweight least 
square estimator. As a result, the M-estimator will perform better than the BI-estimator and 
RM-estimator.  

The BI-estimator will work much better than the M-estimator and RM-estimator when the 
leverage point is the active noise at the second field data test. The breakdown point of the 
RM-estimator is 50%. In this test, the RM-estimator gets biased by the data from 14:00:00 to 
30:00:00. I think there are three-hour high SNR time-series data from 16:00:00 to 20:00:00. The 
M-estimator gets biased by the data from 15:00:00 to 20:00:00. The breakdown point of the 
M-estimator is 40%; The RM-estimator was better than M-estimator. The BI-estimator gave 
biased results using the data from 14:00:00 to 20:00:00. The breakdown point of the 
BI-estimator is close to 50%. The breakdown point of the M-estimator and BI-estimator is 
different in different situations. 

The breakdown point is different for the different impedance estimators. When most of the 
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data is well behaved, the conventional statistic methods may remove the noise. When the noise 
content is over 50%, the preselection strategy may produce a reliable result by screening the 
high SNR data before the impedance estimation. The most serious situation is that the 
continuous noise contaminates the data; any method may fail to get a reliable result.   

However, I don't know the noise contents in the real data processing. Therefore it is necessary 
to know the situation of background noise. I will discuss this problem in the next chapter. 
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