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Abstract 
 

Processing of Noisy Controlled Source Audio Magnetotelluric (CSAMT) Data 

Julia Fridlund 
 

Controlled Source Audio Magnetotellurics (CSAMT) is a geophysical method for characterizing the 

resistivity of the subsurface with the help of electromagnetic waves. The method is used for various 

purposes, such as geothermal- and hydrocarbon exploration, mineral prospecting and for investigation 

of groundwater resources. Electromagnetic fields are created by running an alternating current in a 

grounded electric dipole and by varying the frequency, different depths can be targeted. Orthogonal 

components of the electromagnetic fields are measured at receiver stations a few kilometers away 

from the source. From these field components, so called magnetotellurics transfer functions are 

estimated, which can be used to invert for the resistivity of the subsurface.  

The data used in this project is from a survey conducted in 2014 and 2016 in Kiruna by Uppsala 

University and the mining company LKAB. Measurements were made at 31 stations along two 

orthogonal profiles. The data have been processed earlier, but due to noise, especially in the lower 

frequencies, a significant part of the data set could not be inverted. The aim of this project was to 

improve the results by analyzing the data and testing different methods to remove noise.   

First, robust regression was used to account for possible non-Gaussian noise in the estimation of 

the magnetotelluric transfer functions. Except for one station on profile 1, the robust method did not 

improve the results, which suggests that the noise is mostly Gaussian. 

 Then modified versions of least squares, each affected by a different bias, were used to estimate 

the transfer functions. Where there is more noise, the estimates should differ more due to their 

different biases. The estimates differed most for low frequencies and especially on the part of profile 2 

that was measured in 2014. 

It was investigated whether the railway network could explain part of the low frequency noise. 

Measures were taken to reduce spectral leakage from the railway signal at 16 ⅔ Hz to the closest 

transmitter frequencies 14 Hz and 20 Hz, but no clear improvement was seen and more detailed 

studies need to be conducted to determine this matter. 

Finally, a method based on comparing the ratio of short-term and long-term averages was tested to 

remove transients in the measured time series of the electromagnetic field components. This proved 

difficult to implement due to the variability of the time series’ behavior between different stations, 

frequencies and field components. However, the method showed some potential for stations 9 and 10 

on profile 1, and could probably be developed further to remove transients more efficiently and thus 

improve the data.  
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Populärvetenskaplig sammanfattning 
 

Processering av brusiga magnetotelluriska mätningar med kontrollerad källa (CSAMT) 

Julia Fridlund 

 

Magnetotellurik med kontrollerad källa (förkortat CSAMT på engelska) är en metod där 

elektromagnetiska fält används för att undersöka markens resistivitet. Resisitivitet är ett mått på hur 

bra eller dåligt marken leder elektriska strömmar. Metoden används till exempel för att mäta djupet till 

berggrunden, som oftast har högre resistivitet (sämre ledningsförmåga) än marken ovanför. Man kan 

också hitta metaller, så som guld och koppar, vilka har väldigt låg resistivitet (bra ledningsförmåga). 

Elektromagnetiska vågor skapas genom att man låter en växelström gå igenom en lång ledning. 

Vågorna färdas först genom luften och sen ner i marken. Hur djupt ner de når beror på 

växelströmmens frekvens; med låga frekvenser når vågorna djupare ner i marken än med höga. Under 

markytan inducerar de elektromagnetiska vågorna elektriska strömmar, så kallade telluriska strömmar 

(dvs. jordströmmar). Strömmarna blir svagare ju längre de färdas och hur snabbt de avtar i styrka beror 

på jordens resistivitet. Strömmarna skapar också nya elektriska och magnetiska fält som färdas tillbaka 

mot ytan. Vid markytan mäter man fältens styrka för olika frekveser, vilket då ger information om 

resistiviteten på olika djup. Från mätningarna tar man ofta fram så kallade magnetotelluriska 

överföringsfunktioner. Dessa överföringsfunktioner gör det lättare att tolka datan och ta reda på 

resistiviteten hos marken.  

I detta projekt har CSAMT-data använts från en undersökning i Kiruna som genomfördes av 

Uppsala Universitet och gruvföretaget LKAB. Datan har bearbetats tidigare, men på grund av mycket 

brus i mätningarna blev inte resultatet så bra som väntat. Brus kan komma från allt som genererar 

elektromagnetiska fält, till exempel elledningar, tågledningar eller naturliga variationer i jordens egna 

magnetfält. Målet med projektet var att förbättra resultatet genom att analysera datan och testa olika 

metoder för att ta bort brus. 

Den vanligaste metoden för att beräkna överföringsfunktionerna antar att det magnetiska fältet är 

fritt från brus. Detta är inte nödvändigtvis sant och kan leda till bias, alltså ett snedvridet resultat. 

Andra sätt att beräkna överföringsfunktionerna på ger olika bias. Det här kan man utnyttja för att se 

hur mycket brus som finns i datan. Om det inte finns något brus alls så blir alla överföringsfunktioner 

lika, medan om det finns mycket brus så skiljer de sig mer åt. På detta sätt upptäcktes att det var mer 

brus för frekvenserna 14 och 20 Hz (där 1 Hz är 1 svängning per sekund). En förklaring till det kan 

vara att tågledningar, som genererar elektromagnetiska fält med 16.67 Hz, ligger nära i frekvens och 

stör dessa signaler.  

För att minska brusets påverkan testades så kallad robust processering. Det innebär att man lägger 

mindre vikt vid de mätningar som tycks vara mycket annorlunda (alltså innehåller mer brus) från 

andra mätningar. Tyvärr så hjälpte inte denna strategi nämnvärt för att förbättra resultatet. 

Till sist tog vi fram en metod för att ta bort transienter, vilket är kortvarigt brus med hög intensitet. 

Transienter kan till exempel komma från åskblixtar, som ju är kortvariga elektriska urladdningar. Det 

visade sig dock att detta inte var helt enkelt, då det var svårt att se vad som var brus och vad som bara 

var naturliga variationer hos de elektromagnetiska fälten. Men i några fall kunde bruset urskiljas och 

därför verkar det troligt att fortsatt arbete med denna metod skulle kunna ge ännu bättre resultat.  
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bias  
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Abbreviations 

 

AMT      Audio-Magnetotellurics 

CSAMT     Controlled Source Audio-Magnetotellurics 

ET       Entire Time Series 

IRLS      Iteratively Reweighted Least Squares 

MT      Magnetotellurics 

OLS      Ordinary Least Squares 

RR      Remote Reference 

SS       Single Station 

WLS      Weighted Least Squares 

d.u.      Dimensionless Units 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Quantities 

 

B, b     magnetic flux density        [Wb/m2] 

D, d     electric flux density        [C/m2] 

E, e     electric field intensity        [V/m] 

H, h     magnetic field intensity       [A/m] 

J, j     electric current density       [A/m2] 

M      magnetization          [A/m] 

T      tipper             [1] 

Z      impedance tensor         [Ω] 

δ      skin depth           [m] 

𝜖      dielectric permittivity        [As/(Vm)] 

f      frequency           [Hz] 

𝜙      phase             [rad, °] 

k      wave number          [1/m] 

𝜇      magnetic permeability        [Vs/(Am)] 

𝜔 =  2𝜋𝑓   angular frequency         [rad/s] 

q      electric charge density        [C/m3] 

R      ratio of short-term/long-term averages   [1] 

r      source-receiver distance       [m] 

𝜌      resistivity           [Ωm] 

𝜌𝑎      apparent resistivity         [Ωm] 

𝜎 =  1/ 𝜌   conductivity           [S/m] 

t      time             [s] 
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1 Introduction 

In magnetotelluric methods (MT), electromagnetic fields are utilized to investigate the electrical 

properties of the earth. The electromagnetic fields can be of natural origin or created by artificial 

sources. In both cases, the relationship between electric and magnetic field components, measured at 

the Earth’s surface, is used to determine the resistivity of the subsurface. 

Resistivity models from magnetotelluric surveys are used in many areas to investigate subsurface 

structures. The first commercial application of magnetotellurics was for geothermal exploration in the 

1950s (Chave & Jones, 2012). Since then it has been successfully employed in areas such as 

hydrocarbon exploration, mineral prospecting, investigating groundwater resources and planning of 

new infrastructure (Chave & Jones, 2012; Zonge & Hughes, 1991; Vozoff, 1991; Dossow, 2018; 

Ismail et al., 2011; Mehta et al., 2017). 

There are two main types of natural sources of the electromagnetic fields used in magnetotellurics. 

The first is magnetospheric currents, which are created by solar activity. They mostly generate fields 

with frequencies below 1 Hz. The second source is the global distribution of lightning discharges from 

thunderstorms. These fields lie in the audio band 1 Hz - 10 kHz and are therefore referred to as audio 

magnetotellurics (AMT) (Vozoff, 1991). In controlled source audio magnetotellurics (CSAMT), an 

alternating current is run through a grounded cable or a loop, generating electric or magnetic dipole 

fields. With this approach frequencies between 0.1 Hz and 10 kHz can be achieved (Zonge & Hughes, 

1991).  

The investigation depth in magnetotellurics depends on the frequency of the electromagnetic fields, 

where lower frequencies penetrate deeper than higher frequencies. For natural-source MT this means 

that it is possible to investigate depths of a few tens of meters down to the upper part of the mantle 

(Vozoff, 1991). Since the source-receiver distance is finite in controlled-source MT, the investigation 

depth is often limited to a maximum of 2-3 km (Zonge & Hughes, 1991).  

In MT and sufficiently far away from the source in CSAMT, the electromagnetic fields propagate 

as plane waves through the atmosphere. When reaching the Earth's surface, the fields are partially 

transmitted and partially reflected. The transmitted parts are continuously attenuated with a rate that 

depends on the earth’s conductivity. The fields are also transmitted and reflected at resistivity 

contrasts in the earth. In this way, the electromagnetic fields measured at the surface will be related to 

the conductive properties of the subsurface (Vozoff, 1991).  

To eliminate unknown source effects, magnetotelluric transfer functions are calculated from the 

relationship between different components of the electric and magnetic fields. To minimize the 

influence of noise, many measurements of each component are often made so that the transfer 

functions can be calculated with least squares. The transfer functions are then used to compute 

apparent resistivities and phases or for inverting the data to the true resistivity of the subsurface. 
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An advantage of CSAMT over MT is that the source signal is known and it can therefore be used 

even if there is a high level of natural or cultural noise present. Processing of the data can be difficult 

though, since the magnitude of the noise may be much larger than that of the signal (Pankratov & 

Geraskin, 2010). This is an important problem to solve, considering the fact that an increasing amount 

of studies are being conducted in the planning of expansion of cities and infrastructure. Some noise 

problems may be reduced by a thorough scouting of the field site (Zonge & Hughes, 1991), but 

industrial noise from e.g. trains and power lines are difficult to avoid. 

In this project, data from CSAMT measurements made in Kiruna in northern Sweden have been 

used. The data was collected in 2014 and 2016 in a collaboration between the mining company LKAB 

and Uppsala University. Measurements were made at 31 stations along two orthogonal profiles and 

frequencies between 10-896 Hz were transmitted. The data have been processed earlier and the results 

were published in a master thesis by Dossow (2018). However, the data was very noisy and the results 

were thus difficult to interpret. For this reason only a few stations could be used for inversion in the 

study (Dossow, 2018). During the campaign, they also recorded natural-source AMT data in the 

frequency band 0.001-250 Hz. Where the AMT and CSAMT frequencies overlap, the transfer 

functions derived from the two data sets do not match, which also indicates that there might be some 

problems with the CSAMT data. 

The aim of this project has been to investigate ways of improving the results from the CSAMT 

measurements. To do this, a Matlab processing script has been used which was originally written by 

Jochen Kamm and Niklas Juhojuntti and extended by Thomas Kalscheuer and Lisa Dossow (2018). In 

this project, new steps have been added to this script to improve the filtering and estimation of transfer 

functions.  

The original filtering steps include high pass filtering to remove trends and notch filtering to 

remove industrial noise. To remove outliers in the form of transient noise spikes in the time series, a 

method based on comparing long-term and short-term averages (Bastani, 2001) has been tested here. 

In the original code, transfer functions are estimated with ordinary least squares and the remote 

reference technique (Gamble et al., 1979). Here, transfer functions have also been computed with 

modified versions of least squares (Goubau et al., 1978) to estimate the amount of noise. Furthermore, 

a robust version of least squares was implemented, which takes into account the possibility of the 

noise being non-Gaussian. 

During this master’s project, I have worked alongside Oskar Rydman, who has done his bachelor’s 

project on the same data set. Mostly we have focused on different parts of the processing, except for 

the task of removing outliers where we worked together. 

The final code was also tested on new data that we collected in April 2019 near Heby, 50 km west 

of Uppsala. 
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2 Electromagnetic theory 

2.1 Maxwell’s equations 

The transfer functions and electromagnetic theory used in magnetotellurics can be derived from 

Maxwell’s equations 

 

 
∇ ∙ 𝐝 = 𝑞              (Gauss’ law) (2.1) 

 
∇ ∙ 𝐛 = 0              (Gauss’ law for magnetism) (2.2) 

 
∇ × 𝐡 =  𝜎𝐞 +

𝜕𝐝

𝜕𝑡
 (Ampère’s law) (2.3) 

 
∇ × 𝐞 = −

𝜕𝐛

𝜕𝑡
       (Faraday’s law) (2.4) 

 

Gauss’ law in eq. (2.1) connects the divergence of the electric flux density d to the electric charge 

density q. In linear, isotropic media, the electric flux density can be expressed as d = 𝜖e, where e is the 

electric field and 𝜖 = 𝜖r𝜖0 is the dielectric permittivity. Eq. (2.2), Gauss’ law for magnetism, states that 

the divergence of the magnetic flux density b is zero. The magnetic flux density in linear, isotropic 

media is b = 𝜇h, where h is the magnetic field and 𝜇 = 𝜇r𝜇0 is the magnetic permeability. In eq. (2.3), 

Ampère’s law relates the curl of the magnetic field with the conduction current jc = 𝜎e and the 

displacement current jd = ∂d/∂t. Lastly, we have Faraday’s law in eq. (2.4) which connects the curl of 

the electric field with the temporal variation of magnetic flux density. 

Fourier transformation of eqs. (2.1) - (2.4) from time- to frequency domain gives 

 

   ∇ ∙ 𝐃 = 𝑞  (Gauss’ law) (2.5) 

   ∇ ∙ 𝐁 = 0  (Gauss’ law for magnetism) (2.6) 

 ∇ × 𝐇 = (𝜎 + 𝑖𝜔𝜖)𝐄   (Ampère’s law) (2.7) 

  ∇ × 𝐄 = −𝑖𝜔𝜇𝐇   (Faraday’s law) (2.8) 

 

where E, D, H and B denote the Fourier components of the electromagnetic fields. Here, it is assumed 

a time dependence of 𝑒+𝑖𝜔𝑡 , with 𝜔 = 2𝜋f  being the angular frequency, so that e.g. the Fourier 

transform 𝐹{𝜕𝐡/𝜕𝑡}  =  +𝑖𝜔𝐹{𝐡}. 

At a boundary between two media with different electromagnetic properties, some quantities will 

be continuous while some will be discontinuous. From Maxwell’s equations, it can be shown that the 

following must hold 

 

  𝐄2
𝑡 − 𝐄1

𝑡   =  0 (2.9) 
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 𝐉2
𝑛   −  𝐉1

𝑛   =  0 (2.10) 

 𝐃2
𝑛   −  𝐃1

𝑛  =  𝑞𝑠 (2.11) 

 𝐇2
𝑡   − 𝐇1

𝑡 =  0 (2.12) 

 𝐁2
𝑛   −  𝐁1

𝑛 =  0 (2.13) 

 

Here, subscripts 1 and 2 have been used for the different media, while superscripts t and n denotes the 

tangential and normal components of the respective fields. In other words, the tangential E-field, the 

normal component of the total current J = Jd + Jc, the tangential H-field and the normal B-field are all 

continuous across two media. The normal D-field, on the other hand, is discontinuous and gives rise to 

an accumulation of charge density qs at the boundary (Ward & Hohmann, 1987). 

2.2 Plane wave solution 

In a homogenous media, outside sources we have ∇𝜇 = ∇𝜖 = ∇𝜎 = 0 and 𝑞 = 0. Then eqs. (2.5) and 

(2.6) give ∇ ∙ 𝐄 = ∇ ∙ 𝐇 = 0 . By taking the curl of eqs. (2.7) and (2.8), and using the vector 

identity  ∇ × ∇ × 𝐅 = ∇(∇ ∙ 𝐅) − ∇2𝐅, the so called Helmholtz equations for E and H can be derived 

(Ward & Hohmann, 1987) 

 

 ∇2𝐄 + 𝑘2𝐄 = 0 (2.14) 

 ∇2𝐇+ 𝑘2𝐇 = 0 (2.15) 

 

Eqs. (2.14) and (2.15) represent lossy electromagnetic wave equations in the frequency domain and 

𝑘2 = 𝜇𝜖𝜔2 − 𝑖𝜇𝜎𝜔  is the square of the complex wave number. For quasi-static cases, i.e. where 

𝜔𝜖 ≪ 𝜎 and displacement currents are negligible, the wave number can be approximated as 

 

 𝑘 ≈ √−𝑖𝜇𝜎𝜔 (2.16) 

 

Then we can write the wave number as  𝑘 = 𝛼 − 𝑖𝛽 , where 𝛼 = 𝛽 = √(𝜔𝜇𝜎)/2. The quasi-static 

approximation is often used in magnetotellurics and holds for most cases where the frequency of the 

electromagnetic fields is less than 100 kHz (Ward & Hohmann, 1987). 

The plane wave solution for a monochromatic magnetic field travelling vertically downwards, 

defined as the positive z-direction, is 

 

 𝐡 = 𝐡0𝑒
−𝑖𝑘𝑧𝑒𝑖𝜔𝑡 = 𝐡0𝑒

−𝑖(𝛼−𝑖𝛽)𝑧𝑒𝑖𝜔𝑡 = 𝐡0𝑒
−𝛽𝑧𝑒𝑖(𝜔𝑡−𝛼𝑧) (2.17) 
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where 𝐡0  is the field at the surface, 𝑧 =  0, when 𝑡 =  0 (Ward & Hohmann, 1987). The field is 

diffusive and consists of two parts; one oscillatory part ~ 𝑒𝑖(𝜔𝑡−𝛼𝑧) and one decaying part ~ 𝑒−𝛽𝑧. At 

the depth  

 

 

𝛿 =
1

𝛽
= √

2

𝜔𝜇𝜎
 (2.18) 

 

the field has decayed to 1/𝑒 ≈ 37 % of the amplitude at the surface. 𝛿 is called the skin depth for 

plane waves and is used to quantify the penetration depth of the electromagnetic fields. From eq. 

(2.18) it can be seen that the skin depth increases when the frequency ω and/or the conductivity σ 

decrease.  

 In a more general case, when the field propagates in e.g. the y-z plane, the wave number will be 

equal to the magnitude of the wave number vector k; 

 

 
𝑘 = |𝐤| = |(𝑘𝑦, 𝑘𝑧)| = √𝑘𝑦

2 + 𝑘𝑧
2
 (2.19) 

 

where k is in the direction of propagation. When the field encounters an interface between two 

different media, it will be reflected and transmitted according to Snell’s laws (Ward & Hohmann, 

1987). For the reflected field, these state that  

 

 sin 𝜃𝑟 =sin𝜃𝑖 (2.20) 

 𝑘𝑟 = 𝑘𝑖 (2.21) 

 

where 𝜃𝑟 and 𝜃𝑖 denotes the angles of incidence and reflection, while 𝑘𝑟 and 𝑘𝑖 are the magnitudes of 

the wave number vectors. Furthermore, Snell’s laws state that the transmitted wave number 𝑘𝑡 and 

angle of transmission 𝜃𝑡 satisfy 

 

 𝑘𝑡sin 𝜃𝑡 =𝑘𝑖 sin 𝜃𝑖 (2.22) 

 

Electromagnetic fields incident from air are transmitted almost vertically downwards into the earth 

(Vozoff, 1991). This can be seen by considering eq. (2.22), where wave numbers are computed from 

the quasi-static formula in eq. (2.16). Since air is very resistive 𝑘𝑖 ≈ 0, but the earth has a finite 

conductivity so 𝑘𝑡 ≠ 0 and hence we must have sin𝜃𝑡 ≈𝜃𝑡 ≈ 0. 
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2.3 Transfer functions 

Since Maxwell’s equations are linear in the electric and magnetic fields, the relationship between the 

two can be written as a tensor equation. In a Cartesian coordinate system, with x and y being the two 

horizontal directions and z pointing downwards, this can be expressed as 

 

 

(

𝐸𝑥
𝐸𝑦
𝐸𝑧

) = (

�̃�𝑥𝑥 �̃�𝑥𝑦 �̃�𝑥𝑧

�̃�𝑦𝑥 �̃�𝑦𝑦 �̃�𝑦𝑧

�̃�𝑧𝑥 �̃�𝑧𝑦 �̃�𝑧𝑧

)(

𝐻𝑥
𝐻𝑦
𝐻𝑧

). (2.23) 

 

Each of the field components, as well as the elements of the tensor  �̃�𝑖𝑗 , are frequency dependent 

complex numbers.  

The boundary conditions of electromagnetic fields show that the normal component of the current 

density, 𝐽𝑛 = 𝜎𝐸𝑛 in the quasi-static case, is continuous across an interface. No currents propagate 

through air so 𝐽𝑛 and consequently also 𝐸𝑛   must vanish just beneath the earth’s surface. This means 

that the vertical component of the electric field 𝐸𝑧 = 𝐸𝑛 vanishes, which makes it possible to rewrite 

eq. (2.23) as two equations (Berdichevsky, 1999). The first equation relates the horizontal electric and 

magnetic fields as 

 

(
𝐸𝑥
𝐸𝑦
) = (

𝑍𝑥𝑥 𝑍𝑥𝑦
𝑍𝑦𝑥 𝑍𝑦𝑦

) (
𝐻𝑥
𝐻𝑦
) , (2.24) 

 

where the 2 × 2 matrix is defined as the impedance tensor, Z. The second equation relates the vertical 

and horizontal magnetic fields as  

 

𝐻𝑧 = (𝑇𝑥 𝑇𝑦) (
𝐻𝑥
𝐻𝑦
) , (2.25) 

 

where 𝐓 = (𝑇𝑥   𝑇𝑦) is the vertical magnetic transfer function, also known as the tipper. From the real 

part of the tipper, a vector can be defined as  −(Re{𝑇𝑥}, Re{𝑇𝑦}). This vector is called an induction 

vector and usually points in the direction of high conductivity (Hobbs, 1992). 

The magnetotelluric transfer functions Z and T are usually derived by making many measurements 

of each field component. Then some kind of averaging or least squares method is used to find the 

transfer functions that best fit the measurements. By inversion of the transfer functions, it is possible to 

find a resistivity model of the earth.  

However, some information about the resistivity structure can be obtained directly from the transfer 

functions. In a one dimensional (1D) earth, the subsurface consists of horizontal layers so that 𝜌 =

𝜌(𝑧)  (Fig. 2.1). For vertically propagating plane waves, which is the case under quasi-static 
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assumptions, the diagonal elements of the impedance tensor 𝑍𝑥𝑥  and 𝑍𝑦𝑦  are zero while the off-

diagonal elements satisfy 𝑍𝑥𝑦 = −𝑍𝑦𝑥 (Berdichevsky & Dmitriev, 2008).  Eq. (2.24) then simplifies to 

 

(
𝐸𝑥
𝐸𝑦
) = (

0 𝑍𝑥𝑦
𝑍𝑦𝑥 0

) (
𝐻𝑥
𝐻𝑦
)    

 
⇔   {

𝐸𝑥 = 𝑍𝑥𝑦𝐻𝑦
𝐸𝑦 = 𝑍𝑦𝑥𝐻𝑥

 (2.26) 

 

The tipper in the 1D case is 𝐓 = (0  0) (Berdichevsky & Dmitriev, 2008). These equations hold for Z 

and T also when the earth is homogeneous since it is just a special case of 1D. 

In a 2D earth, resistivity varies both in the vertical and one of the horizontal directions. If the strike 

is in the x-direction (Fig. 2.1) or y-direction, the diagonals 𝑍𝑥𝑥 and 𝑍𝑦𝑦 are zero as in eq. (2.26) but 

𝑍𝑥𝑦 is not equal to −𝑍𝑦𝑥. Assuming the strike is in the x-direction, the tipper is reduced to 

𝐓 = (0  𝑇𝑦). When the earth’s resistivity varies in all three directions (3D), or has an arbitrary strike, 

all elements are non-zero in both Z and T (Berdichevsky & Dmitriev, 2008). 

 

 

Figure 2.1 A simple sketch of a 1D subsurface (left) and a 2D subsurface (right) with x as the strike direction. 

2.4 Apparent resistivity and phase 

As an aid in the interpretation of the measured impedances, so called apparent resistivity and phase 

can be computed. The apparent resistivity is defined as 

 

 
𝜌𝑎
𝑖𝑗 =

1

𝜇𝜔
|𝑍𝑖𝑗|

2
 (2.27) 

 

where 𝑍𝑖𝑗 can be any of the impedance tensor elements. It is defined this way because in an earth with 

constant resistivity ρ, the off-diagonal impedance elements satisfy 

 

 𝑍𝑥𝑦 = −𝑍𝑦𝑥 = √𝜇𝜔𝜌 𝑒
𝑖𝜋/4 (2.28) 
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Inserting this in eq. (2.27) we see that, for a homogeneous earth, the apparent resistivity is equal to the 

true resistivity. The phase of the impedance 𝑍𝑖𝑗 is calculated like the phase of any complex number 

 

 𝜙𝑖𝑗 = arg(𝑍𝑖𝑗) (2.29) 

 

In a 1D earth, 𝜙𝑥𝑦 = arg(𝑍𝑥𝑦) = arg (𝐸𝑥 𝐻𝑦)⁄ , which means that the impedance phase is just the 

phase difference between 𝐸𝑥 and 𝐻𝑦. Similarly does 𝜙𝑦𝑥 define the phase difference between 𝐸𝑦 and 

𝐻𝑥. When 𝑒+𝑖𝜔𝑡 is used for the time dependence of the electric and magnetic fields, 𝜙𝑥𝑦 lies in the 

first quadrant of the complex plane while 𝜙𝑦𝑥 lies in the third quadrant (Vozoff, 1991). 

The phase is approximately proportional to the change in log-resistivity with respect to log-

frequency 𝜕(log 𝜌𝑎)/𝜕(log 𝑓). From eq. (2.28), we see that in a homogeneous earth, the phase 𝜙𝑥𝑦 =

𝜋/4 = 45°, while 𝜙𝑦𝑥 = 45° + 180° = 225° (Vozoff, 1991). In a layered earth where the shallow 

part is more resistive than the deeper part 𝜙𝑥𝑦 > 45°. If instead the shallow layers are less resistive 

than the deeper layers we get 𝜙𝑥𝑦 < 45° (Zonge & Hughes, 1991). 

Normally the apparent resistivity and phase are plotted against frequency which is inversely 

proportional to penetration depth. Due to the diffusive nature of the electromagnetic waves, 𝜌𝑎 and 𝜙 

are affected by many layers for each frequency and will therefore vary smoothly between different 

depths/frequencies. Nevertheless do these plots give an indication of how the resistivity changes with 

depth. 

2.5 Source effects in CSAMT 

In magnetotellurics, measurements are made far away from the source and the fields can be assumed 

to behave like plane waves (Vozoff, 1991). In CSAMT, where the source-receiver distance is finite, 

this is not always the case. The behavior of the electromagnetic fields depends on the distance to the 

source 𝑟 relative to the plane-wave skin depth 𝛿. For the propagating fields from a grounded electric 

dipole over a homogeneous earth, three zones (Fig. 2.2) can be distinguished; the near field, the far 

field and the transition zone (Zonge & Hughes, 1991).  

In the near field, where 𝑟 ≪ 𝛿, the fields are strongly curved. The depth of investigation depends 

on the geometry of the source-receiver set up, but not on frequency 𝑓. In that sense it is more similar 

to direct-current resistivity methods, in which electrode separation is varied to measure resistivity at 

different depths. The magnetic field decays as 1/𝑟² in the near field while the electric field decays as 

1/𝑟3, which means that the impedance depends on 𝑟. The impedance does not, however, depend on 

frequency and there is no phase difference between E and H. In the far field, where 𝑟 ≫ 𝛿, the fields 

are approximately plane waves. The impedance and depth of investigation depend on frequency but 

not on geometry, since both fields decay as 1/𝑟³. Between the near field and the far field is the 

transition zone, defined as 𝑟 ≈ 𝛿. It is characterized by moderately curved fields, with a decay rate of 
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1/𝑟³  for the electric field and somewhere between 1/𝑟²  and 1/𝑟³  for the magnetic field. The 

impedance and depth of investigation depends here on both 𝑟 and 𝑓. Since 𝛿 ~ 1/√𝜔𝜎, decreasing 𝜔 

or 𝜎 is equivalent to moving towards the near field, while increasing 𝜔 or 𝜎 is equivalent to moving 

towards the far field (Zonge & Hughes, 1991). 

 

Figure 2.2 The electromagnetic field from an electric dipole can be divided into three zones; the near field (A), 

the transition zone (B) and the far field (C). The depth of investigation D depends on different factors in each 

zone. Solid lines show the electric field while dashed lines show the magnetic field (image from Zonge & 

Hughes, 1991). 

 

The apparent resistivity is defined to give correct results in the far field, or more precisely when  

𝑟 > 4 − 5𝛿 (Zonge & Hughes, 1991). For measurements over a homogeneous earth, the impedance 

𝑍𝑖𝑗 is proportional to √𝜔 = √2𝜋𝑓 (from eq. (2.28)) and thus the apparent resistivity is calculated by 

dividing the impedance with √𝜔 . In the near field though, which occurs at sufficiently low 

frequencies, the impedance does not depend on frequency. By dividing the impedance with frequency, 

𝜌𝑎 thus becomes erroneously high. As frequency decrease, the impedance is divided by smaller and 

smaller numbers, which means that the apparent resistivity increases. In a log-log plot this will 

manifest as a linear increase of the apparent resistivity. In the transition zone, the apparent resistivity 

often becomes erroneously low instead. This is most prominent for measurements over resistive 

bedrock and can be seen as a downward notch in the plot of apparent resistivity versus frequency 

(Zonge & Hughes, 1991). 
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For a homogeneous earth, the imaginary parts of E and H approach zero in the near field (Zonge 

and Hughes, 1991). This is the reason why the phase difference between E and H is zero and further 

implies that 𝜙𝑥𝑦 = 0 and 𝜙𝑦𝑥 = 180° in the near field. 

In planning a field survey, it is important to decide if the measurements should be made in the near 

field, far field or the transition zone. The distances to the respective zones depend on the plane-wave 

skin depth, which can be found by estimating the resistivity of the survey site. If the resistivity 

changes with depth, different estimates must be used for high and low frequencies due to their 

different penetration depths in the far field. When estimates have been found, plane-wave skin depths 

can be calculated according to eq. (2.18) for the different frequencies that will be transmitted. These 

are then used to determine the limits of the near field, far field and transition zone. Observe that the 

skin depth in eq. (2.18) is only valid for plane waves, i.e. in the far field. In the near field, as 

mentioned earlier, the penetration depth does not depend on frequency but on the source-receiver 

distance. 

3 Data acquisition 

The focus of this project has been on processing CSAMT data from Kiruna (Fig. 3.1) acquired by 

LKAB and Uppsala University in 2014 and 2016. However in the end of the project a CSAMT survey 

was conducted in Heby (Fig. 3.1) by a team from Uppsala University, so part of the project has also 

been dedicated to processing this data set. 

 

 

Figure 3.1 Location of Kiruna and Heby in Sweden. 
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CSAMT data was acquired in the same manner in Kiruna (2014/2016) and in Heby (2019). The source 

consisted of two orthogonal electric dipoles, each about 200 m long, oriented in an L-shape (Fig. 3.2). 

One dipole was oriented approximately north-south (Polarization X or 1) and the other dipole 

approximately east-west (Polarization Y or 2). At the outer ends of both dipoles, galvanized metallic 

door steps were used as electrodes. A common center electrode, also consisting of a door step, was 

placed in the middle where the two dipoles met. All electrodes were placed in moist areas, close to 

bodies of water to make sure they had a good electrical coupling to the ground. Electric cables 

connected the electrodes to the transmitter, which was placed near the center electrode.  

 

Figure 3.2 Sketch of the setup of source (transmitter) and receiver (modified from Smirnov et al., 2008 and 

Dossow, 2018) 

 

Connected to the transmitter were a generator and a frequency synthesizer, which was phase-locked to 

a GPS clock to assure a stable signal. The current signal was a square wave, which can be expressed as 

a Fourier series consisting of one sinusoid at a base frequency and an infinite number of odd 

harmonics with decaying amplitude. The source was first excited along the X-dipole (polarization 1), 

one base frequency at a time for each base frequency selected. Then the polarization was switched and 

the same frequencies were transmitted again along the Y-dipole (polarization 2). 

At the receiver stations (Fig. 3.2), two orthogonal electric dipoles were used to measure the electric 

field. One dipole was oriented north-south (x-direction) and the other east-west (y-direction). They 

were set up by planting a ground electrode in the center of the site and four electrodes at 25-50 m 

distance in each cardinal direction. Non-polarizable electrodes were used, which consisted of tubes 

filled with a mix of lead and lead chloride (Pb/PbCl2) (Smirnov, 2008). To improve electrical 

coupling, the electrodes were buried in a mixture of cat sand (bentonite) and water, just beneath the 

surface.  

To measure the magnetic field, two horizontal induction coils were buried just beneath the surface, 

one directed north-south (x-direction) and the other east-west (y-direction). At most stations, a vertical 



12 

 

coil (z-direction) was also installed and buried approximately half-way into the ground. By burying the 

coils and electrodes, large temperature variations are avoided. 

All coils and electrodes were connected with cables to a logger box placed in the center of the 

receiver site. The logger box contained the data logger and a 12 V car battery. Connected to the logger 

was also a GPS antenna. Before measurements started, configuration of the recording settings was 

made from a laptop that could be connected to the data logger. 

3.1 Kiruna 

In Kiruna, two frequencies per octave were transmitted in the range 10 Hz - 896 Hz. Each frequency 

was transmitted for one or two minutes and then the next frequency was selected. During each 

transmission, two or three receiver stations were installed and recording data. When all frequencies 

had been transmitted for both polarizations, the receiver equipment was moved to the next stations 

along the profile and then a new transmission started, using the same frequency schedule. The 

sampling rate for the recording of the CSAMT data was 3000 Hz.  

In 2014, measurements were made along profile 2 at stations 1 - 15 (Fig. 3.3). The transmitter was 

then placed ~ 4.5 km northeast of the profile. In 2016, measurements were made at stations 16-22 

along profile 2 and on the entire profile 1 (Fig. 3.3). The transmitter was then located ~ 6.5 km north-

northeast of both profiles (Dossow, 2018). 

 

 

Figure 3.3 The setup of the receivers and transmitters in Kiruna. Stations along profile 2 from 2014 are marked 

in white, while stations from 2016 (both along profile 1 and profile 2) are marked in orange. The transmitters 

from 2014 (white) and 2016 (orange) are also depicted (image from Dossow, 2018). 
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3.2 Heby 

In Heby, CSAMT measurements were conducted for two days. During both days, two frequencies per 

octave were transmitted in the band 1 Hz - 320 Hz. The transmission time was 1 minute for the highest 

frequency and successively increased to 30 minutes for the lowest frequency. This was to make sure 

that sufficiently many periods were transmitted for the lowest frequencies. The data was collected with 

a sampling rate of 1000 Hz. 

Measurements were made at the same stations on both days (Fig. 3.4), but in the rest of the text, 

day 1 will be referred to as profile 1 and day 2 as profile 2. The distance to the transmitter was ~ 1.5 

km for station 1, ~ 3.7 km for station 2 and ~ 4.5 km for station 3. Due to problems with data 

recording, there is only data from station 1 for the first day. The second day, data was successfully 

recorded at all stations. 

 

 

Figure 3.4 The setup of the receivers and transmitter in Heby. The positions of station 1 (C01), station 2 (C02) 

and station 3 (C03) are marked as well as the north transmitter electrode (Tx-N), the center transmitter electrode 

(Tx-C) and the east transmitter electrode (Tx-E).  

 

3.2.1 Skin depth calculation 

A previous study in the Heby area (Ismail et al., 2011) found that resistive bedrock (𝜌 ≈ 5000 Ωm) 

was covered by a 20 - 40 m thick layer of conductive clay and sand/gravel (𝜌 ≈ 70 Ωm). Using this as 

a reference, plane-wave skin depths were calculated for the planned frequencies. The estimated skin 

depths as well as the corresponding distances to the near-field, far-field and transition zone are 

summarized in Table 3.1.  

According to Table 3.1, all stations should be in the far field for transmitter frequencies of 1000 

Hz. At 100 Hz, station 2 and station 3 are still in the far-field zone while station 1 is in the transition 

zone or near field. For frequencies 0.1 - 10 Hz, all stations are in the near-field zone. 
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Table 3.1 Estimated plane-wave skin depths and distances to the near-field, far-field and transition zone in the 

Heby area. 

Frequency, f 

(Hz) 

Resistivity, ρ 

(Ωm) 

Skin depth, δ 

(km) 

Near field, r 

(km) 

Transition zone, r 

(km) 

Far field, r 

(km) 

0.1 5000 100 < 100 100 > 100 

1 5000 35 < 35 35 > 35 

10 1000 – 5000 5 – 11 < 5 5 – 11 > 11 

100 1000 – 5000 1.5 – 3.5 < 1.5 1.5 – 3.5 > 3.5 

1000 70 – 1000 0.1 – 0.5 < 0.1 0.1 – 0.5 > 0.5 

 

4 Time series processing 

For each transmitted frequency and polarization, data is recorded in the form of time series of the five 

different components of the electric and magnetic field; ex, ey, hx, hy and hz. Since the data often 

contains significant amounts of noise (Pankratov & Geraskin, 2010; Zonge & Hughes, 2010), filtering 

is an important part of the processing. This section describes the filtering and other operations that 

were done on the time series before they could be used in the estimation of transfer functions. 

4.1 Spectral leakage and windowing 

In processing discrete time series of finite length, an important concept to be aware of is spectral 

leakage, which can occur in the Fourier transformed data. The spectral resolution ∆𝑓 is defined as the 

smallest frequency that can be resolved in a discrete Fourier transform and is equal to 1/T, with T 

being the length of the time series. If ∆𝑓 is large (i.e. if T is small) there is a risk that the energy from a 

signal at a certain frequency will spread out over a band of neighboring frequencies in the spectrum 

(Sundarajan, 2018). For example if the spectral resolution is 1 Hz, energy from railway noise at 16 ⅔ 

Hz may be distributed over 16 Hz and 17 Hz as well as a few additional neighboring frequencies. 

Spectral leakage can also occur due to the fact that the measured time series is not periodic and 

may start and stop at different values (Sundarajan, 2018). Since the discrete Fourier transform assumes 

a periodic signal, the time series should be set to zero at the ends. A simple way of doing this is by 

multiplying the time series with a rectangular window (Fig. 4.1a). However, this multiplication in time 

domain corresponds to a convolution with a sinc function in the frequency domain. The sinc function 

has relatively large-amplitude side lobes compared to the main lobe, so this will cause a significant 

part of the energy at distinct frequencies to leak into neighboring frequencies (Oppenheim & Schafer, 

2010). 
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To reduce the spectral leakage, instead a type of cosine bell called a Hann window (Fig. 4.1b) is 

used to taper the ends to zero. At the left end, values in the time series, denoted {𝑑𝑗}𝑗=0
𝑁

, are multiplied 

by  

 
𝐻𝑗 =

1

2
(1 − cos (

𝜋𝑗

𝑛𝑡
)) (4.1) 

 

for 0 ≤ 𝑗 ≤ 𝑛𝑡, with 𝑛𝑡 being the number of samples in the tapering window. A corresponding taper is 

also applied to the right end. The Hann window has a spectrum similar to a sinc-function but the tails 

decay faster and thus narrows the band over which energy is spread out (Oppenheim & Schafer, 2010). 

 

 

Figure 4.1 Comparison between a rectangular window (a) and a Hann window (b) together with their 

corresponding Fourier transforms (modified from Niemitalo, 2013 and Bob K et al., 2013). 

 

4.2 Filtering 

There are many types of noise that can complicate the interpretation of CSAMT data. The perhaps 

most prominent type is the harmonic noise from the railway network and power grid, which in Sweden 

operate at 16 ⅔ Hz and 50 Hz respectively. Both these sources also contribute with noise at multiples 

of their base frequency. Other noise types include long period trends from variations in the Earth’s 

magnetic field or instrumental drift (Vozoff, 1991; Zonge & Hughes, 1991) and transients, such as 

spikes from thunderstorms (Pankratov & Geraskin, 2010; Zonge & Hughes, 1991). Load changes in 
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the railway network and power grid can also give rise to temporally varying noise, such as spikes and 

voltage fluctuations. 

 The harmonic railway and power line noise (including multiples) are removed with notch filters in 

frequency domain. To transform the time series into the frequency domain, it is first tapered (as 

described in Ch. 4.1) and then Matlab’s FFT function (Fast Fourier Transform) is used. To remove a 

certain noise frequency f0, the Fourier transformed data is multiplied by  

 

 
1 − e

−(
𝑓𝑘−𝑓0
𝑤∙𝑓0

)
2

 
 

(4.2) 

 

for each frequency fk in the spectrum. The filter width w is a bit wider for the base frequencies than for 

their multiples. To remove long period noise, a Butterworth high pass filter is applied with a cut off 

frequency at 80 % of the base frequency of the transmitter. Both the high pass filter and the notch filter 

were already implemented in the original code by Kamm, Juhojuntti, Kalscheuer and Dossow (2018). 

4.3 Removal of outliers 

To remove spikes in the time series, we implemented a method based on comparing long-term and 

short-term averages (Bastani, 2001). For each data sample 𝑑𝑘 in the time series  {𝑑𝑗}𝑗=0
𝑁

, the average 

power is computed in a short window according to 

 

 

𝑆𝑘 =
1

2𝑠 + 1
∑ 𝑑𝑗

2

𝑘+𝑠

𝑗=𝑘−𝑠

 (4.3) 

 

and similarly in a long window 

 

 

𝐿𝑘 =
1

2𝑙 + 1
∑ 𝑑𝑗

2

𝑘+𝑙

𝑗=𝑘−𝑙

, (4.4) 

 

where 2𝑠 + 1 is the sample length of the short window and 2𝑙 + 1 is the sample length of the long 

window. This is done in Matlab with the built-in function movmean (MathWorks, 2019a). The ratio 

𝑅𝑘 = 𝑆𝑘/𝐿𝑘  is then used to find the location of outliers or spikes in the time series. A large value of 

𝑅𝑘 indicates that 𝑑𝑘 is likely an outlier. Before the ratio is calculated, the mean has to be subtracted 

from the time series so that both upward and downward spikes are detected.  

The length of the long window has to be long enough that the average value is stable, but not too 

long since the average amplitude of the time series may vary significantly. An example of this 

variation is shown in Fig. 4.2, where the hy component recorded at a station in Kiruna is plotted. The 
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average amplitude in the beginning of the time series is much larger than after 60 s. Spikes between 60 

s and 80 s can only be found if they are compared to a local average, since the spike amplitude is 

smaller than that of the background signal before 60 s. The background signal is mainly made up of 16 

⅔ Hz and 50 Hz noise from the railway and power grid.  

 
Figure 4.2 The hy component recorded for transmitter frequency 28 Hz at station 1, profile 1 in Kiruna. The 

average amplitude changes significantly after 60 s and outliers located between 60-80 s are smaller than the 

background signal at t < 60 s. The zoomed image shows the background signal comprised by 16 ⅔ Hz and 50 Hz 

industrial noise. The time series is plotted in dimensionless units (d.u.) before calibration factors were applied 

(see Ch. 4.4). 

 

When the Rj have been calculated for all data points dj, a threshold must be decided for when Rj is 

large enough for dj to be considered an outlier. To do this, the series {𝑅𝑗}𝑗=0
𝑛

 is divided into a number 

of equally long windows. In each window a first selection is made, where all Rj larger than the mean 

𝜇1 are kept as possible outliers. Out of this remaining data, a new mean 𝜇2 is calculated and then all  

𝑅𝑗 > 𝑐 ∙ 𝜇2 , where c is a constant, are defined as outliers. 

 For each transmitter frequency and polarization, this method is used on each individual component 

(i.e. ex, ey, hx, hy, and hz). When an outlier is found at time 𝑡𝑘 on one component, the data is tapered to 

zero at time 𝑡𝑘 on all components. Here it is crucial that the mean has been subtracted from the time 

series so that each time series is centered around zero. Otherwise, the tapering to zero may create large 

artificial spikes in the time series. To suppress Gibbs phenomena (Bastani, 2001), tapering is done by 

multiplying the time series with an inverted cosine bell (Fig. 4.3). If 𝑑𝑘 is an outlier, every data sample 

dj is multiplied by 

 

 

ℎ𝑗 = {

1

2
 (1 − cos (

𝜋(𝑗 − 𝑘)

𝑛
)  )

 
1,                                            

,

              
 
 

1

2
 𝑘 − 𝑛 ≤ 𝑗 ≤ 𝑘 + 𝑛

 
otherwise           

 (4.5) 

 

where 2𝑛 + 1  is the sample length of the tapering window.  
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Figure 4.3 Tapering window used to remove an outlier at time 𝑡𝑘. 

 

4.4 Segmenting and Fourier transform 

For each transmitter frequency 𝑓 and polarization, the recorded time series are divided into a number 

of equally long segments. Each segment is then correlated with the harmonic of the transmitter 

frequency 𝑒2𝜋𝑖𝑓𝑡  to find the corresponding Fourier coefficient. If the segmented time series is 

represented by {𝑑𝑗}𝑗=0
𝑛

, where dj = d(tj) is the value at time tj, the complex Fourier coefficient is given 

by 

 

 
𝐷(𝑓) =∑𝑑𝑗

𝑛

𝑗=0

𝑒−𝑖2𝜋𝑓𝑡𝑗 . (4.6) 

 

Since we know that the source signal is at this particular frequency, Fourier coefficients corresponding 

to other frequencies are not calculated.  

To figure out how long the segments should be, we first need to know what frequency resolution is 

required. If the length of each segment is 𝑇𝑠, the frequency resolution is ∆𝑓 = 1/𝑇𝑠. The transmitter 

frequencies are in most cases at integer values (𝑓 = 10 Hz, 14 Hz, 20 Hz, etc.) and so is the noise from 

power lines (𝑓𝑝 = 50 Hz), while the frequency of the railway network is 𝑓𝑟 = 16 ⅔ Hz. To be able to 

resolve both noise and transmitter frequencies, the minimum resolution was changed from ∆𝑓𝑚𝑖𝑛 =

1 Hz (in the original code) to ∆𝑓𝑚𝑖𝑛 = ⅓ Hz. This means that the segments have to be at least as long 

as 1/∆𝑓𝑚𝑖𝑛  = 3 s. In Kiruna, the sampling rate was 𝑓𝑠 = 3000 Hz (or ∆𝑡 = 1/𝑓𝑠 ≈ 0.33 ms) and thus 

the minimum number of samples in each segment has to be 

 

 
𝑛 =

𝑇𝑠
∆𝑡
= 𝑇𝑠 ∙ 𝑓𝑠 = 3 s ∙ 3000 Hz = 9000. (4.7) 
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To avoid spectral leakage, each segment should contain an integer number of cycles of both the 

current transmitter frequency 𝑓 and noise signals 𝑓𝑟 and 𝑓𝑝. This is done with a loop in Matlab that 

adds data samples to a segment until 

 

  ∆𝑡 ∙ 𝑛 = 𝑇 ∙ 𝑚 = 𝑇𝑟 ∙ 𝑚𝑟 = 𝑇𝑝 ∙ 𝑚𝑝, (4.8) 

 

where n is the number of samples, 𝑇 = 1/𝑓, 𝑇𝑟 = 1/𝑓𝑟 and 𝑇𝑝 = 1/𝑓𝑝 are the signal periods and 𝑚, 

𝑚𝑟 and 𝑚𝑝 are integers. If the frequency resolution ∆𝑓 = 1/𝑇𝑠 = 1/(∆𝑡 ∙ 𝑛) is too large after this, the 

number of samples are doubled until ∆𝑓 ≤ ∆𝑓𝑚𝑖𝑛. In the original code, this was only done for the 

transmitter frequency and the power line frequency.  

In the data from Kiruna, the time series consist of 360 000 samples over a period of 2 min = 120 s. 

Each time series are divided into 25 or 40 segments (depending on the transmitter frequency), where 

each segment contains 9000 samples (3.0 s) or 14 400 samples (4.8 s). Thus for each field component, 

there are 25 or 40 Fourier coefficients that can be used in the estimation of the transfer functions. 

4.5 System responses 

Both electric and magnetic fields are measured through voltages from the electric dipoles and 

induction coils. To get the corresponding fields in the correct units, calibration factors need to be 

applied to the data. The calibration factors are multiplied with the filtered Fourier transformed data 

and affect both amplitude and phase. The time series presented in this thesis are shown before 

calibration factors have been applied and thus all electromagnetic field components are shown in 

dimensionless units (d.u.). 

5 Estimation of transfer functions 

5.1 Inversion and least squares 

An inverse problem refers to the situation where a set of measured data is given and we want to find a 

model that can explain the data. This is in contrast to a forward problem, where the model is given and 

we use this to predict the response (i.e. data) that it would give rise to. In a linear inversion problem, 

the goal is to find the model m in the system of equations  

 

 𝐝 = 𝐆𝐦, (5.1) 

 

where 𝒅 =  (𝑑1, … , 𝑑𝑁)
T is a vector with N measured data points, 𝒎 =  (𝑚1, . . . , 𝑚𝑝)

T is a vector 

with p model parameters and G is a 𝑁 × 𝑝 matrix known as the data kernel.  
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If N = p and all rows of G are linearly independent, the problem is even-determined. The exact 

solution is then given by m = G⁻¹d. However, this will generally not give a reliable result since real 

data always contain noise. Instead what is done is that many measurements are made so that 𝑁 > 𝑝, to 

make the system overdetermined. This gives an estimated model that is based on an average of the 

data, which will reduce the influence of noise (Sims, Bostick & Smith, 1971).  

One method to solve the overdetermined problem is by the ordinary least squares (OLS) method.  

Then an estimate is sought that minimizes the sum of the square errors between the observed (𝑑𝑖) and 

predicted (�̂�𝑖) data 

 

 

Φ =∑|𝑑𝑖 − �̂�𝑖|
2

𝑁

𝑖=1

=∑|𝑑𝑖 − (𝐆𝐦)𝑖|
2

𝑁

𝑖=1

= (𝐝 − 𝐆𝐦)H(𝐝 − 𝐆𝐦) . (5.2) 

 

Here, Φ is called the objective function or cost function and the error 𝑑𝑖 − �̂�𝑖 is called the residual 𝑟𝑖. 

Since we have complex data, the conjugate transpose denoted by H is used to make sure Φ is a real, 

positive number. The solution is obtained by differentiating Φ with respect to the model parameters 

and setting the derivatives to zero. This gives 

 

 𝐆H𝐆𝐦 = 𝐆H𝐝     
 
⇒    �̂� = (𝐆H𝐆)

−1
𝐆H𝐝 , (5.3) 

 

where �̂� is the OLS estimate of the model (Menke, 2012).  

The OLS solution is not a unique solution, but only one estimate of m. It is possible to use other 

cost functions which by minimizing give different estimates. In general, an estimate can be written as 

�̂� = 𝐆−𝐠𝐝, where G⁻g is the generalized inverse. For OLS, 𝐆−𝐠 = (𝐆H𝐆)−1𝐆H, but we will see other 

examples of generalized inverses in the following sections. 

5.1.1 Error propagation 

To calculate the error in the estimated model, we assume that the data is uncorrelated and have equal 

variance 𝜎𝑑
2  (Menke, 1989). We furthermore assume that the noise is random so that real and 

imaginary parts are uncorrelated and have equal variance 𝜎𝑟𝑒
2 = 𝜎𝑖𝑚

2 =
1

2
𝜎𝑑
2 (Pedersen, 2011; Menke, 

2012). If model parameters have been estimated by �̂� = 𝐆−𝐠𝐝, the covariance matrix is given by  

 

 cov(�̂�) = cov(𝐆−𝐠𝐝) = 𝐆−𝐠cov(𝐝)(𝐆−𝐠)H 

                 = 𝐆−𝐠𝜎𝑑
2𝐈(𝐆−𝐠)H = 𝜎𝑑

2𝐆−𝐠(𝐆−𝐠)H. 
(5.4) 
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The covariance matrix of complex quantities should be Hermitian, meaning that cov(�̂�)H = cov(�̂�), 

which is ensured by using the conjugate transpose (Menke, 2012). For OLS estimates, the covariance 

matrix becomes 

 

 
cov(�̂�) = 𝜎𝑑

2(𝐆H𝐆)
−1
𝐆H ((𝐆H𝐆)

−1
𝐆H)

H
= 𝜎𝑑

2(𝐆H𝐆)
−1
𝐆H𝐆(𝐆H𝐆)

−1
 

= 𝜎𝑑
2(𝐆H𝐆)−1 .                                                                              

(5.5) 

 

The data variance 𝜎𝑑
2 can be approximated by 

 

 

𝜎𝑑
2 ≈

1

𝑁 − 𝑝
∑|𝑟𝑖|

2

𝑁

𝑖=1

=
1

𝑁 − 𝑝
∑ |𝑑𝑖 − �̂�𝑖|

2
𝑁

𝑖=1

=
1

𝑁 − 𝑝
∑|𝑑𝑖 − (𝐆�̂�)𝑖|

2

𝑁

𝑖=1

. (5.6) 

 

5.1.2 Leverage values 

From the OLS estimate �̂�, we can find an expression that relates the observed and predicted data 

 

 

�̂� = 𝐆�̂� = 𝐆(𝐆H𝐆)
−1
𝐆H𝐝         

 
⇒        �̂� = 𝐇𝐝   

 
⇔  �̂�i =∑ℎ𝑖𝑘𝑑𝑘

𝑁

𝑘=1

.              (5.7) 

 

Here 𝐇 = 𝐆(𝐆H𝐆)
−1
𝐆H  is the data resolution matrix or also called the hat matrix (because it puts the 

hat on d). The hat matrix shows how the predicted data is influenced by each observed data point 

(Huber, 1981). The diagonals of the hat matrix ℎ𝑖𝑖 ≡ ℎ𝑖  are called data importances. If ℎ𝑖 = 1 and 

ℎ𝑖𝑘 = 0 (for 𝑘 ≠ 𝑖), it means that the i:th datum is perfectly fitted; i.e. �̂�𝑖 = 𝑑𝑖. If ℎ𝑖 < 1 and some ℎ𝑖𝑘 

are non-zero, the predicted datum is influenced by more than one observed data point. We can write 

the i:th residual as 

 

 

𝑟𝑖 = 𝑑𝑖 − �̂�𝑖 = 𝑑𝑖 −∑ℎ𝑖𝑘𝑑𝑘

𝑁

𝑘=1

= 𝑑𝑖(1 − ℎ𝑖)  −∑ℎ𝑖𝑘𝑑𝑘

𝑁

𝑘≠𝑖

. (5.8) 

 

We see that if ℎ𝑖 ≈ 1, errors in 𝑑𝑖 will not appear in the i:th residual (but might very well affect other 

prediction errors). A data point with a large ℎ𝑖-value is called a leverage point, since it may almost 

alone determine the value of the corresponding predicted data point (Huber, 1981; Everitt & Skrondal, 

2010). 
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5.2 Single station estimates 

In this project, the inverse problem consists of estimating transfer functions from the different 

components of the electromagnetic field. For every transmitter frequency 𝑓, the Fourier coefficients 

from the segments are stored in a vector. The first half of the vector contains the coefficients from 

source polarization 1 (X) and the other half from polarization 2 (Y). This can be written as 

 

 

𝐞𝑥 =

(

 
 
 
 

𝐸𝑥,1
1

⋮
𝐸𝑥,𝑁1

1

𝐸𝑥,1
2

⋮
𝐸𝑥,𝑁2

2
)

 
 
 
 

 𝐞𝐲 =

(

 
 
 
 

𝐸𝑦,1
1

⋮
𝐸𝑦,𝑁1

1

𝐸𝑦,1
2

⋮
𝐸𝑦,𝑁2

2
)

 
 
 
 

  𝐡𝑥 =

(

 
 
 
 

𝐻𝑥,1
1

⋮
𝐻𝑥,𝑁1

1

𝐻𝑥,1
2

⋮
𝐻𝑥,𝑁2

2
)

 
 
 
 

   𝐡𝐲 =

(

 
 
 
 

𝐻𝑦,1
1

⋮
𝐻𝑦,𝑁1

1

𝐻𝑦,1
2

⋮
𝐻𝑦,𝑁2

2
)

 
 
 
 

   𝐡𝐳 =

(

 
 
 
 

𝐻𝑧,1
1

⋮
𝐻𝑧𝑁1

1

𝐻𝑧,1
2

⋮
𝐻𝑧,𝑁2

2
)

 
 
 
 

   (5.9) 

 

where N = N1 + N2 is the total number of elements in each vector. Furthermore, it is convenient to 

define the matrices and vectors 

 

 
𝐄 = (

𝐞𝑥
T

𝐞𝑦
T)   𝐇 = (

𝐡𝑥
T

𝐡𝑦
T)   𝐇z = (𝐡𝐳

T)    𝐳𝑥 = (
𝑍𝑥𝑥
𝑍𝑥𝑦
)   𝐳𝑦 = (

𝑍𝑦𝑥
𝑍𝑦𝑦

)    𝐭 = (
𝑇𝑥
𝑇𝑦
) (5.10) 

 

where superscript T denotes the transpose. Each data point should obey the tensor equations for the 

magnetotelluric transfer functions (eqs. (2.24) and (2.25)). Thus the following systems are to be solved 

 

 
 𝐞𝑥
T = (𝑍𝑥𝑥   𝑍𝑥𝑦)(

𝐡𝑥
T

𝐡𝑦
T)   

 
⇔   𝐞𝑥 = (𝐡𝑥  𝐡𝑦) (

𝑍𝑥𝑥
𝑍𝑥𝑦
) = 𝐇T𝐳𝑥 (5.11) 

 
𝐞𝑦
T = (𝑍𝑥𝑦 𝑍𝑦𝑦) (

𝐡𝑥
T

𝐡𝑦
T)   

 
⇔   𝐞𝑦 = (𝐡𝑥  𝐡𝑦) (

𝑍𝑥𝑦
𝑍𝑦𝑦

) = 𝐇T𝐳𝑦 (5.12) 

 
𝐡𝐳
T = (𝑇𝑥 𝑇𝑦) (

𝐡𝑥
T

𝐡𝑦
T)   

 
⇔   𝐡𝑧 = (𝐡𝑥  𝐡𝑦) (

𝑇𝑥
𝑇𝑦
) = 𝐇T𝐭 (5.13) 

 

Comparing this with the general formulation in eq. (5.1) we see that 𝐞𝑥, 𝐞𝑦 and 𝐡𝑧 can be identified as 

the data, while 𝐇T represents the kernel and 𝐳𝑥, 𝐳𝑦 and 𝐭 are the model vectors. The OLS solution to 

this problem is  

 

 
 𝐳𝑥 = ((𝐇

T)
H
𝐇T)

−1

(𝐇T)
H
𝐞𝑥  (5.14) 

 
𝐳𝑦 = ((𝐇

T)
H
𝐇T)

−1

(𝐇T)
H
𝐞𝑦 (5.15) 

 
  𝐭 = ((𝐇T)

H
𝐇T)

−1

(𝐇T)
H
𝐡𝑧 (5.16) 
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Covariance matrices for the estimates 𝐳𝑥, 𝐳𝑦 and 𝐭 can be computed from eqs. (5.5) and (5.6) using 

𝐆 = 𝐇T. The standard deviation of the apparent resistivity can then be approximated as  

 

 
𝜎𝜌𝑎𝑖𝑗 = |

𝜕𝜌𝑎
𝑖𝑗

𝜕𝑍𝑖𝑗
| 𝜎𝑍𝑖𝑗 = |

𝜕

𝜕𝑍𝑖𝑗
(
1

𝜔𝜇
|𝑍𝑖𝑗|

2
)| 𝜎𝑍𝑖𝑗 =

2|𝑍𝑖𝑗|

𝜔𝜇
𝜎𝑍𝑖𝑗 . (5.17) 

 

By writing the impedance in polar form  𝑍𝑖𝑗 = 𝑟𝑒
𝑖𝜙𝑖𝑗 , where 𝑟 = |𝑍𝑖𝑗|, the phase can be expressed as 

𝜙𝑖𝑗 = −𝑖ln(𝑍𝑖𝑗) + 𝑖ln(𝑟). Thus, the standard deviation of the phase can be estimated as 

 

 
𝜎𝜙𝑖𝑗 = |

𝜕𝜙𝑖𝑗

𝜕𝑍𝑖𝑗
| 𝜎𝑍𝑖𝑗 =

1

|𝑍𝑖𝑗|
𝜎𝑍𝑖𝑗 . (5.18) 

 

Transposing eqs. (5.14) - (5.16) makes it possible to rewrite them as one equation for the 

impedance tensor and one equation for the tipper 

 

 
(
𝐳𝑥
T

𝐳𝑦
T ) = (

𝐞𝑥
T

𝐞𝑦
T)𝐇

H(𝐇𝐇H)
−1
   

 
⇔    (

𝑍𝑥𝑥 𝑍𝑥𝑦
𝑍𝑦𝑥 𝑍𝑦𝑦

) = 𝐙 = 𝐄𝐇H(𝐇𝐇H)
−1

 (5.19) 

 (𝐭T) = (𝐡𝐳
T) 𝐇H(𝐇𝐇H)

−1
     

 
⇔      (𝑇𝑥 𝑇𝑦) = 𝐓 = 𝐇z𝐇

H(𝐇𝐇H)
−1

 (5.20) 

 

which gives a more convenient way of calculating the transfer functions in Matlab. The OLS estimates 

of the transfer functions were computed in the original code and they are also referred to as single 

station (SS) estimates (as opposed to the remote reference estimates in Ch. 5.3, which use additional 

information from a remote station). 

5.3 Remote reference estimates 

In order to find the magnetotelluric transfer functions an equation of the following form must be 

solved 

 

 𝐹𝑖 = 𝑎𝐻𝑥,𝑖 + 𝑏𝐻𝑦,𝑖, (5.21) 

 

where we either have (i) 𝐹𝑖 = 𝐸𝑥,𝑖, 𝑎 = 𝑍𝑥𝑥 , 𝑏 = 𝑍𝑥𝑦, (ii)  𝐹𝑖 = 𝐸𝑦,𝑖 , 𝑎 = 𝑍𝑦𝑥 , 𝑏 = 𝑍𝑦𝑦 or (iii)  𝐹𝑖 =

𝐻𝑧,𝑖, 𝑎 = 𝑇𝑥 , 𝑏 = 𝑇𝑦 . If the crosspower of two field components 𝐴𝑖  and 𝐵𝑖  is denoted by  𝐴𝐵∗̅̅ ̅̅ ̅ =

1

𝑁
∑ 𝐴𝑖𝐵𝑖

∗𝑁
𝑖=1 , where the asterisk stands for the complex conjugate, the OLS solution to eq. (5.21) can 

also be written as  
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 𝑎 = (𝐹𝐻𝑥
∗̅̅ ̅̅ ̅̅ ̅ 𝐻𝑦𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ ̅ − 𝐹𝐻𝑦
∗̅̅ ̅̅ ̅̅ ̅ 𝐻𝑦𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ )/𝐷  (5.22) 

 𝑏 = (𝐹𝐻𝑦
∗̅̅ ̅̅ ̅̅ ̅ 𝐻𝑥𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐹𝐻𝑥
∗̅̅ ̅̅ ̅̅ ̅ 𝐻𝑥𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ )/𝐷 (5.23) 

 

where 𝐷 = 𝐻𝑥𝐻𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ ̅ − 𝐻𝑥𝐻𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅   (Goubau et al., 1987; Vozoff, 1991). If there is no noise in 

the input channels Hx and Hy, these are unbiased estimates of a and b. This means that the estimates 

approach their true values if the number of measurements goes to infinity (Pedersen, 2011).  However, 

if Hx and Hy are noisy the estimates will be biased (Goubau et al. 1987; Vozoff, 1991). Defining Hx = 

Hx⁰ + Nx and Hy = Hy⁰ + Ny, where Hx⁰ and Hy⁰ are the signals while Nx and Ny are the noise, gives 

 

 
𝐻𝑥𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ = (𝐻𝑥
0 +𝑁𝑥)

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ (𝐻𝑦
0∗ +𝑁𝑦

∗)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ = 𝐻𝑥
0𝐻𝑦

0∗̅̅ ̅̅ ̅̅ ̅̅ ̅ + 𝐻𝑥
0𝑁𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ ̅ + 𝑁𝑥𝐻𝑦
0∗̅̅ ̅̅ ̅̅ ̅̅ + 𝑁𝑥𝑁𝑦

∗̅̅ ̅̅ ̅̅ ̅̅  

= 𝐻𝑥
0𝐻𝑦

0∗̅̅ ̅̅ ̅̅ ̅̅ ̅                                                                                           

(5.24) 

 

 𝐻𝑥𝐻𝑥
∗̅̅ ̅̅ ̅̅ ̅̅ = (𝐻𝑥

0 +𝑁𝑥)
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ (𝐻𝑥

0∗ +𝑁𝑥
∗)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ = 𝐻𝑥

0𝐻𝑥
0∗̅̅ ̅̅ ̅̅ ̅̅ ̅ + 𝐻𝑥

0𝑁𝑥
∗̅̅ ̅̅ ̅̅ ̅̅ + 𝑁𝑥𝐻𝑥

0∗̅̅ ̅̅ ̅̅ ̅̅ + 𝑁𝑥𝑁𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  

= 𝐻𝑥
0𝐻𝑥

0∗̅̅ ̅̅ ̅̅ ̅̅ ̅ + 𝑁𝑥𝑁𝑥
∗̅̅ ̅̅ ̅̅ ̅̅                                                                           

(5.25) 

 

assuming there is no correlation between signals and noise or between different noise channels. The 

crosspower term 𝐻𝑥𝐻𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  is unbiased, but the autopower 𝐻𝑥𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅  will always be larger than the noise free 

autopower 𝐻𝑥
0𝐻𝑥

0∗̅̅ ̅̅ ̅̅ ̅̅ ̅. This is true also for the autopower of Hy, and as a result, a and b in eqs. (5.22) and 

(5.23) will contain bias errors (Vozoff, 1991).  

One way to overcome this problem is based on using a remote reference (RR) station where the 

horizontal magnetic field (𝐻𝑥𝑟, 𝐻𝑦𝑟) is measured (Goubau et al., 1987; Gamble et al., 1979). The 

remote station needs to be at a sufficient distance away from the local station so that the noise in the 

two are uncorrelated, but not too far away because the source field must still be coherent (Goubau et 

al., 1978; Gamble et al., 1979). Following Pedersen (2011), the first step is to estimate a transfer 

function Td, between the local (𝐇) and remote (𝐇𝐫) horizontal magnetic fields 

 

 
(
𝐡𝑥
T

𝐡𝑦
T) = (

𝑇1 𝑇2
𝑇3 𝑇4

)(
𝐡𝑟𝑥

T

𝐡𝑟𝑦
T)   

 
⇔    𝐇 = 𝐓𝐝𝐇𝐫. (5.26) 

 

With the OLS method, the estimate is computed by 

 

  𝐓𝐝 = 𝐇𝐇𝐫
H(𝐇𝐫𝐇𝐫

H)
−1
. (5.27) 

 

Then we have 
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  𝐄 = 𝐙𝐇 = 𝐙𝐓𝐝𝐇𝐫 = 𝐙′𝐇𝐫, (5.28) 

 

where 𝐙′ ≡ 𝐙𝐓𝐝  is also found by OLS 

 

  𝐙′ = 𝐄𝐇𝐫
H(𝐇𝐫𝐇𝐫

H)
−1
. (5.29) 

 

Now the impedance tensor can be calculated by 𝐙 = 𝐙′𝐓𝐝
−𝟏. Similar to a and b in eqs. (5.22) and 

(5.23), the OLS estimates of 𝐙′ and Td will be downward biased due to autopowers of 𝐻𝑥𝑟 and 𝐻𝑦𝑟. 

However when these are combined to calculate 𝐙, the two bias errors will cancel out. This can be seen 

by plugging in the expressions for 𝐙′ and Td in the impedance tensor 

 

 
𝐙 = 𝐙′𝐓𝐝

−1 =  𝐄𝐇𝐫
H(𝐇𝐫𝐇𝐫

H)
−1
(𝐇𝐇𝐫

H(𝐇𝐫𝐇𝐫
H)
−1
)
−1
                   

                                         =  𝐄𝐇𝐫
H(𝐇𝐫𝐇𝐫

H)
−1
(𝐇𝐫𝐇𝐫

H)(𝐇𝐇𝐫
H) −1 = 𝐄𝐇𝐫

H(𝐇𝐇𝐫
H) −1.        

(5.30) 

 

The last expression does not contain any autopower terms, only crosspowers, and thus it is free from 

bias (Pedersen, 2011). Eq. (5.30) is also the easiest way of computing the RR impedance in Matlab. 

The tipper can analogously be calculated with a remote reference from 

 

  𝐓 = 𝐓′𝐓𝐝
−1, (5.31) 

 

where  𝐓′ = 𝐇z𝐇𝐫
H(𝐇𝐫𝐇𝐫

H)
−1

. 

 In this project, the remote reference field has not been measured, but instead a synthetic field is 

used that simulates synchronous detection of the known transmitter signal. The synthetic field consists 

of a cosine with the same base frequency and polarization direction as the transmitter. For each 

segment the Fourier coefficient of the reference field is calculated according to eq. (4.6). This gives 

 

 𝐡𝑟𝑥 = 𝑐(1  1 …  1  0  0 …  0)
T 

𝐡𝑟𝑦 = 𝑐(0  0 …  0  1  1 …  1)
T, 

(5.32) 

 

where 𝑐 = ∑ cos 2(2𝜋𝑓𝑡𝑗)
𝑛
𝑗=0  and f is the transmitter frequency. Just as the vectors in eq. (5.9), the first 

half of 𝐡𝑟𝑥 and 𝐡𝑟𝑦 corresponds to polarization 1, while the second half corresponds to polarization 2. 

Thus 𝐡𝑟𝑥  represents a sinusoidal field in the first polarization direction, while 𝐡𝑟𝑦  represents a 

sinusoidal field in the second polarization direction. This method of estimating transfer functions with 

a synthetic remote reference was implemented in the code by Kamm, Juhojuntti, Kalscheuer and 

Dossow (2018).  
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5.3.1 Covariance 

In the original code, a covariance matrix for Z was calculated according to Pedersen’s notes (2011). It 

can be derived by rewriting eq. (5.30) as 

 

  𝐙𝑣𝑒𝑐
′ = �̃�𝐝𝐙𝑣𝑒𝑐 = �̃�𝐓𝐝,𝑣𝑒𝑐 .  (5.33) 

 

where the subscript 𝑣𝑒𝑐 refers to the vectors  𝐙𝑣𝑒𝑐
′ = (𝑍11

′ , 𝑍12
′ , 𝑍21

′ , 𝑍22
′ )T, 𝐙𝑣𝑒𝑐 = (𝑍𝑥𝑥 , 𝑍𝑥𝑦 , 𝑍𝑦𝑥 , 𝑍𝑦𝑦)

T
 

and 𝐓𝐝,𝑣𝑒𝑐 = (𝑇𝑑,11, 𝑇𝑑,12, 𝑇𝑑,21,   𝑇𝑑,22)
T
, while variables with a tilde refers to the 4 × 4 matrices 

 

 

 �̃�𝐝 = (

𝑇𝑑,11
𝑇𝑑,12
0
0

   

𝑇𝑑,21
𝑇𝑑,22
0
0

   

0
0
𝑇𝑑,11
𝑇𝑑,12

   

0
0
𝑇𝑑,21
𝑇𝑑,22

)          �̃� =  (

𝑍𝑥𝑥
0
𝑍𝑦𝑥
0

   

0
𝑍𝑥𝑥
0
𝑍𝑦𝑥

   

𝑍𝑥𝑦
0
𝑍𝑦𝑦
0

   

0
𝑍𝑥𝑦
0
𝑍𝑦𝑦

) (5.34) 

 

A linear approximation for the covariance of 𝐙′ is then expressed as 

 

 cov(𝐙𝑣𝑒𝑐
′ ) = �̃�𝐝cov(𝐙𝑣𝑒𝑐)�̃�𝐝

H
+ �̃�cov(𝐓𝐝,𝑣𝑒𝑐)�̃�

H, (5.35) 

 

which can be rearranged to solve for the covariance of Z 

 

 cov(𝐙𝑣𝑒𝑐) = �̃�𝐝
−1
(cov(𝐙𝑣𝑒𝑐

′ ) − �̃�cov(𝐓𝐝,𝑣𝑒𝑐)�̃�
H)( �̃�𝐝

H
)−1. (5.36) 

 

5.4 Estimates with different bias 

By defining modified cost functions, it is possible to arrive at different estimates than the ones from 

OLS or RR. Depending on which cost function is used, bias errors from different components will 

affect the estimates. Sims, Bostick and Smith (1971) derived four equations from various cost 

functions that minimized some least-squares problem similar to eq. (5.2). In each equation a different 

field component is cross correlated with eq. (5.21) as 

 

 𝐹𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅ = 𝑎𝐻𝑥𝐸𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ + 𝑏𝐻𝑦𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  (5.37) 

 𝐹𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅ = 𝑎𝐻𝑥𝐸𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ + 𝑏𝐻𝑦𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  (5.38) 

 𝐹𝐻𝑥
∗̅̅ ̅̅ ̅̅ ̅ = 𝑎𝐻𝑥𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ + 𝑏𝐻𝑦𝐻𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  (5.39) 

 𝐹𝐻𝑦
∗̅̅ ̅̅ ̅̅ ̅ = 𝑎𝐻𝑥𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ + 𝑏𝐻𝑦𝐻𝑦
∗̅̅ ̅̅ ̅̅ ̅̅ ̅ (5.40) 
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Any pair of these equations can be chosen to solve for a and b. Sims et al. (1971) showed that four of 

the combinations were stable and these will be examined in the following sections. The first stable 

combination is eqs. (5.39) and (5.40) and solving these together results in the OLS estimates in eqs. 

(5.22) and (5.23) above. This minimizes the error in E, but as we have seen gives a downward bias by 

errors in H.  

5.4.1 Case I 

Choosing instead to solve eqs. (5.37) and (5.38) gives the following result 

 

 𝑎 = (𝐹𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅ 𝐻𝑦𝐸𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐹𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅ 𝐻𝑦𝐸𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ )/𝐶 (5.41) 

 𝑏 = (𝐹𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅ 𝐻𝑥𝐸𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐹𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅ 𝐻𝑥𝐸𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ )/𝐶 (5.42) 

 

where 𝐶 = 𝐻𝑥𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐸𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐻𝑦𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐸𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ . Assuming as before that there is no correlation between 

different noise channels and signals; both F = Ex and F = Ey will result in a and b being upward biased 

by noise in E. This solution, where all impedance tensor elements are biased upwards by E, will be 

called case I. 

5.4.2 Case II 

By using eqs. (5.37) and (5.39) for F = Ex (a = Zxx , b = Zxy) and eqs. (5.38) and (5.40) for F = Ey (a = 

Zyx , b = Zyy), we also get estimates that are upward biased by E 

 

 𝑍𝑥𝑥 = (𝐸𝑥𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐸𝑥𝐻𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐸𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ )/(𝐻𝑥𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐻𝑦𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ )  (5.43) 

 𝑍𝑥𝑦 = (𝐸𝑥𝐻𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐸𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐸𝑥𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ )/(𝐻𝑥𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐻𝑦𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ )  (5.44) 

 𝑍𝑦𝑥 = (𝐸𝑦𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ ̅ − 𝐸𝑦𝐻𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐸𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ )/(𝐻𝑥𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ ̅ − 𝐻𝑦𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ )  (5.45) 

 𝑍𝑦𝑦 = (𝐸𝑦𝐻𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐸𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐸𝑦𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ )/(𝐻𝑥𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ ̅ − 𝐻𝑦𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ )  (5.46) 

 

The off-diagonals 𝑍𝑥𝑦 and 𝑍𝑦𝑥 are solely biased upwards by E, while the diagonals 𝑍𝑥𝑥 and 𝑍𝑦𝑦 are 

biased upwards by E and downwards by H. This solution for the impedance estimates will be called 

case II.  

5.4.3 Case III 

In case III, eqs. (5.38) and (5.40) are used for F = Ex and eqs. (5.37) and (5.39) for F = Ey. This gives 

the following impedance estimates 

 

 𝑍𝑥𝑥 = (𝐸𝑥𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ ̅ − 𝐸𝑥𝐻𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐸𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ )/(𝐻𝑥𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ ̅ − 𝐻𝑦𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ )  (5.47) 

 𝑍𝑥𝑦 = (𝐸𝑥𝐻𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐸𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐸𝑥𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ )/(𝐻𝑥𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ ̅ − 𝐻𝑦𝐸𝑦
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑦

∗̅̅ ̅̅ ̅̅ ̅̅ ) (5.48) 

 𝑍𝑦𝑥 = (𝐸𝑦𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐸𝑦𝐻𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐸𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ )/(𝐻𝑥𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐻𝑦𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ )  (5.49) 
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 𝑍𝑦𝑦 = (𝐸𝑦𝐻𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐸𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐸𝑦𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ )/(𝐻𝑥𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑦𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ − 𝐻𝑦𝐸𝑥
∗̅̅ ̅̅ ̅̅ ̅̅  𝐻𝑥𝐻𝑥

∗̅̅ ̅̅ ̅̅ ̅̅ )  (5.50) 

 

The off-diagonals Zxy and Zyx are biased downwards by noise in H, while the diagonals Zxx and Zyy will 

be unbiased. 

5.4.4 Implementation 

By calculating the impedance tensor elements of all three cases, the idea is to get an indication of how 

much noise is in the data. This was implemented in Matlab as follows. In matrix form any two of eqs. 

(5.37) - (5.40) can be written as 

 

 𝐟T𝐯1
∗ = 𝑎𝐡𝑥

T𝐯1
∗ + 𝑏𝐡𝑦

T𝐯1
∗ = (𝑎  𝑏) (

𝐡𝑥
T𝐯1
∗

𝐡𝑦
T𝐯1

∗) = (𝑎  𝑏) (
𝐡𝑥
T

𝐡𝑦
T)𝐯1

∗ = (𝑎 𝑏)𝐇𝐯1
∗ (5.51) 

 𝐟T𝐯2
∗ = 𝑎𝐡𝑥

T𝐯2
∗ + 𝑏𝐡𝑦

T𝐯2
∗ = (𝑎  𝑏) (

𝐡𝑥
T𝐯2
∗

𝐡𝑦
T𝐯2

∗) = (𝑎  𝑏) (
𝐡𝑥
T

𝐡𝑦
T)𝐯2

∗ = (𝑎 𝑏)𝐇𝐯2
∗ (5.52) 

 

with f being either ex, ey or hz while v1 and v2 are either ex, ey, hx or hy depending on which case 

applies. Eqs. (5.51) and (5.52) can be expressed in one matrix equation as 

 

 𝐟T(𝐯1
∗  𝐯2

∗) = (𝑎  𝑏)𝐇(𝐯1
∗  𝐯2

∗)    
 
⇔   𝐟T𝐕H = (𝑎  𝑏)𝐇𝐕H                     

                                                 
 
⇔  (𝐕T)

H
𝐟 =  (𝐕T)

H
𝐇T (

𝑎
𝑏
 ), 

(5.53) 

 

where 𝐕 = (𝐯1
T;  𝐯2

T) . The solution to this system is given by 

 

 
(𝑎  𝑏) = 𝐟T𝐕H(𝐇𝐕H)−1     

 
⇔    (

𝑎
𝑏
 ) = ((𝐕T)

H
𝐇T)

−1

(𝐕T)
H
𝐟. (5.54) 

 

The left expression in eq. (5.54) is simplest to implement in Matlab, while the right expression shows 

more clearly that the covariance matrix of the estimates can be calculated with eq. (5.4), using the 

generalized inverse 𝐆−g = ((𝐕T)
H
𝐇T)

−1

(𝐕T)
H

. 

5.5 Robust estimates 

OLS implicitly assumes that errors are uncorrelated and Gaussian with zero mean and the same 

variance. If this is valid, the OLS estimate is an optimal fit, i.e. it is the estimate that maximizes the 

likelihood of the observed data (Menke, 1989). If the errors are Gaussian but have different variances 

𝜎𝑑,𝑖
2 , a better method to use is weighted least squares (WLS) (Egbert & Booker, 1986). Then the 

objective function to minimize is 
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Φ𝑊𝐿𝑆 =∑𝑤𝑖|𝑑𝑖 − �̂�𝑖|
2

𝑁

𝑖=1

= (𝐝 − 𝐆𝐦)H 𝐖(𝐝 − 𝐆𝐦), (5.55) 

 

where the weights 𝑤𝑖 can be chosen as 1/𝜎𝑑,𝑖
2 . Then data with large variance will be downweighted 

and more emphasis is instead on fitting the data with small variance. The solution to eq. (5.55) is 

 

 �̂� = (𝐆H𝐖𝐆)
−1
𝐆H𝐖𝐝, (5.56) 

 

where W is a diagonal matrix containing the weights 𝑤𝑖.  

If the error distribution is not Gaussian but has heavy tails, neither WLS nor OLS will give reliable 

results. Instead we need to use robust regression, where outliers will not influence estimates too much 

(Egbert & Booker, 1986). One such robust technique is iteratively reweighted least squares (IRLS), 

which is implemented in the Matlab function robustfit (MathWorks, 2019b). In this method, ordinary 

least squares is first performed and predicted data are calculated. Then weighted least squares is 

performed, where weights are based on the previous residuals 𝑟𝑖 . From the WLS estimates, new 

residuals and weights are calculated and WLS is performed again. This procedure is iterated until the 

predicted data converges.  

The weights used are called Huber weights, from P.J. Huber (1981), and they are defined as 

follows 

 

 

𝑤𝑖 = {
1   , |𝑟𝑖| < 𝑐
𝑐

|𝑟𝑖|
, |𝑟𝑖| ≥ 𝑐

          𝑐 = 𝑡𝑢𝑛𝑒 ∙ 𝑠√1 − ℎ𝑖 (5.57) 

 

where s is the standard deviation, hi are the leverage values from the ordinary least squares fit and tune 

= 1.345 in this case. The standard deviation is estimated by the median absolute deviation (MAD) 

 

 𝑠 = MAD(|𝑟𝑖|) = median (||𝑟𝑖| − |𝑟𝑖|̃|), (5.58) 

 

which is the median of the absolute difference between |𝑟𝑖|  and |𝑟𝑖|̃ = median(|𝑟𝑖|) . The tuning 

constant can be used to modify the limit for which residuals that will be downweighted in the next 

iteration. Decreasing the tuning constant means that more residuals will be downweighted and they 

will be downweighted by a larger factor. The default tuning (tune = 1.345) is chosen to give a high 

efficiency of the estimates if the errors are normally distributed (MathWorks, 2019b).  

The advantage with IRLS is the fact that outliers which give rise to large residuals will be 

downweighted in the cost function. Thus, they are not allowed to influence the result as much as data 
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with small residuals. Outliers that do not give rise to large residuals, as the case for leverage points, 

will also be downweighted due to the dependence on √1 − ℎ𝑖. These factors make the method robust 

against non Gaussian errors. 

With Matlab’s function robustfit, robust estimates of Z were computed both using the SS/OLS 

method and RR method. As described in the chapter about inverse problems (Ch. 5.1), robustfit takes a 

kernel G and a data vector d as input and returns a model vector m. A robust estimate of the standard 

deviation 𝜎𝑑 is also calculated, which is used by the function to calculate the covariance matrix as in 

eq. (5.5) (MathWorks, 2019b). 

5.6 Entire time series estimates 

Transfer functions were also calculated for the entire time series (ET). Fourier transform of two time 

series for the two polarizations, gives two coefficients per frequency and field component. Eqs.  (5.11) 

- (5.13) can then be written as 

 

 
(
𝐸𝑥
1 𝐸𝑥

2

𝐸𝑦
1 𝐸𝑦

2) = (
𝑍𝑥𝑥 𝑍𝑥𝑦
𝑍𝑦𝑥 𝑍𝑦𝑦

) (
𝐻𝑥
1 𝐻𝑥

2

𝐻𝑦
1 𝐻𝑦

2)  
 
⇔    𝐞 = 𝐳𝐡 (5.59) 

 
  (𝐻𝑧

1 𝐻𝑧
2)  =  (𝑇𝑥 𝑇𝑦) (

𝐻𝑥
1 𝐻𝑥

2

𝐻𝑦
1 𝐻𝑦

2)      
 
⇔   𝐡z = 𝐭𝐡 (5.60) 

 

Since the number of data is equal to the number of unknowns (N = p), the system is even-determined. 

All data will therefore be fitted exactly (𝑟𝑖  =  0) (Menke, 1989) and the solution is simply  

 

 𝐳 = 𝐞𝐡−1 (5.61) 

 𝐭 = 𝐡z𝐡
−1 (5.62) 

 

Since 𝑟𝑖  =  0, no error estimates can be calculated for the transfer functions of the entire time series. 

6 Results 

6.1 Covariances 

During the processing, problems were discovered with the estimated covariance matrices. The RR 

covariance matrix turned out to have real, negative diagonals elements. This is not what would be 

expected since the diagonals represent variances and should be real and positive. Eq. (5.36) does 

assure that the covariance matrix is Hermitian, but if the diagonals of cov(𝐙𝑣𝑒𝑐
′ ) are smaller than the 

diagonals of �̃�cov(𝐓𝐝,𝑣𝑒𝑐)�̃�
H, their difference  
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 �̃�𝐝cov(𝐙𝑣𝑒𝑐)�̃�𝐝
H
= cov(𝐙𝑣𝑒𝑐

′ ) − �̃�cov(𝐓𝐝,𝑣𝑒𝑐)�̃�
H (6.1) 

 

will have negative diagonals, which seem to propagate into the RR covariance matrix cov(𝐙𝑣𝑒𝑐). No 

other way of estimating the covariance matrix was found in this project, so the errors of the RR 

impedance were not calculated. 

For the robust estimates, Matlab’s robustfit provided a covariance matrix which was calculated 

with eq. (5.5). However, this matrix proved to be non-Hermitian with imaginary diagonals. This was 

caused by the fact that the estimated data variance from robustfit 𝜎𝑑
2 was complex. Therefore no errors 

were estimated with the robust method either. 

6.2 Railway noise 

After processing the Kiruna data and estimating transfer functions, it was noted that the result is 

generally worse for the lower frequencies than for the higher frequencies. For the lower frequencies, 

errors are larger and the estimates with different bias vary more. This can be seen in Appendices A, B 

and C, where results from all stations in Kiruna are shown. As an example, impedance estimates from 

station 4 on profile 2 are presented here (Figs. 6.1 and 6.2). In Fig. 6.1, the RR, SS and ET estimates 

differ most for frequencies 10 Hz - 20 Hz. In Fig. 6.2, the apparent resistivities for estimates with 

different bias also vary more and have larger errors in the low frequencies. 

An explanation to why the low frequencies are noisier might be that they are close to the railway 

base frequency. In the amplitude spectrum of the Fourier transformed time series it can be seen that 

the railway noise is quite wide (Fig. 6.3). The maximum amplitude is in the form of a spike at 16.67 

Hz, but the tail of the signal is broad and the transmitter frequencies 14 Hz and 20 Hz cannot be 

entirely separated from the noise. 

The reason for the broad tail could be that the spectral resolution is not optimal for the railway 

signal. In order to overcome this problem, the minimum spectral resolution ∆𝑓𝑚𝑖𝑛 was changed from 1 

Hz to 1/3 Hz. To further reduce spectral leakage, the process of determining segment length was 

changed so that it was certain that each segment contained an integer number of railway periods (see 

Ch. 4.1). Unfortunately none of these measures improved or changed the spectra. 

Another possible explanation to the broad railway signal would be if the frequency is not stable at 

16 ⅔ Hz. To test this hypothesis, each time series was divided into smaller segments (the same as were 

used for estimating transfer functions), and then Fourier transformed. If the base frequency varies, the 

railway spike should move between the different time segments. However, no drastic variation was 

seen between the segments. The height and width of the railway tail varies slightly, but the spike is 

located at 16 ⅔ Hz in each segment (Fig. 6.4). 
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Figure 6.1 Impedances estimated with remote reference (RR), single station (SS) and entire time series (ET) for 

station 4, profile 2, Kiruna. Error bars showing the standard deviation are plotted for SS estimates. The rows 

show from top to bottom: real parts of 𝑍𝑖𝑗, imaginary parts of 𝑍𝑖𝑗, apparent resistivities 𝜌𝑎
𝑖𝑗

 and phase 𝜙𝑖𝑗. 

 

 

Figure 6.2 Apparent resistivities from case 1 (c1), case 2 (c2), case 3 (c3) and SS. The data was recorded at 

station 4, profile 2, Kiruna. Error bars show the estimated standard deviation. 
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Figure 6.3 Amplitude spectra of the Ex-component (solid black lines) for transmitter frequencies (a) 14 Hz, 

polarization 1 and (b) 20 Hz, polarization 2. Crosses denote the nominal base frequencies of the transmitter 

signals (blue) and the railway noise (red).   

 

 

Figure 6.4 Amplitude spectrum (solid black lines) for two segments of the Ex-component, recorded for 

transmitter frequency 14 Hz, polarization 1. Crosses denote the nominal base frequencies and multiples for the 

transmitter signal (blue) as well as the railway and power grid noise (blue). The recorded railway noise has a 

peak at 16.67 Hz and a broad tail in both segments. The data was recorded at station 4 on profile 2, Kiruna. 

 

For higher multiples of noise (> 100 Hz), the position of the peaks changes slightly from segment 

to segment (Fig. 6.5). The deviation from the expected frequency is between 0.1-0.2 Hz for 100-200 

Hz and around 1 Hz for ~ 1000 Hz. However, since this is only seen in the higher multiples it does not 

explain the broad tail of the railway signal at the base frequency. 
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Figure 6.5 Amplitude spectrum of different segments of the Ex-component (solid black lines), recorded for 

transmitter frequency 160 Hz ((a) and (b)) and 896 Hz ((c) and (d)). Blue crosses denote the nominal base 

frequencies of the transmitter signals, while red crosses denote the nominal base frequencies as well as multiples 

of the railway and power grid noise. The data was recorded at station 4 on profile 2, Kiruna. Note that the 

location of the recorded noise peaks varies more for higher frequencies than for lower frequencies. 

 

6.3 Transmission time errors 

From inspection of the Kiruna data, it was noted that for some transmitter frequencies the spectra 

included frequencies and multiples that coincided with other transmitter frequencies. For example on 

station 1, profile 1, the spectra for transmitter frequency 14 Hz and polarization 2 contained peaks at 

10 Hz and odd multiples of 10 Hz (Fig. 6.6a). This was caused by errors in the table of transmission 

times, in which the start and stop times of the source are listed for each transmitted frequency.  

Since there were always 2-3 stations measuring at the same time, these errors affected all stations 

with the same transmitter setup. Stations 1 and 3 on profile 1 (transmitter setup 1) were affected by 

transmission time errors for all frequencies with polarization 2. After correcting the time table, only 

the correct frequencies appear in the spectra (Fig. 6.6b) and the resulting transfer functions are much 

smoother with smaller errors (Fig. 6.7). 

Stations 9 and 10 on profile 1 (transmitter setup 4) were also affected by transmission time errors 

on polarization 1, but only for the two lowest transmitter frequencies; 10 Hz and 14 Hz. For 14 Hz we 
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were able to correct the send times, but for 10 Hz this was not possible, so that frequency had to be 

discarded. 

 

 

Figure 6.6 Spectrum of the Hx-component (solid black lines) for transmitter frequency 14 Hz, polarization 2 (a) 

before and (b) after correction of transmission times. Crosses denote the nominal base frequencies and multiples 

for the transmitter signal (blue) and the railway noise (blue). Before the correction, there is no 14 Hz peak, but 

instead a peak at 10 Hz and one at 30 Hz (the first odd multiple of 10 Hz). After the correction, the spectrum 

contains the correct peak at 14 Hz and the first odd multiple at 42 Hz. 

 

 

 
Figure 6.7 Real part of the impedance tensor (a) before the transmission time correction and (b) after the 

correction. The impedance is calculated with remote reference (RR), single station (SS) and entire time series 

(ET) with data from station 1, profile 1, Kiruna. 

 

6.4 Other errors 

For stations 5, 7 and 9 (transmitter setup 3) as well as 10, 12 and 14 (transmitter setup 4) on profile 2 

in Kiruna, the estimated transfer functions are very rough and have large errors (Fig. 6.8 and Figs. 



36 

 

A.14, A.16, A.18, A.19, A.21 and A.23 in Appendix A). The result is similar to the case where the 

transmission times were incorrect (cf. Fig. 6.7). 

 

 

Figure 6.8 Impedances estimated with remote reference (RR), single station (SS) and entire time series (ET) for 

station 5, profile 2, Kiruna. Error bars showing the standard deviation are plotted for SS estimates. The rows 

show from top to bottom: real parts of 𝑍𝑖𝑗, imaginary parts of 𝑍𝑖𝑗, apparent resistivities 𝜌𝑎
𝑖𝑗

 and phase 𝜙𝑖𝑗. 

 

According to Dossow (2018), the field crew accidentally forgot to switch the polarization direction for 

these stations during the data acquisition, which would entail that polarization 1 was exited two times 

for each frequency. Since two different polarization directions are needed in CSAMT to fully 

determine the impedance tensor (Zonge & Hughes, 1991), this could explain the bad results.  

However, this is not the only problem with these stations. In the amplitude spectra, no transmitter 

peaks are visible for any of the frequencies, polarizations or components (Fig. 6.9). Neither are there 

any peaks from other transmitter frequencies as in the case with the incorrect transmission times. The 

fact that there is no visible source signal will of course lead to unreliable results. 
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Figure 6.9 Examples of spectra from stations with transmitter setup 3 and 4 on profile 2. (a) and (b) show the 

two Hx-components at 10 Hz from station 5, (c) and (d) show the two Ey-components at 80 Hz from station 7 

while (e) and (f) show the two Ex-components at 112 Hz from station 14. Note that no peaks from transmitter 

frequencies are visible in any of the spectra. 

 

For station 3 on profile 2, the transmitter signal is visible in all components except the Hy 

component. For frequencies 𝑓 < 40 Hz, there is no Hy signal for polarization 2 and for 𝑓 ≥  40 𝐻𝑧, 

there is no Hy signal for any of the polarizations. Therefore the transfer functions on station 3 are also 

very rough and contain large errors (Fig. A.12). Stations 1 and 2 on profile 2 had the same transmitter 

setup as station 3 (setup 1), but they were not affected by this type of error and the transfer functions 

on these stations do not have the same rough appearance (Fig. A.10 and Fig. A.11). This suggests that 

the coil measuring the Hy component was not properly connected. 

At stations 7 and 17 on profile 2 in Kiruna, the estimated transfer functions were at first very rough 

and contained unrealistically large errors. It was found in the data files from station 7 that the hx and hy 

time series were identical, while in the files from station 17 the hx and hy components had been 

swapped. Fortunately, it was possible to recover the correct data, which lead to better results for 

station 17 (Fig. A.26). Station 7 still looked bad though (Fig. A.16), since it was affected by the error 

in transmitter setup 3 described above. 
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6.5 SS, RR and ET estimates 

In Kiruna, RR, SS and ET estimates of the transfer functions are in general very similar (see Fig. 6.1, 

Fig. 6.7 and Appendix A). For all stations on profile 1, as well as stations 16 - 22 on profile 2, the 

estimates are nearly identical. For stations 1 - 15 on profile 2 (that were not affected by transmission 

time errors) the estimates differ at some of the lowest frequencies. In the majority of the cases where 

they do differ, RR and ET estimates are larger and smoother than SS estimates. However, RR and ET 

estimates are nearly identical for all stations. RR, SS and ET estimates for all stations in Kiruna and 

Heby can be found in Appendix A. 

6.6 Estimates with different bias 

The estimates with different bias derived in Ch. 5.4 should give an indication of the amplitude of the 

noise for different stations and frequencies. If the noise is large, the upward and downward biases 

(summarized in Table 6.1) should make the estimates deviate from each other, whereas if there is less 

noise they should be more similar. 

 

Table 6.1 Different impedance estimates and their bias, derived in Ch. 5.4 

Case Equations used 
Cross-

correlation with 

Bias for off-diagonals 

Zxy & Zyx* 

Bias for diagonals 

Zxx & Zyy* 

1 5.37, 5.38 Ex , Ey upward from E upward from E 

2 
5.37, 5.39 (for Zxx , Zxy) 

5.38, 5.40 (for Zyx , Zyy) 

Ex , Hx 

Ey , Hy 
upward from E 

upward from E and 

downward from H 

3 
5.38, 5.40 (for Zxx , Zxy) 

5.37, 5.39 (for Zyx , Zyy) 

Ey , Hy 

Ex , Hx 
downward from H Unbiased 

SS 5.39, 5.40 Hx , Hy downward from H downward from H 

 * Assuming there is no correlation between noise and signals, or between different noise channels. 

 

All results with the different biased estimates can be seen in Appendix B. However, we have already 

seen one example from profile 2 in Kiruna (Fig. 6.2). There, the estimates varied more for the lower 

frequencies, indicating more noise. At station 9 on profile 1 in Kiruna, there also seems to be more 

noise in the two lowest frequencies; 14 Hz and 20 Hz (Fig. 6.10). From only SS and RR estimates this 

is not as clear (Fig. 6.10a) as from the difference between cases 1-3 and SS (Fig. 6.10b).  

In Fig. 6.10b, we see that case 3 and SS give the smallest estimates for the off-diagonals, which 

agrees with the fact that they should be downward biased (Table 6.1). Furthermore, both off-diagonals 

in case 1 and case 2 should be upward biased by E and they are indeed the two largest estimates. For 

the diagonal elements however, the results do not agree as well with the theoretical biases. Case 3 

gives the largest estimate while it should be unbiased and case 1 is only the second largest estimate 

even though it should be upward biased from E. Both case 2 and SS should be downward biased by H, 
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but case 2 should also be upward biased by E. In Fig. 6.10b though, the apparent resistivity is smaller 

for case 2 than for SS. A similar behavior is seen on station 10 from profile 1 in Kiruna (Fig. B.9), 

with estimates varying more for the lower frequencies and theoretical biases agreeing with the off-

diagonal impedance results but not the diagonal. 

 

 
Figure 6.10 Apparent resistivities for remote reference (RR), single station (SS) and entire time series (ET) in 

(a) and for case 1 (c1), case 2 (c2), case 3 (c3) and singe station (SS) in (b). The data was recorded at station 9, 

profile 1, Kiruna. Error bars show the estimated standard deviation. 

 

At station 3 on profile 1, Kiruna, the estimates with different bias are similar except at the three 

frequencies 14 Hz, 20 Hz and 28 Hz (Fig. 6.11). The relative magnitudes of the estimates are mainly 

the same as for station 9. Case 1 and 2 give the largest apparent resistivities for the off-diagonals while 

case 3 and SS give the smallest. For the diagonal elements, case 1 and 3 are the largest while case 2 

and SS are the smallest. 

 

 
Figure 6.11 Apparent resistivities from case 1 (c1), case 2 (c2), case 3 (c3) and SS. The data was recorded at 

station 3, profile 1, Kiruna. Error bars show the estimated standard deviation. 
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At the rest of the stations on profile 1 in Kiruna, the estimates from different cases are much more 

similar, even though the low frequency estimates generally differ more (see Appendix B.1). As an 

example, results from station 6 are shown in Fig. 6.12. The estimates are the nearly identical except 

for frequencies 10 Hz - 28 Hz, where they deviate slightly. 

 

Figure 6.12 Apparent resistivities and phases from case 1 (c1), case 2 (c2), case 3 (c3) and SS. The data was 

recorded at station 6, profile 1, Kiruna. Error bars show the estimated standard deviation. 

 

For profile 2 in Kiruna, stations 1, 2, 4, 6, 8, 11, 13, 15 and 16-22 also give estimates that are 

essentially the same except for the lower frequencies (see Appendix B.2). In general, the estimates 

vary more for the stations recorded in 2014 (1, 2, 6, 8, 11, 13 and 15) than in 2016 (16-22). Fig 6.13 

shows estimated transfer functions from station 13 (2014). The estimates with different bias are mostly 

similar but deviate from each other for the lowest frequencies. In Fig. 6.14, transfer functions from 

station 22 (2016) are shown. Here, the deviation between the estimates with different bias is smaller 

than for station 13. 

What can also be noted from station 13 on profile 2 (Fig. 6.13) are the near field effects in the 

transfer functions. The apparent resistivity increases linearly with decreasing frequency for 𝑓 ≤

224 Hz, while 𝜙𝑥𝑦 ≈ 0 ° and 𝜙𝑦𝑥 ≈ 180 °. Similar near field effects are observed for most stations 

from 2014, but not for any station from 2016 (see e.g. Appendix A) when the source was located 

further away from the receivers (Ch. 3.1). For the stations from 2016, the apparent resistivity generally 

decreases when approaching the lowest frequencies. For station 22 on profile 2 (Fig. 6.14), the 

apparent resistivity starts to decrease for frequencies slightly below 100 Hz. Using the apparent 

resistivity, which is mostly between 103 - 104 Ωm, as an estimate for the resistivity, the plane-wave 

skin depth at f = 50 Hz is between 2 km - 7 km. Since the source-receiver distance in 2016 was 6.5 

km, it is possible that this downward trend in the apparent resistivity is a manifestation of the 

transition zone notch (described in Ch. 2.5). 
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Figure 6.13 Apparent resistivities and phases from case 1 (c1), case 2 (c2), case 3 (c3) and OLS (SS). The data 

was recorded at station 13, profile 2, in Kiruna 2014. Error bars show the estimated standard deviation. 

 

 
Figure 6.14 Apparent resistivities and phases from case 1 (c1), case 2 (c2), case 3 (c3) and OLS (SS). The data 

was recorded at station 22, profile 2, in Kiruna 2016. Error bars show the estimated standard deviation. 

 

6.7 Robust estimates 

The robust method did not improve the results much and robust estimates were nearly identical to the 

non-robust estimates for almost all stations in Kiruna (see Appendix C). For example at station 9 on 

profile 1 in Kiruna, which seemed to be affected by low frequency noise (Fig. 6.10), the robust and 

non-robust SS estimates as well as the non-robust and robust RR estimates are indistinguishable (Fig. 

6.15). The same result is seen for station 4 on profile 2 (Figs. 6.1 and 6.2), with identical robust and 

non-robust estimates (Fig. 6.16).  
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Figure 6.15 Apparent resistivities and phases estimated with remote reference (RR), robust RR (RRr), single 

station (SS) and robust SS (SSr). The data is from station 9 on profile 1, Kiruna.  

 

 
Figure 6.16 Apparent resistivities and phases estimated with remote reference (RR), robust RR (RRr), single 

station (SS) and robust SS (SSr). The data is from station 4 on profile 2, Kiruna.  

 

The only station where it did appear like the robust method was successful was station 3 on profile 

1, Kiruna. Here, the estimates with different bias indicated that there was more noise in frequencies 14 

Hz, 20 Hz and 28 Hz (Fig. 6.11). The robust estimates of the apparent resistivities at these frequencies 

follow a smoother curve than the non-robust estimates (Fig. 6.17). Between the robust SS and robust 

RR estimates, RR is the smoothest. 
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Figure 6.17 Apparent resistivities and phases for remote reference (RR), robust RR (RRr), single station (SS) 

and robust SS (SSr). The data is from station 3 on profile 1, Kiruna.  

 

6.8 Removal of outliers 

Many different parameters were tested to try to achieve an effective and reliable method of removing 

outliers. To calculate R-values that clearly indicate where outliers exist, appropriate lengths of the 

short- and long-term windows s and l had to be chosen. To identify outliers in {𝑅𝑗}𝑗=0
𝑛

 the number of 

segments NS that the series was divided into, as well as the threshold constant c, had to be specified. 

Fig. 6.18 shows the detected outliers in four components recorded at station 4, profile 2 in Kiruna 

for transmitter frequency 10 Hz and polarization 1. This station was noisy (Figs. 6.1 and 6.2) so the 

goal was to see if removal of outliers could reduce the noise. Using the parameters s = 10, l = 1000, NS 

= 20 and c = 8, one spike is detected at t ≈ 98 s on the hx component. Two more spikes are visible at  

t ≈ 35 s and t ≈ 70 s, both on the ey and hx components, but they are not detected. In the corresponding 

R-values for ey, there is no indication of outliers at these times, while there is a small spike at t ≈ 35 s 

for hx.  

To get a better correspondence between time series and R-values, the short-term window length 

was changed to s = 1. This increased the R-values at t ≈ 35 s and t ≈ 70 s, both for ey and hx (Fig. 6.19). 

The spike at t ≈ 35 s is large enough to be detected on the hx component, but the spike at t ≈ 70 s is still 

too small. The reason for the increased R-values is that when fewer non-outlier values are included in 

the short-term average Sk, the outlier has a larger proportional contribution to Sk and thus Rk = Sk/Lk 

increases.  
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Figure 6.18 Raw time series (left) and corresponding R-values (right). Outliers are detected if the R-values 

exceed the threshold indicated by red dashed lines. Red dots show outliers detected on the current component, 

while green dots show outliers detected on other components. Parameters used for detection were: s = 10, l = 

1000, NS = 20, c = 8. The data was recorded for 10 Hz, polarization 1 at station 4, profile 2, Kiruna. 
 

 
Figure 6.19 Raw time series (left) and corresponding R-values (right). Outliers are detected if the R-values 

exceed the threshold indicated by red dashed lines. Red dots show outliers detected on the current component, 

while green dots show outliers detected on other components. Parameters used for detection were: s = 1, l = 

1000, NS = 20, c = 8. The data was recorded for 10 Hz, polarization 1 at station 4, profile 2, Kiruna.  
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Increasing the long-term window length l has a similar effect as decreasing the short-term window 

length. By including more non-outlier values in Lk, the contribution of the outlier to is reduced, which 

means that Lk decreases. Setting e.g. l = 150 000, the outlier at t ≈ 70 s is detected at the hx component. 

However, if other outliers are included when l is increased, Lk may increase which makes it more 

difficult to detect the outlier. 

The outlier at t ≈ 70 s could also be detected by decreasing the number of segments to e.g. NS = 12 

instead of NS = 20. This does not change R, but if more non-outlier values are included in the segment 

with the outlier, the mean of R decreases. Then the outlier deviates more from the mean and can 

therefore be detected. Though, similarly here, the effect can be the opposite if more outliers are 

included in the segment so that the mean of R instead increases. 

A third way of detecting more outliers is to decrease the threshold for which R-values that are large 

enough that the corresponding data points are identified as outliers. As can be seen on the R-values for 

ey, this limit is quite high when c = 8 (Fig. 6.19). By setting c = 6 instead, the outlier at t ≈ 70 s is 

detected (Fig. 6.20). A smaller spike is also detected at t ≈ 65 s, which can only be seen on the hx 

component. 

 

 

Figure 6.20 Raw time series (left) and corresponding R-values (right). Outliers are detected if the R-values 

exceed the threshold indicated by red dashed lines. Red dots show outliers detected on the current component, 

while green dots show outliers detected on other components.. Parameters used for detection of outliers: s = 1, l 

= 1000, NS = 20, c = 6. The data was recorded for transmitter frequency 10 Hz, polarization 1 at station 4, profile 

2, Kiruna.  

 

Some spikes are still undetected in Fig. 6.20, mostly on the hx component. However, there may be a 

problem with removing too many outliers, especially if they are most prominent on one of the 
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components. Since all components are tapered to zero where the outlier appears, artifacts are 

introduced, which seem to create new outliers on the other components. In Fig. 6.21 the original time 

series are compared to the time series where the outlier at t ≈ 35 s have been tapered to zero. Where 

the outlier is tapered, the regular oscillations in the ex, ey and hy time series are distorted. This seems to 

cause problems when the oscillations, which consist of the railway and power line signals, are 

removed by the notch filter. Fig. 6.22 compares the original time series after notch filtering with the 

time series after removal of outliers and notch filtering. Where outliers are removed, the spikes on the 

hx component are clearly weakened. However on the other components, there are larger spikes where 

the outliers have been removed. By decreasing the threshold further, to c = 3, more outliers are 

detected (Fig. 6.23) and hence more artificial spikes are created (Fig. 6.24). 

 

 

Figure 6.21 A short segment of the original time series where the mean has been subtracted (left) and the same 

time series with outliers removed (right). Red dots show outliers detected on the current component, while green 

dots show outliers detected on other components. The data was recorded for transmitter frequency 10 Hz, 

polarization 1 at station 4, profile 2, Kiruna. Parameters used for detection of outliers: s = 1, l = 1000, NS = 20, c 

= 6.  
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Figure 6.22 Original filtered time series (left) and time series that have been filtered after outliers were removed 

(right). Red dots show outliers detected on the current component, while green dots show outliers detected on 

other components. The data was recorded for 10 Hz, polarization 1 at station 4, profile 2, Kiruna. Parameters 

used for detection of outliers: s = 1, l = 1000, NS = 20, c = 6.  

 

 
Figure 6.23 Raw time series (left) and corresponding R-values (right). Outliers are detected if the R-values 

exceed the threshold indicated by red dashed lines. Red dots show outliers detected on the current component, 

while green dots show outliers detected on other components. Parameters used for detection of outliers: s = 1, l = 

1000, NS = 20, c = 3. The data was recorded for 10 Hz, polarization 1 at station 4, profile 2, Kiruna.  
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Figure 6.24 Original filtered time series (left) and time series that have been filtered after outliers were removed 

(right). Red dots show outliers detected on the current component, while green dots show outliers detected on 

other components. The data was recorded for transmitter frequency 10 Hz, polarization 1 at station 4, profile 2, 

Kiruna. Parameters used for detection of outliers: s = 1, l = 1000, NS = 20, c = 3.  

 

In the spectra, the signal strength does not seem to change much by removing outliers (Fig. 6.25). 

Using parameters s = 1, l = 1000, NS = 20 and c = 6 for frequency 10 Hz, polarization 1, station 4, 

profile 2 in Kiruna (Figs. 6.20, 6.21 and 6.22) gives for the hx component an amplitude increase of  

0.3 % and for the ey component a decrease by 0.2 %. The change is of the same order for all 

components and polarizations at 10 Hz and 14 Hz on this station. 

 

 

Figure 6.25 Filtered spectra for 10 Hz, polarization 1. The two left panels show the Ey component with a) no 

outliers removed and b) outliers removed. The two right panels show the Hx component with c) no outliers 

removed and d) outliers removed.  The data was recorded at station 4, profile 2, Kiruna. Parameters used for 

detection of outliers: s = 1, l = 1000, NS = 20, c = 6.  
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The same parameters (s = 1, l = 1000, NS = 20 and c = 6) were used to remove outliers for the rest of 

the frequencies and then transfer functions were estimated with the same methods as before. However, 

in the ET estimates, outliers were not removed. RR, SS and ET estimates are shown as apparent 

resistivities in Fig. 6.26. Also plotted is the result from using c = 3 instead of c = 6, but otherwise the 

same parameters (s = 1, l = 1000, NS = 20). With c = 6 (Fig. 6.26b) the result is mostly unchanged. 

With c = 3 (Fig. 6.26c), estimates for the lower frequencies, 10 Hz - 40 Hz, change slightly but there is 

no clear improvement. In neither of the cases do the estimates become smoother and the errors are 

mostly of the same order or larger.  

 

Figure 6.26 Comparison of SS and RR apparent resistivities where (a) no outliers were removed, (b) outliers 

were removed with c = 6 and (c) outliers were removed with c = 3. All graphs also show ET estimates with no 

outliers removed. The data is from station 4, profile 2, Kiruna. Parameters used for detection of outliers: s = 1, l 

= 1000, NS = 20. 
 

The same parameters were used to remove outliers at the rest of the stations from Kiruna. At two 

stations from profile 1; stations 9 and 10, the removal of outliers seem to have reduced noise at 20 Hz. 

For the SS estimate, the error decreased at this frequency (Fig. 6.27) while estimates with different 

bias became more similar (Fig. 6.28). Since 10 Hz was removed at these stations (see Ch. 6.3), 20 Hz 

is the second lowest frequency in Fig. 6.27 and Fig. 6.28. At the other frequencies on these stations, 

the estimates are unchanged.  
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Figure 6.27 Comparison of SS and RR apparent resistivities with (a) no outliers were removed and (b) outliers 

removed. Both panels also show ET estimates with no outliers removed. The data is from station 9, profile 1, 

Kiruna and parameters used for detection of outliers were: c = 6, s = 1, l = 1000, NS = 20. 

 

 

Figure 6.28 Comparison of apparent resistivities with (a) no outliers removed and (b) outliers removed, for case 

1 (c1), case 2 (c2), case 3 (c3) and OLS (SS). The data is from station 9, profile 1, Kiruna and parameters used 

for detection of outliers were: c = 6, s = 1, l = 1000, NS = 20. 

 

For the other stations in Kiruna, removal of outliers only caused small changes, except in 

occasional estimates which made the curves even rougher. As an example of this, apparent resistivities 

are shown from station 5 on profile 1, Kiruna (Fig. 6.29). The estimates are mostly unchanged from 

removing outliers with c = 3 (Fig. 6.29b). The same goes for c = 6 (Fig. 6.29c), except at frequencies 

14 Hz and 56 Hz were estimates have become much less smooth. 
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Figure 6.29 Comparison between SS and RR apparent resistivities where (a) no outliers were removed, (b) 

outliers were removed with c = 6 and (c) outliers were removed with c = 3. The graphs also show ET estimates 

with no outliers removed. The data is from station 5, profile 1, Kiruna. Parameters used for detection of outliers: 

s = 1, l = 1000, NS = 20. 

 

6.9 Heby 

During the processing of the data from Heby, it was observed that the high pass filter did not work for 

the lowest frequency 1 Hz. The cutoff frequency of 80 % of the transmitter frequency removed too 

much of the transmitter signal there, so no high pass filter was used for 1 Hz.  

Fig. 6.30 shows the apparent resistivity and phase estimated with RR, SS and ET for station 1, 

profile 2 in Heby. The SS and RR estimates are the same everywhere and near field effects are visible 

in all frequencies. 𝜌𝑎  increases linearly with decreasing frequency and 𝜙𝑦𝑥 ≈ 180 °  for all 

frequencies, while 𝜙𝑥𝑦 ≈ 0 ° for 𝑓 ≤ 20 Hz. According to the skin depth calculations in Ch. 3.1.1, 

station 1 should be in the near field or transition zone for 𝑓 ≈ 100 Hz and in the near field for 𝑓 ≤

10 Hz. The result for station 1 on profile 1 (Fig. 6.31) was almost identical to station 1 on profile 2, 

which is expected since it is the same station just measured in different days. 

The result from station 2 on profile 2 also shows near field effects for all frequencies (Fig. 6.32). 

According to Table 3.1, station 2 should be in the far field for 𝑓 ≥ 100 Hz and in the near field for 

𝑓 ≤ 10 Hz. It thus seems like the actual skin depth (~ distance to the transition zone) is larger than the 

predicted skin depth. 

Station 3 on profile 2 also shows clear near field effects for all frequencies, even though the errors 

are larger here than for the other stations (Fig. 6.33). The SS estimate of 𝜙𝑥𝑦  is especially rough and 

noisy, but the RR estimate stays near 0 ° as expected for the near field. The skin depth calculations 
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predicted that station 3 would be in the near field for frequencies 𝑓 ≤ 10 Hz. Just as for station 2, the 

actual skin depth seems to be larger than what was predicted in Ch. 3.1.1.   

 

 
 

Fig. 6.30 Apparent resistivity and phase from station 1, profile 2, Heby. The figure shows estimates from remote 

reference (RR), single station (SS) including errors and entire time series (ET).  

 

 

 
 

Fig. 6.31 Apparent resistivity and phase from station 1, profile 1, Heby. The figure shows estimates from remote 

reference (RR), single station (SS) including errors and entire time series (ET).  
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Fig. 6.32 Apparent resistivity and phase from station 2, profile 2, Heby. The figure shows estimates from remote 

reference (RR), single station (SS) including errors and entire time series (ET).  

 

 

 
Fig. 6.33 Apparent resistivity and phase from station 3, profile 2, Heby. The figure shows estimates from remote 

reference (RR), single station (SS) including errors and entire time series (ET).  

 

 

Just as in Kiruna, the results from Heby show that SS, RR and ET estimates are mostly similar while 

RR and ET estimates look identical. The robust regression did not change or improve the results in 

Heby either (see Appendices C.3 and C.4). The estimates with different bias are identical on station 1 

(Fig. B.32 and Fig. B.33). For station 2 (Fig. 6.34) and station 3 (Fig. B.35), the estimates differ most 

where SS errors are large. 
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Fig. 6.34 Apparent resistivity and phase from station 2, profile 2, Heby. The figure shows estimates including 

errors from case 1 (c1), case 2 (c2), case 3 (c3) and OLS (SS).  

 

7 Discussion 

The main objective of this thesis was to remove noise and improve the quality of the CSAMT data 

collected in Kiruna in 2014 and 2016. It was found that what appeared to be noise on stations 1, 3, 9 

and 10 on profile 1 was actually caused by errors in the table of transmission times. After correcting 

the transmission times, a large improvement was seen for stations 1 and 3. For stations 9 and 10, 

improvement was seen for the frequency 14 Hz while 10 Hz could not be corrected. Corrections were 

also made for station 17 on profile 2, where the x- and y-components of the magnetic field data had 

been swapped. These errors explain part of the low quality of the original data and also why it looked 

like stations 9 and 10 on profile 1 contained more noise in the lower frequencies.  

Also contributing to a low quality of the data are the unknown errors on stations 3, 5, 7, 9, 10, 12 

and 14 on profile 2. The result looks similar to the stations on profile 1 that were affected by incorrect 

transmission times. However if that is the case here too, the errors are not as obvious as for profile 1 

where the spectra contained other transmitter frequencies than the expected. For stations 5, 7, 9, 10, 12 

and 14 on profile 2, no transmitter frequencies were visible in any of the spectra, only noise 

frequencies. Therefore, the possible mistake in switching the polarization direction cannot alone 

explain the results for these stations. 

7.1 Railway noise 

It was further investigated if the railway signal at 16 ⅔ Hz could explain noise in the low transmitter 

frequencies. In the amplitude spectra, it was seen that the broad tail of the railway signal interferes 

with frequencies 14 Hz and 20 Hz. To limit spectral leakage, the frequency resolution was increased, 



55 

 

but this did not change the result. It was then investigated if the broad railway signal is caused by a 

varying railway frequency, but that did not seem to be the case either. More detailed studies would 

have to be carried out to find a way of better distinguishing the transmitter signals from the railway 

signal.  

It is not certain though how much the railway signal actually affects the neighboring transmitter 

frequencies. For most stations on profile 1, the low frequency impedances vary smoothly and errors 

are only slightly larger than for the high frequencies. For profile 2 however, the low frequencies, 

especially on stations 1-15, are generally more noisy. Whether this is because the railway signal 

affects these stations more, or if this noise has other explanations, is a question that could be 

investigated in future work. 

7.2 SS, RR and ET estimates 

The results showed that SS, ET and RR estimates from Kiruna are almost identical, except for stations 

1 - 15 on profile 2. There, RR estimates are slightly larger and smoother than SS estimates. This is 

logical, since the purpose of RR is to remove the downward bias from noise that is present in SS. 

However, ET and RR are nearly identical on all stations, both in Kiruna and Heby. This was not noted 

until the end of the project, so not much time was left to analyze why this is the case. However by 

comparing the equations for the RR and ET estimates, it seems like they are analytically equivalent. 

For RR, the impedance tensor is given by eq. (5.30), which can be expressed as 
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The remote reference fields 𝐡𝑟𝑥 and 𝐡𝑟𝑦 are given in eq. (5.32) and represent a sinusoidally varying 

magnetic field with the same frequency and polarization as the transmitter. Since 𝐡𝑟𝑥  is in the 

direction of the first polarization, the first half of the elements in 𝐡𝑟𝑥 are non-zero, while the second 

half are equal to zero. This means that the scalar product 𝐞𝑥
T𝐡𝑟𝑥

∗
 in eq. (7.1) extracts the Fourier 

coefficients from the first half of 𝐞𝑥, i.e. those corresponding to polarization 1. Similar arguments can 

be made for the other scalar products in eq. (7.1) and thus 𝐙𝑅𝑅 can be written as 
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Each element of the matrices in eq. (7.2) is a sum of the Fourier coefficients from the segments of one 

polarization.  

Now, we consider the ET impedance tensor which by combining eqs. (5.59) and (5.61) can be 

expressed as 
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where e.g. 𝐸𝑥
1 is the Fourier coefficient for the entire time series of the x-component of the electric 

field for polarization 1. If this time series is denoted as {𝑒𝑥,𝑗
1 }
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Dividing this sum into N1 sums, corresponding to the N1 segments, each containing n terms gives 
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Since each segment contains an integer number of periods of 𝑒−𝑖2𝜋𝑓𝑡𝑗 (see Ch. 4.4), the sums are just 

the Fourier coefficients of the segments 
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and since the same holds for the other components, the impedance tensor for the entire time series is 
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which is the same expression as 𝐙𝑅𝑅 in eq. (7.2). 

7.3 Bias and robust processing 

In the original code, OLS and RR were used to calculate the magnetotelluric transfer functions. In 

OLS, the errors in the electric field are minimized while it is implicitly assumed that the magnetic field 

H is free from noise. In reality, H is always noisy so RR is used to remove the downward bias from 

autopowers of H. However, RR estimates are only unbiased if there is no correlation between different 

field components or noise channels. Then biases arise only from autopowers and not crosspowers. The 

estimates with different bias errors show that this assumption may not be completely justified. The 

theoretical biases (shown in Table 6.1) are also only valid if biases arise from autopowers and not 

crosspowers. In some cases, the predicted biases agree with the result and estimates that should be 

downward biased are smaller than the ones that should be upward biased. In other cases though, the 

results show for example that estimates which should be upward biased are smaller than the estimates 

that should be non-biased. The mismatch between the result and theory indicates that there is some 

correlation between different components and/or noise channels. The RR method is therefore not 

sufficient to remove all bias errors in the OLS estimates, even if a true remote reference would have 

been installed in the field instead of using the synthetic RR. 

In OLS, it is also assumed that errors in the data are normally distributed with equal variance. This 

is not always the case and to account for noise with more heavy-tailed distributions, IRLS was 

implemented with Matlab’s robustfit. However, the robust estimates are very similar to the original 

OLS and RR estimates, which suggests that errors are mostly Gaussian with equal variance. The only 

exception is station 3 on profile 1, where robust processing did improve the result. Robust estimates of 

the apparent resistivity for 20 Hz and 28 Hz follow a much smoother curve than the corresponding 

non-robust estimates.  

7.4 Removal of outliers 

The final method that was tested to improve the data was removal of outliers in the time series. Many 

outliers observed in the data are visible at the same time in all components of the electromagnetic 

field. This is thus an example of noise that is correlated between different components.  
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The method was first tested for station 4 on profile 2, which was noisy at low frequencies. After 

choosing suitable parameters to identify outliers as well as removing the outliers, transfer functions 

were estimated as usual. However, no clear improvement could be seen after this. 

The same method and parameters were used for the other stations from Kiruna. This did not make 

the results smoother or less noisy, except for stations 9 and 10 on profile 1. Here, the predicted biases 

were not entirely correct, which indicates that there is a correlation between the noise in different 

components. By removing outliers, the deviation decreased between estimates with different bias for 

20 Hz. The uncertainty in the OLS estimate also decreased for the same frequency. In this case, it thus 

seems like the removing of outliers was successful in correcting correlated noise. 

However, in general it was difficult to implement the method since the behavior of the time series 

and outliers varies so much between different time series. To make the method work as intended, it is 

clear that the parameters (i.e. s, l, NS and c) need to be adjusted between the stations, transmitter 

frequencies, polarizations and field components. There was not enough time to do this in this project, 

but it would be a recommendation for future work to look more into the individual time series and see 

which parameters work best in each case. Other methods to determine which R-values correspond to 

outliers could also be investigated. Here, this was done very simple by using two thresholds based on 

the mean of R, but more advanced methods based on the statistical properties of R could be used to 

define confidence intervals, as was also suggested by Bastani (2001).  

 Another issue with the method is that when an outlier is detected on only one of the components, 

the tapering is done on all components. Despite the fact that the mean was subtracted from the time 

series before tapering, new artificial spikes appear in the other components after notch filtering. Even 

though the new spikes are smaller than the original outlier, this is not quite satisfactory. After 

removing outliers, the spectra show that for some components the amplitude of the transmitter 

frequency increase, while for other components, the amplitude decrease. 

This problem may be reduced if instead of tapering the time series to zero, the affected values are 

replaced by using information from neighboring points on both sides of the outlier. In this way, the 

distortion of the time series would not have to be as drastic as in e.g. Fig. 6.21. For example, the 

outliers can be replaced by the mean of a few neighboring values, as was done by Olsson et al. (2016) 

to remove spikes from induced polarization data. Another approach, which was demonstrated by 

Fontes et al. (1988), is to use a maximum entropy method where segments unaffected by outliers are 

used to predict which values that should replace the outliers.  

Since the artificial spikes are seen after the notch filtering, another solution may be to either skip 

the notch filter or to replace it with an alternative method. Fontes et al. (1988) found that a delay-line 

filter was more effective than the notch filter to remove power grid noise in real data. Olsson et al. 

(2016) instead fitted parameters to model the harmonic noise, which could then be subtracted from the 

raw data. Both these methods were incorporated together with removal of outliers (as described above) 

in the data processing and were shown to improve the quality of the data.   
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7.5 Covariances 

The data in this project caused Matlab’s function robustfit to return an imaginary estimate of the 

variance and therefore the covariance matrix of Z could not be calculated. The reason for the complex 

𝜎𝑑
2 is that the robust estimate is based on the square of the residuals 𝑟𝑘 and not the absolute value 

squared. This is fine if the data is real because then 𝑟𝑘
2 is always real and positive, but when the data is 

complex, 𝑟𝑘
2 is also complex. The algorithm for calculating the robust variance is quite convoluted, but 

it could likely be adjusted to handle complex residuals as well. However, another possible solution 

could be to just use the same equation that is used to calculate the variance for the OLS estimates (eq. 

(5.6)). 

 In this project, it was also found that when using the original code, the diagonal elements of the RR 

covariance matrix became negative. This does not make sense as the diagonals represent variances. 

The error likely originates from eq. (5.35), where it is assumed that the uncertainties in 𝐙′ is a sum of 

the uncertainties in Z and Td. It should probably be the other way around since it is Z that is calculated 

from 𝐙′ and Td (eq. 5.30) and therefore the uncertainties in the latter should be added and propagated 

into the former. 

7.6 Heby 

The results from Heby show that all stations were positioned in the near field for all transmitted 

frequencies. From the pre-calculated skin depths, it was predicted that this would only occur in the 

frequency band 0.1-10 Hz. The observed skin depth and distance to the transition zone is thus larger 

than predicted. This may be due to the resistivity being slightly higher in this study area, compared to 

where the survey by Ismail et al. (2011) was conducted.  

 Just as in the results from Kiruna, SS and RR estimates as well as robust estimates and estimates 

with different bias are often very similar. Most deviation is observed on station 3, where the estimates 

with different bias, including OLS, are partly rough and contain large errors. However, the RR 

estimates are quite smooth and follow the curves that would be expected for the near field. 

7.7 Other recommendations 

In this project, only the impedance tensor was considered and not the tipper, which relates the vertical 

and horizontal magnetic field (see eq. (2.25)). This was partly due to time limitations, but also since 

the vertical magnetic field was not measured for all stations in Kiruna. However, for those stations 

where it was possible, the tipper was computed with the same methods as the impedance tensor. Hence 

a recommendation for future work is to also analyze the tipper results. This could give an increased 

understanding both of the data and the conditions of the subsurface. 
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8 Conclusions 

This project’s aim was to improve the results, especially for the low frequencies, from the CSAMT 

measurements that were made in Kiruna in 2014 and 2016. It was found that some errors were caused 

by incorrect transmission time tables (stations 1, 3, 9 and 10 on profile 1) and swapped time series 

(station 17 on profile 2). Other errors were explained by the fact that no recorded transmitter signal 

could be found in the data (stations 3, 5, 7, 9, 10, 12 and 14 on profile 2).  

The railway noise at 16 ⅔ Hz had a broad peak in the amplitude spectra, which might explain why 

the result of the neighboring transmitter frequencies was not so good. Measures were taken to decrease 

possible spectral leakage of the railway signal, but it did not change the result. More detailed studies 

of the railway noise would be necessary to determine and possibly reduce its influence on the 

transmitter signals. 

Robust processing was tested to remove possible non-Gaussian noise. This worked for one station, 

namely station 3 on profile 1, where the transfer functions became smoother with the robust method. 

For the rest of the data, robust processing did not improve the results, which shows that non-Gaussian 

noise is not the main cause of the bad results.   

In the original code, a synthetic remote reference was used to remove the downward bias from 

autopowers of the magnetic field in OLS. However, on most stations RR estimates were very similar 

to OLS estimates and indistinguishable from ET estimates.  

To see how much noise was in the data, impedance estimates influenced by biases from different 

electromagnetic field components were calculated. These showed that there was more noise in the low 

frequencies at many stations. The estimates which deviated most often coincided with the OLS 

estimates that had larger errors. However, in some cases the relative magnitude of the different 

estimates did not match with their theoretical bias. This suggests that estimates are also biased by 

crosspowers of different field components.  

The last method that was tested was removal of transient outliers in the time series. Many outliers 

were present at more than one field component and are thus examples of correlated noise between 

different field components. The method proved difficult to implement, even though some potential 

was seen for stations 9 and 10 on profile 1. To get the method to work properly, the parameters will 

probably need to be adjusted for different stations, frequencies and components, but there was not 

enough time to include this in the project.  

In Heby, all stations were located in the near field which was not expected from the predicted skin 

depths. This is likely explained by the resistivity variation between the survey area of this project and 

the site of the earlier study (Ismail et al., 2011), on which the predicted values were based.  
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A  SS, RR and ET estimates 

In Appendix A, results from Kiruna and Heby are presented in the form of apparent resistivities and 

phases, estimated with remote reference (RR), single station (SS) and entire time series (ET). Outliers 

have not been removed before computing the estimates. 

A.1 Kiruna - Profile 1 

 

 

Figure A.1 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 1, profile 1, 

Kiruna (2016). 

 

 

 

Figure A.2 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 estimated with RR, SS and ET station 2, profile 1, Kiruna 

(2016). 
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Figure A.3 Apparent resistivities 𝜌𝑎

𝑖𝑗
 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 3, profile 1, 

Kiruna (2016). 

 

 

 

 
Figure A.4 Apparent resistivities 𝜌𝑎

𝑖𝑗
 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 5, profile 1, 

Kiruna (2016). 

 

 

 

 

Figure A.5 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 6, profile 1, 

Kiruna (2016). 
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Figure A.6 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 7, profile 1, 

Kiruna (2016). 

 

 

 

 

Figure A.7 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 8, profile 1, 

Kiruna (2016). 

 

 

 

 

Figure A.8 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 9, profile 1, 

Kiruna (2016). 
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Figure A.9 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 10, profile 1, 

Kiruna (2016). 

 

A.2 Kiruna - Profile 2 

 

 
Figure A.10 Apparent resistivities 𝜌𝑎

𝑖𝑗
 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 1, profile 2, 

Kiruna (2014). 

 

 

 

Figure A.11 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 2, profile 2, 

Kiruna (2014). 
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Figure A.12 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 3, profile 2, 

Kiruna (2014). Part of the transmitter signal was not recorded for this station. 

 

 

 

 

Figure A.13 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 4, profile 2, 

Kiruna (2014). 

 

 

 

 

Figure A.14 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 5, profile 2, 

Kiruna (2014). No transmitter signal was recorded for this station. 

 



70 

 

 
Figure A.15 Apparent resistivities 𝜌𝑎

𝑖𝑗
 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 6, profile 2, 

Kiruna (2014).  

 

 

 

 

Figure A.16 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 7, profile 2, 

Kiruna (2014). No transmitter signal was recorded for this station. 

 

 

 

 

Figure A.17 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 8, profile 2, 

Kiruna (2014). 
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Figure A.18 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 9, profile 2, 

Kiruna (2014). No transmitter signal was recorded for this station. 

 

 

 

 

Figure A.19 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 10, profile 2, 

Kiruna (2014). No transmitter signal was recorded for this station. 

 

 

 

 
Figure A.20 Apparent resistivities 𝜌𝑎

𝑖𝑗
 and phases 𝜙𝑖𝑗estimated RR, SS and ET for station 11, profile 2, Kiruna 

(2014). 

 



72 

 

 

Figure A.21 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated RR, SS and ET for station 12, profile 2, Kiruna 

(2014). No transmitter signal was recorded for this station. 

 

 

 

 
Figure A.22 Apparent resistivities 𝜌𝑎

𝑖𝑗
 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 13, profile 2, 

Kiruna (2014). 

 

 

 

 

Figure A.23 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 14, profile 2, 

Kiruna (2014). No transmitter signal was recorded for this station. 
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Figure A.24 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated RR, SS and ET for station 15, profile 2, Kiruna 

(2014). 

 

 

 

 

Figure A.25 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 16, profile 2, 

Kiruna (2016). 

 

 

 

 

Figure A.26 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 17, profile 2, 

Kiruna (2016). 
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Figure A.27 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated RR, SS and ET for station 18, profile 2, Kiruna 

(2016). 

 

 

 

 

Figure A.28 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 19, profile 2, 

Kiruna (2016). 

 

 

 

 

Figure A.29 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 20, profile 2, 

Kiruna (2016). 
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Figure A.30 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 21, profile 2, 

Kiruna (2016). 

 

 

Figure A.31 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated RR, SS and ET for station 22, profile 2, Kiruna 

(2016). 

 

A.3 Heby - Profile 1 

 

 

Figure A.32 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 1, profile 1, 

Heby. 
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A.4 Heby - Profile 2 

 

 

Figure A.33 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 1, profile 2, 

Heby. 

 

 

Figure A.34 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 2, profile 2, 

Heby. 

 

 

 

Figure A.35 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗estimated with RR, SS and ET for station 3, profile 2, 

Heby. 
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B  Estimates with different bias 

In Appendix B, results from Kiruna and Heby are presented in the form of apparent resistivities and 

phases, estimated from case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least squares (SS). Outliers 

have not been removed before computing the estimates. 

 

B.1 Kiruna - Profile 1 

 

 

Figure B.1 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 1, profile 1, Kiruna (2016). 

 

 

 

Figure B.2 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 2, profile 1, Kiruna (2016). 
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Figure B.3 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 3, profile 1, Kiruna (2016). 

 

 

 

Figure B.4 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 5, profile 1, Kiruna (2016). 

 

 

 

Figure B.5 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 6, profile 1, Kiruna (2016). 
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Figure B.6 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 7, profile 1, Kiruna (2016). 

 

 

 

Figure B.7 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 8, profile 1, Kiruna (2016). 

 

 

 

Figure B.8 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 9, profile 1, Kiruna (2016). 
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Figure B.9 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 10, profile 1, Kiruna (2016). 

 

B.2 Kiruna - Profile 2 

 

 

Figure B.10 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 1, profile 2, Kiruna (2014). 

 

 

Figure B.11 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 2, profile 2, Kiruna (2014). 
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Figure B.12 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 3, profile 2, Kiruna (2014). Part of the transmitter signal was not recorded for this 

station. 

 

 

 

Figure B.13 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 4, profile 2, Kiruna (2014). 

 

 

 

Figure B.14 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 5, profile 2, Kiruna (2014). No transmitter signal was recorded for this station. 
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Figure B.15 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 6, profile 2, Kiruna (2014). 

 

 

 

Figure B.16 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 7, profile 2, Kiruna (2014). No transmitter signal was recorded for this station. 

 

 

 

Figure B.17 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 8, profile 2, Kiruna (2014). 
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Figure B.18 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 9, profile 2, Kiruna (2014). No transmitter signal was recorded for this station. 

 

 

 

Figure B.19 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 10, profile 2, Kiruna (2014). No transmitter signal was recorded for this station. 

 

 

 

Figure B.20 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 11, profile 2, Kiruna (2014). 
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Figure B.21 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 12, profile 2, Kiruna (2014). No transmitter signal was recorded for this station. 

 

 

 

Figure B.22 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 13, profile 2, Kiruna (2014). 

 

 

 

Figure B.23 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 14, profile 2, Kiruna (2014). No transmitter signal was recorded for this station. 
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Figure B.24 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 15, profile 2, Kiruna (2014). 

 

 

 

Figure B.25 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 16, profile 2, Kiruna (2016). 

 

 

 

Figure B.26 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 17, profile 2, Kiruna (2016). 
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Figure B.27 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 18, profile 2, Kiruna (2016). 

 

 

 

 

Figure B.28 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 19, profile 2, Kiruna (2016). 

 

 

 

 
Figure B.29 Apparent resistivities 𝜌𝑎

𝑖𝑗
 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 20, profile 2, Kiruna (2016). 
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Figure B.30 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 21, profile 2, Kiruna (2016). 

 

 

Figure B.31 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 22, profile 2, Kiruna (2016). 

 

B.3 Heby - Profile 1 

 

 

Figure B.32 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 1, profile 1, Heby. 
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B.4 Heby - Profile 2 

 

 

Figure B.33 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 1, profile 2, Heby. 

 

 

 

Figure B.34 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 2, profile 2, Heby. 

 

 

 

Figure B.35 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for case 1 (c1), case 2 (c2), case 3 (c3) and ordinary least 

squares (SS) for station 3, profile 2, Heby.  
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C  Robust estimates 

In Appendix C, results from Kiruna and Heby are presented in the form of apparent resistivities and 

phases, estimated with single station (SS), robust SS (SSr), remote reference (RR) and robust RR 

(RRr). Outliers have not been removed before computing the estimates. 

C.1 Kiruna - Profile 1 

 

 

Figure C.1 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 1, profile 1, Kiruna (2016). 

 

 

 

Figure C.2 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 2, profile 1, Kiruna (2016). 
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Figure C.3 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 3, profile 1, Kiruna (2016). 

 

 

 

Figure C.4 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 5, profile 1, Kiruna (2016). 

 

 

 

Figure C.5 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 6, profile 1, Kiruna (2016). 
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Figure C.6 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 7, profile 1, Kiruna (2016). 

 

 

 

Figure C.7 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 8, profile 1, Kiruna (2016). 

 

 

 

Figure C.8 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 9, profile 1, Kiruna (2016). 
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Figure C.9 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 10, profile 1, Kiruna (2016). 

 

C.2 Kiruna - Profile 2 

 

 

Figure C.10 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 1, profile 2, Kiruna (2014). 

 

 

Figure C.11 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 2, profile 2, Kiruna (2014). 
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Figure C.12 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 3, profile 2, Kiruna (2014). Part of the transmitter signal was not recorded 

for this station. 

 

 

Figure C.13 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 4, profile 2, Kiruna (2014). 

 

 

 

Figure C.14 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 5, profile 2, Kiruna (2014). No transmitter signal was recorded for this 

station. 
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Figure C.15 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 6, profile 2, Kiruna (2014). 

 

 

 

Figure C.16 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 7, profile 2, Kiruna (2014). No transmitter signal was recorded for this 

station. 

 

 

Figure C.17 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 8, profile 2, Kiruna (2014). 
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Figure C.18 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 9, profile 2, Kiruna (2014). No transmitter signal was recorded for this 

station. 

 

 

Figure C.19 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 10, profile 2, Kiruna (2014). No transmitter signal was recorded for this 

station. 

 

 

Figure C.20 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 11, profile 2, Kiruna (2014). 
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Figure C.21 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 12, profile 2, Kiruna (2014). No transmitter signal was recorded for this 

station. 

 

 

Figure C.22 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 13, profile 2, Kiruna (2014). 

 

 

 

Figure C.23 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 14, profile 2, Kiruna (2014). No transmitter signal was recorded for this 

station. 
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Figure C.24 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 15, profile 2, Kiruna (2014). 

 

 

 

Figure C.25 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 16, profile 2, Kiruna (2016). 

 

 

 

Figure C.26 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 17, profile 2, Kiruna (2016). 
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Figure C.27 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 18, profile 2, Kiruna (2016). 

 

 

 

 

Figure C.28 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 19, profile 2, Kiruna (2016). 

 

 

 

 
Figure C.29 Apparent resistivities 𝜌𝑎

𝑖𝑗
 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 20, profile 2, Kiruna (2016). 
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Figure C.30 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 21, profile 2, Kiruna (2016). 

 

 

Figure C.31 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 22, profile 2, Kiruna (2016). 

 

C.3 Heby - Profile 1 

 

 

Figure C.32 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 1, profile 1, Heby. 
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C.4 Heby - Profile 2 

 

 

Figure C.33 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 1, profile 2, Heby. 

 

 

 

 

Figure C.34 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 2, profile 2, Heby. 

 

 

 

 

Figure C.35 Apparent resistivities 𝜌𝑎
𝑖𝑗

 and phases 𝜙𝑖𝑗 for remote reference (RR), robust RR (RRr), single station 

(SS) and robust SS (SSr) for station 3, profile 2, Heby. 
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