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Abstract 

More than 14000 local and regional earthquakes are catalogued automatically using the New 

Zealand GeoNet facilities each year. Thus, improving the quality and accuracy of automatic 

estimations of event locations and magnitudes are crucial for reducing the amount of manual 

analyses required to refine the automatic solutions. The motivation of this research is to 

evaluate and improve the current GeoNet automatic signal processing methods that are 

applied to the recordings of the New Zealand Seismograph Network (NZSN). The thesis 

presented addresses issues along this theme making three main scientific contributions.  

The first scientific contribution is using the Mode Low Noise Models (MLNM) to represent 

the ambient noise for the NZSN of the North Island by analysis recordings five years (2005–

2009). The MLNMs are used to evaluate sensor functionality, installation quality and to 

characterize ambient noise at each seismographic station. The NZSN long-term noise 

baselines can be used to prioritize the maintenance issues and to estimate earthquake 

detection capability. 

The second scientific contribution is the development and validation of an accurate method to 

evaluate the performance of the GeoNet pickers using real and synthetic seismograms of 

Matata earthquakes that occurred in 2008. We quantify the effect of radiation pattern and 

noise on the pickers’ performance which allows us to identify optimized locations for the 

seismographic stations and to provide efficient seismic signal processing schemes.  

The final contribution of the thesis is in the area of Wavelet Scale Thresholding (WST). We 

demonstrate when a suitably designed WST scheme is substituted for the current filtering 

scheme, enhancements in detection, accuracy and quality of automatic P-phase onsets can be 

achieved. We also investigate how the P‐phase picker’s performance behaves both spatially 

and temporally using 6471 waveforms from 3312 Matata earthquakes for a 4-year period 

(2007-2010). We demonstrate that WST provides superior time-frequency localization 

improving the detection capability and noise-signal modeling quality for 45% of the 

waveforms.  

It is hoped that the findings disseminated in this thesis will be of benefit to future researchers 

in the development of the NZSN and advanced signal processing implementations which 

improve the efficiency of the current GeoNet facility.  
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Chapter 1.Introduction to the Earthquake Seismology and Seismic 

Data Processing Methods 

1.1. Introduction 

This chapter reviews preliminary concepts and definitions of seismology and automatic seismic 

data processing. The first section, introduces seismology and its associated disciplines. 

Earthquakes and the causes of earthquakes are then explained. A brief introduction to Plate 

Tectonics and Elastic Rebound theories is then presented and the connection between faults and 

earthquakes are explained. Faults parameters and their types are then reviewed. Body and surface 

seismic waves released due to the occurrence of an earthquake are subsequently studied.  

We then review the seismic instrumentations including specifications of a seismometer i.e. the 

dynamic range, sensitivity and frequency bandwidth. Seismogram analysis of the seismic events 

and seismic phases associated with different earthquake types are studied. The main earthquake 

parameters such as locations and magnitude are then described. Seismograms recorded by a 

seismic network are processed at station and network levels. Components of the Seismic Data 

Processing (SDP) are then reviewed. Finally, the New Zealand (NZ) Earthquakes, GeoNet NZ 

and the current SDP used for the New Zealand Seismograph Network (NZSN) are reviewed. 

 

1.2. Seismology and Seismic Events  

Seismology is the science that studies the earth’s structure by means of the earth’s vibrations. 

The earth vibrations are generated by seismic sources (Bullen and Bolt 1985). Seismic sources 

can be natural such as earthquakes or man-made such as explosions (Mykkeltveit and Husebye 

1981). A “Seismic Event” is defined as an increase in the level of seismic energy due the 

vibrations generated by a seismic source (Gubbins 1990; Meyers 2010). Figure 1.1, shows the 

two main classes of seismic events and their associated sources.  

Based on the applied seismic methods seismology is classified into three main disciplines. These 

disciplines are explained below: 
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i. Earthquake Seismology investigates the structure of the earth’s crust, mantle and core 

through the study of earthquakes within a depth of 100 km1 (Udías 1999; Stein and 

Wysession 2003). 

ii. Engineering Seismology studies the response of structures and their constituting materials 

to the seismic events and includes seismic methods applied to the near surface studies 

(depth of up to 1km) (Gioncu and Mazzolani 2010; Akkar and Sucuoglu 2014). 

iii. Exploration Seismology provides seismic methods for exploration and development of oil 

and gas field within a depth of up to 10 km (Sheriff and Geldart 1995; Yilmaz 2000). 

 

 

Figure 1.1: Seismic Events classification and their associated sources 

 

This research is aimed to evaluate and enhance the quality and performance of the automatic 

seismic data processing for the New Zealand Seismograph Network (NZSN) that is essential for 

the seismological research in any of the mentioned disciplines. Seismic data includes the 

earthquake and non-earthquake vibrations. Non-earthquake vibrations are generated from the 

ambient noise sources (see Chapter 3). Earthquake events, their types and causes are now 

described. 

                                                 
1 Deep focus earthquakes have focal depth of up to 700 km Bolt, B. A. (2005). Earthquakes, W.H. Freeman. 
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1.3. Earthquake Causes and Types 

An earthquake is a shaking of the earth due to a sudden release of energy in the ground (Lee et 

al. 2003; Boer and Sanders 2005). Earthquakes are classified as induced or natural (Filiatrault 

2002).  

Induced earthquakes are results of human activities such as filling of a water reservoir, high 

pressure injection of fluids to produce geothermal energy and explosions associated with 

excavations, mining, quarrying, bomb tests or seismic explorations (Guha 2000).  

Natural earthquakes are associated with either volcanic or tectonic activities (Khan 1976; Bolt 

2003). This study focuses on the tectonic earthquakes and they are referred to as earthquakes 

hereafter. In order to understand the cause of earthquakes, definitions of “Stress” and “Strain” 

are required and now presented.  

 

1.3.1 Stress and Strain  

Stress at a point is defined as the ratio of the acting forces  at that point to the unit surface ∆  

with a certain orientation, i.e. lim∆ → ∆
 . 

Stress in a medium results in “strain” that is measured by ratio of a change in length or volume to 

the original length or volume (Reynolds; Shearer 1999; Udías 1999; Romanowicz and 

Dziewonski 2010). The dynamic behavior of soil is intricate and depends on many factors 

including level of strain. When the strain level is very small one can assume a linear stress–strain 

relationship (i.e. the Hooke low) in soil (Foti 2015) as given by (1.1): 

                                                                                                                             (1.1), 

where,  and  are the components of the symmetric stress  and the strain  tensors 

respectively and  are the components of the elasticity moduli.  

The Earth’s rocks are constantly undergoing stress and as a result they are deformed i.e. bended 

or broken. Plate tectonics is a mechanical theory developed in 1960s to describe how the outer 
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layers of the Earth move, interact, and deform (Isacks, Oliver et al. 1968; McKenzie 1969). Plate 

Tectonics theory provides an explanation for the occurrence of most earthquakes (Yeats and Sieh 

1997; Filiatrault 2002; Akkar and Sucuoglu 2014). PT theory is now briefly reviewed.  

 

1.3.2 Plate Tectonics Theory  

The Earth is composed of concentric layers that are called core, mantle and crust. According to 

PT theory the Earth’s surface consists of a series of tectonic plates, with each plate consisting of 

the crust and the more rigid part of the upper mantle, so called Lithosphere. The lithosphere lies 

on a viscous medium called Asthenosphere. Asthenosphere includes the weaker, hotter, and 

deeper part of the upper mantle. A cross section of the Earth is shown in Figure 1.2. The Earth’s 

layers as well as the lithosphere and asthenosphere are illustrated (Vogt 2007).  

The boundary between the lithosphere and the asthenosphere is a transition zone controlled by 

temperature. It is due to the change of heat transfer from conduction at the lithosphere to 

convection in the asthenosphere. At the lithosphere-asthenosphere boundary (LAB), the 

temperature reaches the melting temperature of the rocks (Fowler 2005; Gargaud 2006). The 

asthenosphere is solid but it yields by hot creep, allowing solid state flow that compensates for 

the motion of the lithosphere plates (Yeats and Sieh 1997). 

Moreover, the LAB is distinguished by a difference in response to stress. Lower viscosity of the 

rocks of the asthenosphere compared to those of the lithosphere allows the accommodation of 

stress imposed by tectonics forces and those of the thermal convections.  
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Figure 1.2: The Earth’s layers and the parts forming the lithosphere and asthenosphere (Vogt 2007). 

 

The lithospheric plates called tectonic plates hereinafter move with respect to one another over 

the asthenosphere due to the heating and cooling of the rocks at the LAB and deform under great 

stress (Damodarasamy and Kavitha 2009) 2.Based on the direction of the plate motions three 

classes of plate boundaries can occur (Damodarasamy and Kavitha 2009; Yeats and Sieh 1997; 

Filiatrault 2002). The 3 classes of plate boundary are now briefly described. 

 

I. Convergent boundary: The plates approach each other. Collisions of two plates of 

different thickness and density results in a subduction zone where the denser plate goes 

underneath the other one. 

II. Divergent boundary: The plates move away from each other. At such a boundary the 

lithosphere is compensated by the added material from the mantle. 

III. Transform boundary: The plates slide by one another. 

                                                 
2 The plates displacement rates vary from 1 to 15 cm every year Filiatrault, A. (2002). Elements of earthquake 
engineering and structural dynamics, Polytechnic International Press.. 
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Different classes of the plate boundaries are shown in Figure 1.33 (Delhi April 2002). 

 

 

Figure 1.3: Different classes of the plate boundaries: relative motions are shown by arrows. 

 

Earthquakes occur when the built up stress within a single plate or between adjacent ones goes 

beyond the strength of a fault, or the interface between the plates. Explained by Reid (Reid 1910) 

in conjunction with his study on the 1906 San Francisco earthquake, the Elastic Rebound Theory 

is the first theory that presented a physical link between the earthquake and the faults (Akkar and 

Sucuoglu 2014). 

 

1.3.3 Elastic Rebound Theory: The Fault -Earthquake Link  

A fault is a fracture in the Earth's crust along which rocks have been displaced (Fossen 2010; 

Gudmundsson 2011; Mandl 2000; Bell 2007). Typically, faults are associated with, or form the 

boundaries between Earth's tectonic plates.  

Based on The Elastic Rebound Theory (Reid 1910), as tectonic plates move with respect to each 

other the elastic strain energy builds up by strain within the volume of the surrounding rocks due 

to deformation. This energy is released (an earthquake) by a failure and displacement from the 

weakest point on a fault plane. Small cracks can grow up to be faults, but in almost all 

earthquakes most of the strain energy release will be due to displacement on a dominant fault 

that is already relatively large. Therefore, fault planes suddenly slip and a fracture occurs where 
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the movement takes place (Shearer and Orcutt 1987; Zobin 2003). After occurrence of the 

fracture the fault plates rebound at the interface. The elastic forces on the rocks are reduced as 

they do work (Khan 1976; Bolt 2003; Kayal 2008).  

 

1.3.4 Fault’s Geometry and Types 

Based on the Elastic Rebound Theory (Reid 1910) an earthquakes can be represented by a 

dislocation vector  along a fault plane. A shear fault model is a common simplification that 

assumes that there are no changes in the volume (Havskov and Ottemöller 2010; Koyama 1997; 

Udías 1999). The orientation of the dislocation vector  is specified by the fault parameters.  

Figure 1.4, illustrates a fault and its associated parameters. The crustal block above the fault 

plane is called “the Hanging wall” and the one below the fault plane is called “the Footwall”. 

The hanging wall moves with respect to the footwall.  

 

 

Figure 1.4: Fault parameters: Dislocation on the fault plan is specified by strike ( ), dip ( ) and rake ( ). 

	and 	 are the fault plane and slip direction normal vectors respectively(Akkar and Sucuoglu 2014). 
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The fault parameters are strike ( ), dip angle ( ) and rake ( ) (Aki and Richards 2002). The 

strike angle 0 2  is measured clockwise from North. The strike of a fault is defined so 

that the hanging wall is always put on the right and the footwall block is on the left. The dip 

angle 0 2 is measured between the fault plane and the horizontal ground surface. The 

slip direction  measured counter-clockwise from the strike direction and shows 

direction of the relative motion between the hanging wall and the footwall block (Aki and 

Richards 2002).  

Based on the fault and slip direction orientation the faults are classified as 1) strike-slip 2) dip-

slip or 3) oblique-slip. A fault is characterized as strike-slip when  is 0 and . The case 

0	is referred to as a left-lateral strike slip as the hanging wall block moves away from an 

observer who stands on the fault and looks in the strike direction. On the other hand, the case 

 represents a right-lateral strike slip.  

A fault is characterized as dip-slip fault when the hanging wall moves up or down i.e. 	

2⁄ . Dip-slip faults are classified as “normal” when the hanging wall moves downwards, i.e. 

0 . If the hanging wall moves upwards i.e. 0  the faulting is “thrust” or 

“reverse” (Damodarasamy and Kavitha 2009; Koyama 1997). An oblique-slip fault combines 

both dip-slip and strike-slip faulting where the vertical movement along the fault plane roughly 

matches the horizontal movement (Fossen 2010; Akkar and Sucuoglu 2014). 

 

1.3.5 Seismic Waves 

When an earthquake occurs part of the stored strain energy in the stressed rocks is released as 

elastic waves. Elastic waves associated with the tectonic earthquakes are classified into body and 

surface waves. Each is now described. 

 

1.3.5.1 Body Waves 

Body waves can propagate through the body of solid rock and soil. Main types of body waves 

are P-waves (primary or compressional waves) and S-waves (secondary or shear waves). P-wave 
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is faster and longitudinal whilst S-wave is transverse and arrives after the P-wave due to its lower 

speed. Only P-waves can travel through the Earth’s molten outer core since S-wave cannot 

propagate in liquids (Bullen and Bolt 1985; Bolt 2003).  

For an isotropic medium the properties are independent of directions and the stress-strain 

relationship is the same for any coordinate system. For an isotropic medium the stress- the 

elasticity moduli are only expressed by Shear modulus μ and Lame constant λ as given in 

(1.2).  

λ μ                                                                                            (1.2).  

Therefore, the strain relationship of (1.1) is reduced to (1.3): 

λ 2μ                                                                                                                (1.3). 

The equation of motion at each point of a homogeneous, isotropic elastic medium of volume , 

with a density of , Shear modulus μ and Lame constant λ and enclosed by a surface of  is 

obtained by the Newton's second law and equation (1.3) and is expressed in terms of spatial and 

time derivatives as given by (1.4).  

λ , μ , , ,
                                                                                     (1.4). 

Such a medium is shown in Figure 1.5, where the stress tensor T and external force F are the 

contact and body forces respectively and the displacement at each volume element is  (Aki and 

Richards 2002; Lee et al. 2003).  

The Navier equation is then obtained in terms of displacement using (1.4) as given in (1.5) 

(Udías 1999; Filiatrault 2002). 

.                                                                                    (1.5), 

where, 

 


                                              (1.6), 

and, 
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                                                                                                                                        (1.7). 

As mentioned before solutions of equation (1.5) are the P-waves and S-waves propagating with 

velocities  and  respectively. Thus, the actual velocity of P- and S-waves depends 

on the density  and elastic properties of the medium through which they pass (Bullen and Bolt 

1985; Udías 1999; Bolt 2003; Gadallah and Fisher 2005).  

 

 

Figure 1.5: A homogeneous, isotropic elastic medium of volume , with a density of  and enclosed by surface 

. The displacement of a volume element is denoted by  when the stress  and external force  are applied. 

 

The ratio between  and  can be obtained in terms of Poisson’s ratio () as given in (1.8). 

Poisson’s ratio is the ratio of lateral to longitudinal strain and has values between 0 and 0.5. The 

Poisson’s ratio definition is given in (1.9) (Gadallah and Fisher 2005; Lallemand and Funiciello 

2009).  




                                                                                                                              (1.8). 

 

 
                                         (1.9). 

Common approximation 
√

 can be used to calculate S-wave velocity from an available P-

wave velocity. This approximation is equivalent to describe the elastic behavior of the medium 
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by means of only one parameter (	  and therefore,   ) and is valid for almost all 

materials in rocks (Udías 1999).  

 

1.3.5.2 Surface Waves 

In reality, describing the displacement field due to an earthquake needs more complicated waves 

along with the body waves (P- and S-waves). This is because of the fact that the initial 

assumptions of homogeneity and infinity are not met by the Earth structure (Wallace and Lay 

1995). The Earth is heterogeneous medium that is bounded at the top by a free space and at the 

bottom by a half-space (Slob and Ziolkowsk 1993). As a result of the Earth’s structure refraction, 

diffraction, frequency dependent scattering and other wave phenomena such as wave type 

conversion and therefore, more complex waves are observed (Wallace and Lay 1995).   

Surface waves are the products of the interaction of the body waves with the free space boundary 

condition and the Earth’s heterogeneity. Surface waves are much slower than the body waves 

and restricted to move near the ground surface. Depending on the wave motion surface waves are 

classified into Love (SH) and Raleigh (P-SV) waves (Bolt 2003; Butler 2005; Gadallah and 

Fisher 2005). 

Unlike the P- and S-waveforms, the waveforms of the surface waves alter as they propagate. 

This is the main feature of the surface waves and is called “dispersion”. Dispersion is the result 

of the frequency dependent wave velocity (Reynolds; Butler 2005).  

 

1.4. Seismic Data Measurement and Recording 

In order to measure the ground motion due to a seismic wave, a seismic sensor is required. A 

device that detects the seismic wave motion is termed a seismometer and the entire instrument 

package including the recorder is called a seismograph (Shearer 1999; Havskov and Alguacil 

2004). The recorder uses a data logger to convert the seismometer’s output into a digital time 

series representation including times and magnitudes of the ground vibrations (IRIS PASSCAL 

Instrument Center, 2014). The data logger includes a digitizer (Analog to Digital Converter) and 
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a processor for the data storage, and network communications. The recorder’s output is called a 

seismogram (Shearer 1999; Havskov and Alguacil 2004). In order to keep correct time relative to 

the worldwide standard the recorder receives signals from the Global Positioning System (GPS).  

In order to have a complete description of ground motion three seismometers are needed: Two 

orthogonal seismometers to measure horizontal motions and one seismometer to measure the 

vertical motion. SH- and Love waves can only be registered by the horizontal component. P- and 

Raleigh waves can be registered by both vertical or horizontal components but can be observed 

clearer from the recordings of the vertical component. Modern seismographs include three 

sensors to record the three-dimensional ground motions and are termed “3-Component” 

seismographs (Shearer 1999; Lowrie 2007). 

Most common type of seismometers used for recording the earthquake signals are inertial and 

measure the ground motions relative to a suspended mass (Wielandt 2002). Figure 1.6, shows a 

mechanical seismograph that records the vertical ground displacement on the paper (plot (a)). A 

common addition to a traditional seismometer is an added coil to the mass that moves in a 

magnetic field and produces a voltage proportional to the ground velocity. A scheme of such an 

electromagnetic seismograph is shown in plot (b) of Figure 1.6 (Havskov and Ottemöller 2010.).  

 

 

Figure 1.6: Schemes of (a) a mechanical and (b) electromagnetic seismographs to measure the ground 

displacement and velocity respectively (Havskov and Ottemöller 2010.). 
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1.4.1 Specifications of a Seismometer 

Based on their mechanical and electronic designs seismographs have different specifications 

including the dynamic range, sensitivity and frequency bandwidth. Each is now briefly explained 

(Havskov and Alguacil 2004). 

 

1.4.2 Dynamic Range 

The dynamic range is defined as the ratio between the largest and smallest measurable 

amplitudes by a seismograph and usually is specified in terms of decibels (dB) (Lee et al. 2003), 

i.e., 20 log . The smallest amplitude is limited by the instrumental noise (Kanamori and 

Boschi 1984). Based on this definition, the dynamic range required to cover the entire range of 

ground vibrations due to a small noise (∝ 10 m 	 or an extreme earthquake (∝ 10m 	is 10  

or 220 dB. In practice, a good seismograph has got a dynamic range of 140 dB to cover the earth 

motions from 1nm to 10 mm.  

 

1.4.3 Sensitivity  

Sensitivity of an instrument is defined as of the ratio of the output’s variation to the input’s 

variation i.e.  (Padmanabhan 2000). Sensitivity determines the lowest signal level that can 

produce a measurable output. Based on sensitivity, seismic sensors are available in two general 

classes (Cochran, Lawrence et al. 2009). These classes are the weak motion (sensitive) sensors 

and the strong motion sensors (accelerometer) (Havskov and Alguacil 2004). Weak motion 

seismometers are applied to measure low amplitude ground motions of a small or a large distant 

seismic event. The weak motion sensors may clip in case of large ground motions (Cochran, 

Lawrence et al. 2009). Besides, their self-noise limits the sensitivity of the weak motion sensors. 

The instrument self-noise is inevitable and caused due to the Brownian thermal motion of the 

mass as well as the semiconductor and electronic noises (Havskov and Alguacil 2004). In this 

research all the recordings were measured by the weak motion seismometers. 
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1.4.4 Frequency Response and Bandwidth  

A seismograph is designed as a Linear Time Invariant (LTI) system. A LTI system satisfies the 

“superposition” and “scaling” properties (Oppenheim, Willsky et al. 1997). For the simplest 

mechanical inertial seismometer (see Figure 1.6.a) a linear differential equation with constant 

coefficient associates the input  ground displacement to the seismograph’s output, i.e., 

displacement of the mass  as given by (1.11):  

4 (t)+	4                                                                                  (1.11), 

where,  is the resonant frequency of the seismograph and  is the damping constant.  and  

are given by (1.12) and (1.13) respectively: 

	 /4                                                                                                                          (1.12), 

/4                                                                                                                          (1.13), 

 where,	  is the spring constant, and  is the friction constant. 

Solving the equation (1.11) results in obtaining the seismograph’s output for an arbitrary input. If 

the equation (1.11) is solved for a sinusoidal input , where  is the 

complex amplitude and  is the frequency then the corresponding output from a linear 

seismograph is a sinusoidal with the same frequency , where  is the 

complex amplitude. Furthermore, the Fourier Transform (see Chapter 2) enables expression of an 

arbitrary input signal  in terms of sinusoids of different amplitudes and phases and 

frequency i.e. ∑ . Therefore, the superposition and scaling properties of 

the seismograph enables to obtain the output  to the input signal  if we know how to 

find  due to a sinusoidal . For a simple mechanical seismometer of Figure 1.6.a, 

applying the Fourier Transform to the equation (1.1) with sinusoidal input 	and output  

results in (1.14): 

2                                (1.14). 

The frequency response function of the seismograph is then obtained by  as given in 

(1.15). 
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                                                                                                               (1.15). 

The frequency response  gives the relationship between the seismograph’s output  and 

the ground motion	  as a function of frequency. Frequency can be expressed in terms of 

Hertz (denoted by	 ) or rad/s (denoted by	 ) where 2 . 

Since  is a complex value at each frequency it can be rephrased as (1.16): 

           (1.16), 

where, the Amplitude response, , and the Phase response,	 , are given by (1.17) and 

(1.18) respectively. 

| |                      (1.17),  

                                                                                                                 (1.18).  

 

The instrument amplitude response gives the frequency bandwidth within which the seismograph 

can sense the ground vibrations. The bandwidth is limited by the corner frequencies. The corner 

frequency, , corresponds to the frequency where the amplitude response drops by 3db of 

peak value. Moreover, the frequency that corresponds to the intersection between the high and 

low-frequency asymptotes is referred to as the corner frequency (Agnew and Parker 2011). 

Figure 1.7, shows frequency response of a mechanical inertial seismometer with 1 rad/s 

and 1. The corner frequency is shown based on both definitions. 
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Figure 1.7: The frequency response of a mechanical inertial seismometer with  rad/s and  

including the amplitude response (Top), and the phase response (Bottom). The corner frequency  was 

obtained at -3dB as well as intersection between the amplitude’s asymptotes. 

 

A modern digital seismograph consists of the seismometer, amplifier, analog and digital filters 

and digitizer. In spite of the complicated electronic design, a digital seismograph can be 

represented by a linear system with a total frequency response function . The 

seismograph total frequency response is obtained by multiplying the response functions of its 

constituting elements together, i.e., 	  , where the response function of 

the seismometer is denoted by 	, and , ,  and  denote the response functions of 

the amplifier, analog filter, digital filter and the analog to digital converter respectively (Kim and 

Ekström 1996). 
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As mentioned before, the low corner frequency is set by the resonant frequency of the spring-

mass system (see Figure 1.7). The high frequency corner is usually determined by a low-pass 

anti-alias filter before the digitizer. The spectra of the signals before and after digitizer are shown 

in Figure 1.8. 

 

 

Figure 1.8: Signal and its spectrum before and after digitizer: The sampling frequency  determines the high 

frequency limit of the recorded signal in the frequency domain. 

 

The sampling rate of the digitizer  determines the high frequency limit of the recorded signal in 

the frequency domain. This is due to the fact that the spectrum of signal is scaled and repeated at 

multiples of  as a result of sampling. If signal components have frequencies higher than /2 

they must be filtered to avoid aliasing. The frequency of /2 is called the Nyquist frequency 

 (Havskov and Ottemöller 2010.; Smith; Scherbaum 1994). In a modern digital seismograph, 

oversampling and decimation technique are used to improve the dynamic range as it results in a 

reduced digitization error (quantization noise) (Havskov and Alguacil 2004; Scherbaum 1994). 

In such seismographs, the high frequency corner is determined by a digital anti-alias Finite 

Impulse Response (FIR) filter used before decimation. The anti-alias FIR filter is designed to 

have a very sharp cutoff before the Nyquist frequency	  (Havskov and Alguacil 2004; 

Rodgers 1992).  
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Figure 1.9, shows the effects of the seismometer frequency response and the anti-alias FIR filter 

on the instrument total frequency response. One can see how the total frequency response  

is determined by the frequency responses of the seismometer and the FIR filter. 

 

 

Figure 1.9: Total frequency response of a seismograph  is characterized by the frequency responses of 

the seismometer and the anti-alias FIR filter. 

 

Depending on the frequency bandwidth a seismograph it is classified as Short Period (SP), Long 

Period (LP), Broad Band (BB) and very broadband (VBB) (Cassinis, Nolet et al. 1989; Kayal 

2008). The SP seismographs are designed to record the Earth vibrations with frequencies of 1 to 

50 Hz and the LP seismograph are suitable for the motions with frequency range of 0.01-0.1Hz 

(Lowrie 2007). The limited bandwidth and dynamic range offered by SP and LP seismographs 

are extended by applying the force-balance principle (FBP) in designing the BB and VBB 

seismographs. In a force-balance balance seismograph the mass is kept at its center position by 

the electronic feedback circuit. The electronic circuit produces a voltage linearly proportional to 

the ground velocity. The FBP seismographs are very stable and linear within a very large 

dynamic range. A BB seismograph should provide complete seismic information within the 

frequency range of about 0.01 Hz to 50 Hz. Typical examples are the Guralp CMG40T with 
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frequency range of 0.03 to 50 Hz and the Wieland-Streckeisen STS2 with frequency range of 

0.008 to 40 Hz (kinemetrics Inc 2015; Stark 2005; Kayal 2008).  

The VBB seismograph can record ground motions with frequencies less than 0.001Hz that can 

be due to the Earth’s tides. Typical example of a VBB seismograph is the Wieland-Streckeisen 

STS-1 with a low frequency of 0.0027Hz (360s) (Metrozet 2009).  

 

1.5. Seismogram Analysis of the Seismic Events  

Seismograms contain the Earth’s vibrations caused by seismic sources as well as ambient noise 

including the effect of travel paths and instrument response at the recording site. Elastodynamic 

theory has made it possible to assume an observed seismogram as a combination of seismic 

source and linear filters presenting the wave propagation and the instrument response. Based on 

the theory of linear systems convolution of an input and the system‘s impulse response produces 

an output. Figure 1.10, displays how a seismogram  is produced by convolution of a source 

function , a propagation function filter  that represent the earth structure and the 

instrument response function i(t), i.e., ∗ ∗  where convolution of  and 

 is defined by (1.19) (Havskov and Ottemöller 2010; Wallace and Lay 1995; Romanowicz 

and Dziewonski 2010; Al-Shuhail 2011). 

∗ ≡                                                                                         (1.19). 

Therefore, seismograms are analyzed to obtain information about the seismic and ambient noise 

sources and the Earth's structure at each site. 

A seismic event can be identified as a section of a seismogram containing some irregularities. An 

irregularity is defined as a local deformation in a recorded signal in the scale of the analysis 

resolution (Varadharajan 2004). Either an earthquake or a noise burst produces irregularity in the 

corresponding seismograms (Allen 1978). However, an earthquake is distinguishable as it starts 

with a seismic phase arrival. A seismic phase is a displacement on the seismogram due to the 

traveling wave energy that is associated with a specific type of seismic wave e.g., P- and S- 

waves (Bullen and Bolt 1985; Zhou 2014). Seismic waves can travel along multiple paths 
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between a seismic source and the recording seismograph. Due to the non-homogeneous structure 

of the Earth the observed seismogram may include multiple seismic phases that correspond to the 

different paths. A multiple seismic phase is more complicated than P-and S-wave direct phases 

and is a result of interaction between body and surface waves and boundaries between layers of 

different rocks as well as the Earth’s different layers i.e., crust, mantle, outer and inner core 

(Bullen and Bolt 1985; Shearer 1999; Bolt 2003).  

 

 

Figure 1.10: The seismic convolutional model to explain the how a seismogram is produced. 

 

While P and S are used to denote the direct P- and S-phases, multiple seismic phases are named 

with regards to their paths. For example a P-wave that was reflected at surface is denoted by PP. 

Standardized names for the crustal, mantle and core seismic phases can be found at the 

International Seismological Centre (ISC) website http://www.isc.ac.uk/standards/phases (for 

more details see Storchak, Schweitzer et al. 2003; Storchak, Schweitzer et al. 2011). 

 

1.5.1  Seismic Phases and Earthquake Types 

The earthquake signals’ characteristics and observed phases in their corresponding seismograms 

vary depending on the distance between the earthquake source and the recording seismographs. 

Therefore, the earthquakes are generally classified into three types known as local, regional, and 

teleseismic earthquakes based on their distance from the seismographs (Lee and Stewart 1981; 

Gendron, Ebel et al. 2000; Kayal 2008). Definitions for the local, regional and teleseismic 
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distances are based on the observed seismic phases in the seismograms and are not unique in the 

available literatures due to the regional variation of crustal and upper mantle structure (Havskov 

and Ottemöller 2010).3 According to one class of definitions an earthquake is considered as  

 a local event with a distance smaller than 2˚ (~100 km) from the recording seismograph 

or, 

 a regional event where distance from the recording seismograph lies in the (2˚-20˚) 

interval (~200-2000 km)  or, 

 a teleseismic event with a distance larger than 20˚ (~2000 km ). 

 

On the other hand, Kayal (Kayal 2008) has defined local, regional and teleseismic events to be at 

distances smaller than 500 km, between 500 to1000 km and larger than 1000 km from the 

recording seismographs respectively.  

The seismic phases observed in seismograms of local, regional and teleseismic events are now 

explained.  

 

1.5.2  Local and Regional Earthquakes’ Seismograms:  

Based on the New Manual of Seismological Observatory Practice (NMSOP) (Bormann 2002) an 

earthquakes is considered local if the first seismic phases observed in seismogram are direct 

crustal phases. Direct crustal phases are denoted by Pg and Sg and include upgoing P- and S- 

waves from a source or with turning points in the upper crust. Local events are usually 

characterized by impulsive onsets, high frequency waves (f>5Hz) (Havskov and Ottemöller 

2010) and exponentially decreasing envelopes. A simplified two-layer model of the earth crust 

and the most important local and regional crustal phases are shown in Figure 1.11. The top layer 

is made of granite and the bottom one is a basaltic layer. The local phases are Pg and Sg and as 

                                                 
3 A more general classification has divided the distances between the earthquake source and the observatory point 
into “near” for distances ≤15˚ including local and regional events and “distant” for distances > 15˚ including 
teleseismic events (1˚ is approximately 111 km).  
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the distance increases depending on the angle of incidence critically reflected phases known as 

Pb,Sb, Pn, Sn and lower crust reflections called PmP and SmS can be observed. However, the 

simplified model of Figure 1.11 cannot explain the observed multiple P- and S-phases due to the 

reflection and refraction inside the local crustal structure. Local and regional events have their 

energy in the frequency band of (0.2-100) Hz and are best observable on the recordings of SP or 

SP filtered BB sensors with sampling rates greater than 80 Hz (Bormann 2002).  

 

 

Figure 1.11: A simplified model of the Earth crust showing the most important crustal phases that are 

observable at local and regional distances (Bormann 2002). 

 

1.5.3  Teleseismic Earthquakes’ Seismograms:  

Teleseismic earthquakes have their energy in the area of spectrum with lower frequencies in 

(0.01-1) Hz band (Bormann 2002). At the teleseismic distances the amplitudes of Pn and Sn 

phases become smaller and the first phase travels through deeper parts of the mantle. The 

Teleseismic seismograms contain multiple phases such as PKP, where “K” stands for the 

segment of the P-wave that passes through the outer core of the Earth. Teleseismic events are out 

of the scope of this study.  

 



 

23 
 

1.6. Measuring the Earthquake’s Parameters from the Seismograms 

Earthquakes are studied and quantified using the seismograms. The main earthquake parameters 

are the Earthquake location and magnitude. The earthquake parameters are used to characterize 

seismicity of a region of interest (Geodynamics et al. 2006). Each parameter is now defined.  

 

1.6.1 Earthquake Location 

The earthquake location is defined by the origin time and the hypocenter (Bormann 2002). The 

definitions of the origin time and the hypocenter are now presented. 

 

1.6.1.1 The Origin Time 

The origin time corresponds to the time when the earthquake rupture starts (Shearer 1999; 

Bormann 2002; Kayal 2008). 

1.6.1.2 Hypocentre, Epicentre and Focal Depth  

Although in tectonic earthquakes the source of energy is spreard out through a volume of rock, 

the point on the fault plane where the rupture starts is considered to represent the source location 

and called the earthquake hypocenter (focus). The hypocenter is expressed in terms of longitude 

, latitude  and depth  i.e., , , . The point above of the hypocenter on the Earth surface is 

called the epicenter and is given by longitude  and latitude  i.e., ,  (Shearer 1999; 

Filiatrault 2002).  

The earthquake focal depth is the vertical distance between the earthquake hypocenter and 

epicenter (Filiatrault 2002; Betbeder-Matibet 2008). Based on the focal depth, earthquakes are 

classified as shallow focus (focal depth <70 Km), intermediate focus (70Km<focal depth <300 

Km) and deep focus (focal depth >300 Km) (Stein and Wysession 2003). The earthquakes 

studied in this research are considered the shallow focus events. Figure 1.12, shows hypocenter 

and epicenter for an earthquake.  
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Figure 1.12: Earthquake hypocenter (focus) and epicenter 

 

1.6.2 Earthquake Magnitude 

Earthquake magnitude aims to quantify the size of the earthquakes as physical phenomena 

(Bormann  2002; Gabler et al. 2006). The scale of earthquake magnitude was originally 

established by Richter (Richter 1935). The Richter scale was based on the relationship between 

the seismic wave amplitude and the released seismic energy at source after considering the 

attenuation due to the travelled path. The Richter scale that is also called the local magnitude 

scale ( ) has been the most common magnitude scale. The definition of  is given by (1.20): 

≡ log  / log  log  log                                                   (1.20), 

where   is the maximum amplitude of the seismogram in terms of millimeter (mm) recorded 

by a Wood-Anderson seismograph at a distance of  km from the earthquake’s epicenter and 

  is the maximum amplitude at  km for a standard earthquake. Richter chose a standard 

earthquake as the one with an amplitude of 1 mm, i.e.  1mm at  100	km (Richter 

1958). Seismograms of other seismometers are required to convert to the synthesized Wood-

Anderson seismograms prior to the local magnitude computation. The definition assumes a 

similar falloff in amplitude with distance for different earthquakes. Different magnitude scales 

have been defined that deal with different waves recorded in the earthquake seismogram 
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(Shearer 1999; Naeim 2001; Bolt 2003; Kayal 2008). The local magnitude scale definition was 

extended to the surface wave magnitude scale ( ) (Gutenberg and Richter 1942) and the body 

wave magnitude scale ( ) (Gutenberg 1945) to cover more distant earthquakes. The surface 

wave magnitude scale  is used to measure the largest surface wave amplitude in shallow 

earthquakes and alternatively, the body wave magnitude scale 	  was defined for distances 

beyond 2000 km to minimise the variation in amplitude of p-waves with focal depth (Lee and 

Stewart 1981).  

The corner frequency of earthquake source spectrum was shown to be magnitude-dependent 

(Hanks 1979; Hanks and Kanamori 1979). For a larger fault, the rupture time increases and the 

corner frequency becomes lower (Stein and Wysession 2003). As a result the conventional 

magnitude scales ( , , 	can be underestimated in case of large earthquakes where the 

earthquake rupture duration is much larger than the period at which the magnitude is estimated 

(Meyers 2010, Bormann et al. 2011). Such magnitude underestimation is referred to as the 

“magnitude saturation” (Kanamori 1977; Hanks and Kanamori 1979; Shearer 1999). To address 

the magnitude saturation issue the moment magnitude scale ( ) was introduced (Kanamori 

1977; Hanks and Kanamori 1979; Howell 1981) that is related to the earthquake source physical 

properties. In order to determine the moment magnitude , moment M  should to be estimated 

using M 	μ , where μ is the shear modulus,  is the fault slip and  is the area of the fault 

that slipped. The moment M  is in term of Newton meter (Nm) and estimates the amount of work 

done by force couples to produce the elastic rebound along a fault.  is then obtained by M  as 

given in (1.21) (Bruce 2004; Meyers 2010, Bormann et al. 2011). 

log 9.1                                                                                                         (1.21). 

Hereinafter, the term “magnitude” is used to refer to the local magnitude  unless specified. 

 

1.7. Earthquake Catalogues, Seismic Stations and Network of Seismographs 

An earthquake catalogue includes a list of the estimated parameters from the earthquakes 

occurred over a desired time interval (Meyers 2010). To obtain the earthquake catalogue in a 

local or global scale, a group of seismic stations are required to work together for data collection 



 

26 
 

and analysis. This group of seismic station constitutes a seismic network (Havskov and Alguacil 

2004). 

A seismic station includes a seismograph. The seismograph can either consist of single4 or triple 

sensors. A 3-component (3-C) seismograph records the ground vibrations in East-West (EW), 

North-South (NS) and Vertical (V) directions. At each seismic station, SP type sensors are 

usually installed at surface level and BB type sensors are either installed at a few meters depth in 

shallow vaults, in tunnels or vacant mines or in boreholes. The reason is that BB types are more 

sensitive to the ambient noise, temperature and pressure variations (Bormann 2002; McMillan 

2002). Amongst these methods, installing a BB sensor in a borehole is known to be the most 

efficient but expensive way of reducing the ambient noise effect and temperature variation on the 

data quality (Lee et al. 2002; Havskov and Alguacil 2004). There is always a compromise 

between cost of installation and the quality of the recording.  

 

1.8. Automatic Seismic Data Processing 

Seismic data recorded by a network of seismographs are sent to a data center to be processed. 

Figure 1.13, presents a scheme of general automatic Seismic Data Processing (SDP) routines 

performed in a typical data center at seismic station and seismic network levels. The main 

product of the automatic data processing at a data center is an initial earthquake catalogue 

containing the estimated parameters for the earthquake events within a region covered by a 

seismic network.  

Automatic SDP are performed at the station and network levels. The station-level SDP is divided 

into the three main parts. These parts are 1) real-time earthquake detection, 2) seismic phase 

identification and picking and 3) data quality control (Johnson, Hirshorn et al. 1994; Sleeman 

and Van Eck 1998). The main parts are shown by green rectangles in the flow chart of Figure 

1.13 and are now explained. 

 

                                                 
4 A single component seismograph usually records the vertical ground vibrations. 
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Figure 1.13:A general scheme for the automatic SDP at a typical data center. The procedures are performed 

at station and network levels. Main parts are shown by green rectangles at the station level and by blue 

rectangles at the network level. 

 

1.8.1 Components of the Station-Level SDP 

1.8.1.1 Real-Time Earthquake Detectors  

“Detection” is the first procedure in an automatic SDP scheme (Bormann 2002). In seismology 

the term ‘detection’ is used for an algorithm that processes the seismic record in order to identify 

the occurrence of an earthquake event. A system that executes the detection algorithm is called a 

detector. A well designed detector is able to realize the weak earthquake signals while rejecting 

the strong noise burst at the same time (Allen 1978). Several detection algorithms have been 

designed to work in time or frequency domain. As the earthquake signals at different epicentral 

distances from a seismic station have different characteristics, a detector needs to be customized 

to detect different earthquake types (Küperkoch, Meier et al. 2012). The majority of the time 
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domain detection algorithms (Stewart 1977; Allen 1978; Earle and Shearer 1994) employ the 

Short Term Average to Long Term Average Ratio (STA/LTA) of different Characteristic 

Functions (CFs). A CF responds to the change of the frequency content or amplitude, or both, in 

the seismic data set as fast as possible. Stewart’s CF (Stewart 1977), MXD, was calculated based 

on the first difference of the incoming signal where slope changes were emphasized. It was 

demonstrated that MXD could preserve the direction of the first motion as well as the oscillatory 

nature of the original data while it could be computed very fast. A well-known CF was designed 

by Allen (Allen 1978) and equal to the sum of the square of data and weighted square of the first 

derivative as given in (1.22). 

1                                                                         (1.22), 

where,  represent the value of seismogram at the time sample  and  is a weighting 

constant.  

 

Figure 1.14, shows a synthetic signal  and the corresponding values of , ∀ 2. The 

signal  is generated using (1.23) where 0,1  represents uniformly distributed random 

noise with values in the 0,1  interval before the start of the sinusoid and sampling rate was set to 

200 Hz:  

0,1 																																										0 102
5 sin 8 Δ 	, Δ 0.005		 					 102

                                                          (1.23). 

As can be seen sensitivity to the magnitude and frequency changes were emphasized when 

 was used. 
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Figure 1.14: Synthetic signal  (black) and its  (blue): Using CF has amplified sensitivity with 

respect to the changes in magnitude and frequency of the signal. 

 

The STA measures the instant amplitude of the seismogram while the LTA represent the average 

seismic noise amplitude (Trnkoczy 2002). The STA and LTA are estimated by defining the STA 

and LTA windows of lenghts  and  respectively. The STA/LTA can be estimated using 

either a non-recursive or a recursive method (Withers 1997) as presented in (1.24) and (1.25) 

respectively. 

Non-Recursive: 
1

		 1 	
                     (1.24), 

Recursive: 
1 1

		 1 1 	
                                   (1.25), 

where,  and  are decay constants and commonly set to  and  respectively 

(Withers, Aster et al. 1998).  
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Figure 1.15, shows the LTA and STA obtained for the  of signal . It can be seen that 

the arrival of the sinusoid has caused a peak in the STA/LTA. In this example the non-recursive 

method of (1.24) with 50 and 6 samples was used. 

 

 

Figure 1.15: Obtaining non-recursive STA/LTA for signal : It can be seen that the STA/LTA has 

reached a peak when the sinusoid is arrived. 

 

A STA/LTA detector declares the start of an event if STA/LTA exceeds a given threshold value. 

In order to prevent false declaration due to a noise spike a length criterion is usually considered 

for the coda of the detected event (Allen 1978). 

However, the STA/LTA detectors do not perform well in low signal to noise ratio (SNR) 

conditions. Furthermore, they may produce false alarms when they process a noise burst 
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originated from either natural or cultural sources. Several modifications have been suggested to 

improve the detector’s performance for specific earthquake types. For example, the STA/LTA 

algorithm can be enhanced by adaptive window length adjustment (Tong 1995; Withers, Aster et 

al. 1998). Whiters et al. (1998) compared the performance of the different detection algorithms 

to find an appropriate approach to meet the requirements of a waveform correlation event-

detection and location system abbreviated WCEDS. While no algorithm had optimal 

performance under all conditions, an STA/LTA algorithm with adaptively adjusted window 

length was found to fit the needs.  

 

Evans et al (1983) modified the Allen’s CF (Allen 1978) and applied two band-passed filtered 

seismograms (for high‐passed and low‐passed versions of a seismogram) to the revised 

STA/LTA detector. The modified detector was shown to improve detection of weak teleseisms 

and to concurrently reject small local earthquakes and noise. 

Botella et al (2003) added a pre-filtering stage using the discrete wavelet transform and applied 

the wavelets filtered seismograms to the classical Stewart STA/LTA (Stewart 1977) to improve 

the local earthquake detection for the SP stations of the local seismic network in the province of 

Alicante. Pre-filtering with db7 wavelet from the Daubechies wavelet family resulted in 

improved detection rates as well as reduced false alarms.  

Another method to reduce the detection threshold of a standard STA/LTA detector is to apply 

waveform cross-correlation. In cases of aftershock sequences or earthquake swarms with similar 

waveforms a template waveform that represents the event signals can be obtained. The template 

waveform is then cross-correlated with successive time segments of incoming data. The obtained 

cross correlation trace can be processed by a standard STA/LTA detector. This architecture is 

referred to as a matched-filter or correlation detector. Gibbons and Ringdal (2006) applied the 

waveform correlation method to detect the small aftershock associated with a larger event .It was 

demonstrated that single-channel waveform correlation could detect signals of approximately 0.7 

orders of magnitude lower than that can be detected by a STA/LTA detector. Results of 

statistical analysis on the capability of correlation detector for similar events reported by Schaff 

(2008) showed more than an order of magnitude improvement with a reasonable rate of false 
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alarms using a correlation detector over standard detectors. However, the detection capability 

using waveform correlation will decrease if the similarity between waveforms decreases due to 

the change in epicentral distance, mechanism difference or time-source function. In a more 

recent article Schaff and Waldhauser (2010) demonstrated that a correlation detector can reduce 

the detection thresholds of by an order of a magnitude over standard detectors for a large number 

of regional earthquakes in China and Parkfield. 

Apart from the time domain techniques, frequency domain methods have applied to the seismic 

data to identify changes in signal frequency as well as amplitude due to the phase arrival. 

Goforth and Herrin (1981) applied the Walsh transform (Walsh 1923) for real-time earthquake 

detection. To perform pre-whitening and band-pass filtering in the Walsh domain a set of filter 

weights in the selected pass-bands was generated. Absolute values of the weighted Walsh 

coefficients were then added together and compared to a threshold level. The threshold level was 

computed by means of the median and 75th percentile of the distribution of the previous 512 

sums of absolute values. The reason of choosing the Walsh transform rather than the fast Fourier 

transform was the computation time (Kanasewich 1981). The reason is replacement of the 

sinusoids by orthogonal square functions in the Walsh transform with values of +1 and -1. 

Gledhill (1985) suggested a Discrete Fourier Transform (DFT) based method for regional 

earthquake detection which solved the computation time problem by matching the method of 

DFT calculation and the data format with the internal architecture of the microprocessor. 

Gledhill showed that his detector outperformed the Allen’s time domain detector. The Gledhill 

detection method is currently used as the standardised earthquake detector to detect earthquake 

events from the recordings of the NZSN (Rastin, Unsworth et al. 2010). The Short-Time Fourier 

Transform (STFT) based methods perform well for the events containing long-duration waves at 

a particular frequency (Gendron, Ebel et al. 2000). In order to detect events with highly time 

localized waves Gendron et al. (2000) applied a multi-resolution time-frequency approach. He 

used Daubechies order 2 (db2) to compute the Discrete Wavelet Transform (DWT) for 1025-

point data blocks. By assuming a Gaussian distribution for noise they obtained a threshold at 

each scale for the event declaration. They showed that probability of detection was double that of 

a narrow band STA/LTA detector for stations of the New England seismic network. 
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Capilla (2006) had a similar motivation for applying the Haar wavelet transform to detect the 

transient arrivals of the micro-earthquakes. She employed the wavelet variance to discriminate 

between the phase arrivals and the noise originated signals and then used the squared wavelet 

coefficients to emphasize the phase arrivals. She showed that the wavelet based detector could 

detect the same events identified by the analyst with very similar arrival time estimations. 

While all the aforementioned methods detect all the deviations from an assumed noise model as 

a seismic event (including false alarms and earthquakes) Joswig (Joswig 1990; Joswig 1994) 

proposed a detection technique by using patterns of known earthquakes and noise bursts. He 

obtained the known patterns from the spectrogram images of the seismic recordings that display 

the spectral energy versus time. The pattern-recognition based detector detects the earthquakes 

and rejects the noise burst by recognizing the occurrence of these patterns in a seismogram. The 

pattern-recognition detector outperformed the Walsh detector when applied to 25-day recordings 

of the BUG network (Joswig 1990). In addition, some authors have employed the ability of 

Artificial Neural Networks (ANN) in pattern classification for real time earthquake event 

detection. An ANN is an interconnected assembly of simple processing elements called nodes. 

These nodes are connected with some weights that are adaptively adjusted when the ANN is 

trained with a set of patterns and the knowledge of the ANN is stored in these weights. When the 

ANN is properly trained, it is possible for it to recognize the occurrence of similar patterns 

(Gurney 1997). Wang and Teng (1995) designed two types of ANN based detectors by using the 

recursive STA/LTA time series and moving window spectrograms as input data respectively. 

Both ANN detectors had superior performance especially for low SNR signals with spike-like 

noise comparing to that of a conventional STA/LTA detector. Timo (1999) proposed an ANN 

based post detection processing for the teleseismic event detection. He applied four different 

STA/LTA values obtained from filtered data by 7 different pass-band filters as inputs to a multi-

layer perceptron (MLP). The MLP was trained to give high output values for earthquake event 

and low output for noise and the earthquake coda. His method was shown to detect 25% more 

events comparing to a Murdock-Hutt detector (Murdock and Hutt 1983) and to produce 50% of 

false alarms when it was tuned to produce the same number of detections as the Murdock-Hutt 

detector. 
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Alternatively, using Hidden Markov Models (HMM) for detection and classification of 

earthquakes has been adapted from the field of speech recognition. Detection rate of the HMM 

based detector (81%) was reported to be slightly lower than that of the recursive STA/LTA 

(90%) (Beyreuther and Wassermann 2008). 

 

1.8.2 Seismic Phase-Picking and Identification, Automatic Phase-Pickers 

When presence of a seismic phase is recognized by the detector the seismic phase is identified 

and the associated onset time is accurately ‘picked’. Whilst the detection process can be 

performed independently the picking and identification are not necessarily independent and are 

performed by “phase pickers” (Sleeman and Van Eck 1998). The main difference between a 

detector and a phase picker is the need for accurate estimation of the onset time of phases and 

hence the use of frequency domain-based methods is inapplicable for this purpose (Allen 1982).  

Performance of a picking algorithm can be accessed by comparing automatically picked onset 

times and manually picked ones. Similar to the detector, proper adjustment of the phase picker’s 

parameters is necessary for different earthquake types, i.e. local, regional and teleseismic 

(Küperkoch 2010; Küperkoch, Meier et al. 2012). However, even for a set of waveforms 

associated with very similar earthquakes, the picker’s performance depends on the location of 

each station with respect to the epicenters. Rastin et al. (2013) studied effect of the radiation 

pattern (Udías 1999) on the GeoNet pickers’ performance 85 hypothetical stations by 

synthesizing seismograms of the earthquake swarm in Matata, NZ, during 2008 (See Chapter 4). 

Therefore, adjusting the picking parameters at each station is reasonable to deal with the location 

dependency of the pickers’ performance. Nippress et al (2010) developed a minimization 

approach to optimize the picking parameters at each station of a temporary network in northern 

Chile and southern Bolivia. They demonstrated how individual automatic optimization of the 

picking parameters rather than a general adjustment for the network reduced number of missed 

onsets as well as the picking errors. 
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 In regional and local distances P- and S-phases are of great importance as accurate P- and S- 

onset times improve the accuracy of automatic SDP to estimation the earthquake’s location and 

magnitude at the network-level (Bullen and Bolt 1985)5.  

P-arrivals are associated with compressional body waves and are more obvious from the vertical 

component of a seismogram while S-arrivals are better observable from the horizontal 

components (Bullen and Bolt 1985). Based on differences in P- and S- wave properties, as well 

as their associated variations in amplitude and frequency, several algorithms have been designed 

and used for phase picking and identification (Sleeman and Van Eck 1998). A review on 

different methods of P- and S- phase picking is now presented. 

 

1.8.2.1 P-Phase Pickers 

P-phases as the first arrivals are the simplest phases to be picked from either single-component 

or 3-C records. Allen (1982) presented a general algorithm for the STA/LTA pickers. However, 

the algorithm performance was highly dependent on the selection of a picking characteristic 

function (CF). The picking CF may or may not be the same as the detection CF (Leonard 2000). 

For example, Baer et al. (1987) defined a modified amplitude envelope function for picking 

which was different from the one defined for the phase detection. In addition, proper adjustment 

of the threshold setting and the resetting algorithms should improve the performance of the 

picker. Allen (1982) considered a dynamic adjustment of the threshold setting in the USGS 

picker for rejecting the non-Gaussian noise. Baer et al (1987) used an incorporated dynamic 

threshold to improve the detection of weak signals in low SNR conditions. 

On top of the STA/LTA approach, several P-phase picking approaches were proposed based on 

statistical modeling (Sleeman and Van Eck 1998; Leonard and Kennett 1999; Sleeman and van 

Eck 1999; Leonard 2000; Zhang et al. 2003). Most of these approaches include fitting 

autoregressive (AR) models to seismograms and using Akiake Information Criterion (Akaike 

1987) to measure the goodness of fit (Morita and Hamaguchi 1984; Takanami and Kitagawa 

1988). For a stationary time series , 1, … , a current measurement  can be 

                                                 
5 In teleseismic distances P-phase onsets are mainly used for the location estimations. 
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expressed with an AR model which a linear combination of an infinite number of the past 

measurements , 1, . . ,  plus a random element  as given in (1.26). 

∑ 	                                                                                          (1.26), 

where  is the order of the AR model (Wang and Jain 2003).  

Sleeman and van Eck (1999) applied the method proposed by Morita and Hamaguchi (1984) to 

accurately estimate the P-phase onset through the joint AR-modeling of the noise and the seismic 

signal and application of the Akiake Information Criterion (AIC). In doing so, an initial 

estimation of the P-phase onset ̂  for the AR-AIC picker was provided by a STA/LTA picker. 

Within a modeling window of length  two intervals of seismogram ,

1, … ,  and , , … ,  were considered to represent seismic noise prior 

to the P-phase onset and the earthquake signal respectively and thus they include ̂ . The 

seismogram intervals 	  and  were assumed to have different statistical properties and 

thus an AR-model of order  (see (1.26)) with Gaussian random  variable with mean value 

of 0 and variance 	  was fitted to each of them, i.e. , , 1, . . , 1,2 . 

The accurate P-onset is at the changing point between  and  i.e., 1. The 

changing point was then obtained where the AIC value was minimized. AIC that is defined in 

(1.27). 

2 log max	 	 ; , , , , , 2                                               (1.27), 

where ; , , , , ,  is the joint likelihood function for two AR models in 

intervals 1,  and 1,  and  is order of the AR models. 

The AIC evaluates the fitted models and is minimized at point  where the likelihood function  

is maximized, i.e. 	  results in the best fit for both AR models.  

Sleeman and van Eck (1999) also compared performances of the BK picker (Baer and Kradolfer 

1987) and the AIC-AR picker for 1109 P-phase onsets from local, regional and teleseismic 

earthquakes and demonstrated that the AIC-AR picker identified larger number of the P-phases 

with smaller picking errors.  
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Leonard (2000) modified the AR-AIC picker by adjusting the obtained onset time based on the 

slope of the AIC to reduce the picking error. They compared the performance of the adjusted 

AR-AIC picker, the Earle and Shearer picker (Earle and Shearer 1994) and the AR-AIC picker of 

Leonard and Kennett (1999) for 78 teleseismic phases. Amongst the three automatic pickers, the 

adjusted AR-AIC picker had the closest estimations to the analyst picks. 

Zhang et al (2003) showed that the AIC picker developed by Maeda (1985) does not perform 

well in low signal to noise ratio (SNR) conditions. Maeda’s AIC picker (Maeda 1985) was 

designed to work directly with records without fitting them with the AR model. They combined 

this AIC picker algorithm with multi-resolution wavelet analysis to improve the performance in 

low SNR conditions. Amongst the 80% of P-Phase arrivals picked from low SNR seismograms, 

81% were within 0.2 second of manual picks. 

The GeoNet in New Zealand uses an AR-AIC picker (Sleeman and van Eck 1999) to pick the P-

phase onsets from recordings of NZSN (Rastin, Unsworth et al. 2013; Rastin, Unsworth et al. 

2014). Rastin et al (2013) studied the effect of noise on the GeoNet P-phase picker performance 

by contaminating synthetic seismograms of 85 hypothetical stations with the Additive White 

Gaussian Noise (AWGN) to produce three different SNR levels of 20, 10, and 3 dB. Percentages 

of missed onsets and large picking errors as a result of the P-phase misidentification (See chapter 

4) highlighted a need for a modified seismic noise reduction to improve the P-phase picking 

performance in low SNRs. They reported an outstanding improvement up to 70% in the current 

P-phase picker’s performance by replacing the conventional Butterworth filtering with the 

wavelet scale thresholding (WST) for the waveforms of 811 events chosen from the 2008 Matata 

swarm (See chapter 5) (Rastin, Unsworth et al. 2014). 

In addition to the aforementioned methods, higher-order statistics (HOS) has been introduced in 

designing another class of P-phase pickers. HOS pickers work based on the non-Gaussianity of 

the P-waves (Saragiotis, Hadjileontiadis et al. 2002; Saragiotis and Rekanos 2004; Galiana-

Merino, J. et al. 2008; Küperkoch, Meier et al. 2010; Baillard, Crawford et al. 2014). Saragiotis 

and Rekanos (2004) proposed to use skewness and kurtosis to identify the transition from 

Gaussianity to non-Gaussianity in case of a seismic phase arrival. Skewness and kurtosis are 

(Mood, Graybill et al. 1974) used to measure degrees of symmetry and of non-Gaussianity 

respectively. Experimental results from seismogram analysis confirmed that the Phase Arrival 
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Identification–Skewness/Kurtosis (PAI–S/K) algorithm (Saragiotis, Hadjileontiadis et al. 2002) 

outperformed the Allen’s picker (Allen 1978) when applied to noise contaminated seismograms. 

The PAI–S/K algorithm was later extended in the procedure of selecting a final estimation for 

the P-onset (Saragiotis and Rekanos 2004). The extended method used the Chebyshev inequality 

and -statistics to determine either a single P-onset or an interval containing the P-onset peak, 

both with a confidence percentage. Galiana-Merino et al. (2008) proposed a similar Kurtosis-

based P-phase picker in the stationary wavelet domain. The algorithm analyzed time-frequency 

features of a seismogram at a 5- level Haar wavelet decomposition. The comparison between the 

time-domain Kurtosis based algorithm of Saragiotis and Rekanos (2004) and the stationary 

wavelet domain version confirmed the less sensitivity of the latter method to both the Signal-to-

Noise Ratio (SNR) and the type of the noise (Galiana-Merino, J. et al. 2008). 

Recently, Küperkoch et al (2010) combined the HOS and AIC to design an iterative P-phase 

picker for local and regional seismic events. They applied Maeda method (Maeda 1985) to 

calculate the AIC directly from a Characteristic Function (CF) obtained by HOS. The local 

minimum of the AIC curve was considered as an initial estimation for the P-phase onset. The 

initial P-onset was then refined by re-calculating the CF from a bandpass filtered waveform. The 

proposed picker was evaluated by means of 3383 reference picks and compared to the Allen’s 

(Allen 1978) and BK’s (Baer and Kradolfer 1987) pickers. While 80% of the automatic picking 

errors were smaller than the manual picking error of 0.5s with the Kurtosis-based picker they 

went beyond 0.5s for 80% of the onsets picked by the Allen’s and the BK’s pickers.  

 

1.8.2.2 S-Phase Pickers 

Compared to the P-phase picking, the S-phase identification and picking is more complicated 

(Diehl, Deichmann et al. 2009; Küperkoch, Meier et al. 2012). Diehl et al (2009) explained 

common issues that can affect the correct picking of the first arriving S-phase in an electronic 

supplement for their article. S-waves travel at a lower speed compared to the P-waves and 

therefore, later P-phases such as PmP (see Figure 1.11) and sometimes converted sp-phases that 

arrive before the S-phase can be picked as the first S-onset). Besides, emergent S-phases at larger 
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epicentral distances can be missed or picked with large errors (Diehl, Deichmann et al. 2009; 

Amoroso et al. 2012). 

In order to identify and pick the S-phase onset time, 3-C seismograms must be processed. Most 

of the proposed methods are based on distinguishing the differences in particle motions and 

linear polarization of the S-waves compared to those of the P-waves.  

As discussed in section 1.3.5, P- and S-waves are the independent solutions of the equation of 

motion for a homogeneous, isotropic elastic medium (see equation (1.4)). Therefore, in order to 

enhance the phase arrivals on the ground motions recorded at the East-West (EW), North-South 

(NS) and Vertical (V) directions at each station one can rotate the seismograms into the direction 

of the P-wave propagation and its transverse directions SV and SH. Majority of polarization 

analysis method for seismic phase identification include applying non-linear time-variant filters 

to obtain a modified seismogram with enhances particle motion and involves with seismogram 

rotation into the wave propagation direction (Flinn 1965; Montalbetti and Kanasewich 1970; 

Jurkevics 1988; Cichowicz 1993; Oonincx 1998; Diehl, Deichmann et al. 2009). The 

coordination system based on the wave propagation is called a ray or LQT coordinate system 

(Diehl, Kissling et al. 2011). Rotation requires values of azimuth angle and incident angle 

denoted by  and  respectively and is performed using (1.28) (Mohsen 2004; Diehl, Deichmann 

et al. 2009; Amoroso et al. 2012).  

,                                                                                                           (1.28), 

where,	 ,
cos 	 sin sin sin cos
sin cos sin cos cos
0 cos sin

 is the transformation matrix (IRIS 

2015). 

Azimuth is a clockwise angle between the direction to North and the direction to the station at 

the epicenter (Havskov and Ottemöller 2010). The angle of incidents is a clockwise angle 

between an arrived seismic phase and the vertical direction. The ray system coordinates 

, ,  as well as azimuth angle  and angle of incident  are shown in Figure 1.16.  
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Table 1.1: Coordinates of the magnitude-8.8 near coast of central Chile on 2010-02-27 at 06:34:13 

Event ID Origin Time Latitude (Deg) Longitude (Deg) Depth (km) Contributor 

2844986 
2010-02-27  

06:34:13 
-36.149 ° -72.933 ° 28.1 ISC 

 

 

Figure 1.16: (a) Azimuth angle  with respect to the coordinates of the ray system , ,  and (b) angle 

of incident  with respect to the vertical direction. 

 

There are two ways to obtain the rotated seismogram. Theoretically, the azimuth angle  and the 

angle of incidence  can be estimated from the earthquake hypocenter and the station’s location.  

Figure 1.17(a), shows recordings of the ANMO station in New Mexico from the Global 

Seismograph Network (GSN) for a magnitude-8.8 (MW) earthquake near coast of central Chile. 

The event was extracted from the ISC catalogue. The hypocenter information is given in Table 

1.1. 

The ANMO station is located at the latitude of 34.95° and the longitude of -106.46°. As a result 

values of the azimuth and incidence angles were obtained as 332.19° and 89.7° 

respectively. The rotated seismogram in the LQT system were computed using (1.28) and shown 

in Figure 1.17 (b). It can be seen the vibrations due to P- and S-waves were emphasized on their 

corresponding directions in the LQT coordination. 
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Figure 1.17: (a) Original (b) rotated seismograms recorded by the ANMO station, New Mexico containing a 

magnitude-8.8 earthquake (see Table 1.1). 

 

However, if the hypocenter is not known the first P-phase onset is used to compute the 3-C 

covariance matrix of (1.29) for a window of length N around it (Jurkevics 1988; Mohsen 2004).  

, , ,
, , ,
, , ,

                                                    (1.29),  

where , ∑ ̅  is the covariance of vertical and East-West 

recordings with the average values of ̅ and  withthin the chosen window respectively. The 

eigenvalues (Williams 2011) of  are then computed6 and the azimuth angle  and the angle 

of incidence  are estimated using the eigenvector corresponding to the largest eigenvalue 

 using (1.30) and (1.31) respectively.  

Azimuth:  	 tan                                                                                                         (1.30), 

                                                 
6 A value  is an eigenvalue of matrix  if , ∀  and  is called the eigenvector of the matrix . 



 

42 
 

Incidence:  cos                                                                   (1.31), 

where  1,2,3 are the components of  in terms of V, NS and EW directions 

respectively.  

 

Figure 1.18: Obtaining azimuth angle  and angle of incidence  by means of using the covariance matrix 

 and the eigenvector corresponding to the largest eigenvalue . 

 

Figure 1.18, demonstrates the estimation of  and  by means components of  over the EW, 

NS and Vertical (V) directions. 

The eigenvectors , 	, 	 corresponding to the eigenvalues  with 

a decreasing order were then obtained and used to rotate the seismograms by (1.32). 

|	 	|	 	                                                                                          (1.32). 

In order to accurately identify and pick the S-phase onsets Cichowicz (1993) computed the 

eigenvalues 	 , 	 , 	  and eigenvectors 	 , 	 , 	  of 

 at each time point  to obtain deflection angle , degree of polarization  and 

the ratio between transverse energy and total energy  to build a Characteristic Function 

. The deflection angle at each time point	  is the angle between direction of current 

longitudinal component 	 and direction of the longitudinal component at the P-phase 

onset time 	and is obtained by (1.33). 
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2/ cos .                                                                                (1.33). 

The degree of polarization at each time point  was obtained from the eigenvalues of the 

covariance matrix at each time point by (1.34). 

	 	 	 	 	 	

	 	 	
                                          (1.34).  

The parameter  is finally obtained by means of (1.35). 

∑

∑
                                                                                                      (1.35), 

where  are the values of the rotated seismograms at time point . 

It can be shown that 	 0, 1,3  and 	 1, 1,2,3  where  and  denotes 

the P- and S-phase onset times respectively i.e., the CF was defined to have its extremum values 

when the P- or S-wave arrives. A S-phase was identified when the characteristic function 

∏  reached a certain threshold.  

The Geonet NZ applies a polarization S-phase picker using the Cichowicz’s polarization method 

(Cichowicz 1993) to pick the onsets of the S-phases from the earthquake waveforms recorded by 

the NZSN (Rastin, Unsworth et al. 2013). Rastin et al. (2013) studied the performance of the 

GeoNet S-phase picker as a function of the radiation pattern and the SNR level assuming that of 

the P-phase onset was provided by the GeoNet P-phase picker. They showed that while the S-

phase picking error was not affected by the P-picking error due to the radiation pattern applying 

the AWGN contaminated seismograms affected the performance of both pickers simultaneously 

(see Chapter 4). 

Several methods have proposed to apply multi-resolution analysis on seismograms using 

wavelets to improve polarization based S-phase identification and picking (Anant and Dowla 

1997; Ooninex 1998; Oonincx, Sleeman et al. 2001). Anant and Dowla (1997) built up two 

polarization-based Characteristic Functions (CF) using wavelet decompositions of a seismogram 

on a set of pre-determined scales. Applying the wavelet transform to a seismic signal preserves 
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significant signal features e.g. seismic phases through several scales. Therefore, they used the 

combined CFs to identify and pick the P- and S- phase onsets. It was found out that accuracy of 

P-phase onsets was not remarkably affected by the different choices of the standard wavelets. 

However, wavelet choice proved to be important for accuracy of S- phase onsets. They 

constructed some pseudo-wavelets (wavelets which were constructed from P-phase shape) for 

the S-phase identification. As a result the picked S-onsets were closer to those picked by the 

analyst (Anant and Dowla 1997; Ooninex 1998). 

Oonincx (1998) computed the Cichowicz’s CF on the wavelet decompositions of the LQT 

rotated seismograms within the scales containing most of the S-phase energy after the P-phase 

onset . Applying wavelet to decompose a 3-C seismic signal over several scales could 

potentially separate the S-phase from other phases on different scales. He used D4 wavelet from 

the Daubechies wavelet family to implement the method and applied seismograms of 319 local 

events. Initial tests confirmed that picked S-phase onsets from the wavelet decomposed 

seismograms were picked more accurately compared to those picked by the Cichowicz’s method. 

In order to provide a robust automatic S-phase picker for the local to regional distances Diehl et 

al (2009) combined three classic picking techniques namely STA/LTA , polarization and the AR-

AIC pickers. The STA/LTA and polarization pickers were used to identify first S-phase arrival 

and to provide information for dynamic configuration of the noise and the signal model windows 

of the AR-AIC picker and for automatic quality assessment. The combined S-phase picker was 

evaluated using 2500 S-phases recorded for 552 earthquakes in Alps within 150km distance 

range. The upper error bound was about 0.27 s that was 0.4 s larger than that of the reference 

picks.  

In order to improve the phase identification procedure, some methods have employed artificial 

neural network (ANN) for phase pattern recognition (Dai and MacBeth 1997; Wang and Teng 

1997; Gentili and Michelini 2006). Dai and MacBeth (1997) also estimated the degree of 

polarization (see (1.34)) (Cichowicz 1993) for seismograms including P- and S-waves and noise 

bursts and modified it to train a back-propagation neural network (BPNN) in order to identify P- 

and S-arrivals from the local earthquake data. They evaluated the performance of the trained 

BPNN using recordings of two stations DP and AY. More than 82% and 76% of P-onsets and 
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62% and 60% of the S-onsets were identified for the stations DP and AY respectively. However, 

as the polarization information changes from one station to another the data sets used for the 

BPNN training and test had to be recorded by the same station. Besides, complexity of the 

polarization patterns suggested using other parameters for training the BPNN as enlarging the 

training data set based on the degree of polarization did not enhance the BPNN performance. 

Wang and Teng (1997) used two of the Cichowicz ‘s polarization characteristics namely degree 

of polarization (see (1.34)) and ratio between transverse and total energy (see (1.35)) (Cichowicz 

1993) as well as STA/LTA (Allen 1982) and Change of AR coefficients to train an ANN to 

identify and pick S-phase onsets. The result of testing the trained neural network performance 

with inputs calculated based on the local earthquakes’ data was promising since overall 86% of 

the phases were identified correctly. 

 

1.8.3 Data Quality Control  

Data quality assessment is essential to maintain accuracy of automatic phase picking at the 

station-level and subsequently accuracy of the event magnitude and hypocenter estimations the 

network-level. An automatic Data Quality Control (DQC) unit quantifies the data quality by 

means of various time and frequency parameters, identifies and removes seismograms recorded 

by faulty sensors or with excessive noise content due to poor installation or high ambient noise 

level at each station (McNamara et al. 2009). 

Ambient noise model at each seismic station is one of the parameters for the data quality 

assessment (Peterson 1993; Bahavar and North 2002; McNamara and Buland 2004; Rastin, 

Unsworth et al. 2012). McNamara and Boaz (2005) developed a DQC tool called PQLX 

(PASCAL Quick Look eXtended) to evaluate and characterizing ambient noise at a seismic 

station. The PQLX software is an implementation of a statistical method proposed by McNamara 

and Buland (2004) to estimate the Probability Density Functions (PDF) of Power Spectral 

Densities (PSD) using the seismograms at each station (McNamara and Buland, 2004). The 

details of the McNamara’s method were reviewed by Rastin et al (2010) that is presented in 

Chapter 3. Rastin et al. (2012) employed the PQLX DQC tool to obtain an accurate long-term 

noise model for each station and the PDF mode low-noise model (MLNM) for the North Island 



 

46 
 

using five years of recordings (2005–2009) from the NZSN. They used the obtained noise 

models to evaluate the site noise, sensor condition and installation quality at each station (see 

Chapter 3).  

In addition to the noise analysis, there are other parameters for the data quality quantification 

including data availability, number of gaps, data latency and simple statistical measurements 

such as maximum, minimum, mean and median and variance values. IRIS (Incorporated 

Research Institutions for Seismology) integrated all the aforementioned QC parameters in 

QUality Analysis Control Kit (QUACK) for real-time QC analysis at the Data Management 

Center (IRIS 2006)7. Figure 1.19, shows daily data availability and data gaps measured by 

QUACK for the BFZ and URZ stations from the NZ Network for a 2-month period starting from 

12/12/2015.  

Information provided by the DQC unit can be used to evaluate the earthquake detection 

capability of a network (Fischer and Bachura, 2014), to plan the future network extension and to 

organize maintenance tasks for the network operators (McNamara et al. 2009; Rastin, Unsworth 

et al. 2012). The earthquake detection capability is defined as the smallest magnitude of seismic 

events that could possibly be detected by a station (Kværna and Ringdal 1999; Dahlman et al. 

2009). Detection capability of a seismic network depends on the distribution, density of its 

constituting stations, local site and noise condition at each station, quality of data links to the 

Data Center and the SDP methods at the Data Center (Nanjo, Schorlemmer et al. 2010; Mignan 

and Woessner 2012).  

                                                 
7 QUACK can be accessed at ds.iris.edu/servlet/quackquery . Later in 2015 QUACK is replaced by the newly 
developed MUSTANG (Modular Utility for STAtistical kNowledge Gathering) system with more than 40 QC 
parameters and extended capability Ahern, T., R. Casey, et al. (2013). Improving the Quality of International 
Seismic Data: Quality Control Efforts within IRIS and the FDSN. 8th Gulf Seismic Forum. Muscat,Oman. 
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Figure 1.19: QC analysis using QUACK to measure daily data availability and data gaps for the BFZ and 

URZ stations in New Zealand. 

 

1.8.4 Components of the Network-Level SDP 

The outcome of the SDP at the station level is a set of accurately measured onset times 

associated with seismic phases identified from the station’s recordings with a reasonable quality. 

The phase onsets picked from all the stations of a network are then processed at the network 

level. The main parts of SDP at the network level are the phase association, the earthquake 

location and magnitude estimations. The main parts are shown by blue rectangles in the flow 

chart of Figure 1.13. The phase association procedure and the earthquake location problem are 

now described. 

1.8.4.1 Phase Association  

Phase association is the procedure of connecting observed phases originated from different 

seismic sources including multiple simultaneous earthquakes to a set of hypocenters and to form 

a catalog of distinct events with their corresponding phase onset time data. The simplest 

association procedure is to assume that all identified and pick phases within a fixed time were 

originated form a single event (Johnson, Hirshorn et al. 1994). Pinsky and Horiuchi (2009) 

suggested to consider each point on the Earth as an epicenter and then use a travel-time curve to 
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back-calculate the origin time for all the observed phases. A travel-time curve for a seismic 

phase presents onset times of the seismic phase as a function epicentral distances (Lee et al. 

2002). Distinct clusters of time origins correspond to different events. Developing a robust phase 

association procedure can be complex and is out of the scope of this research.  

1.8.4.2 Earthquake Location Problem, Velocity Models 

Finding the origin time and hypocenter of an earthquake is referred to as the Earthquake 

Location Problem (ELP). After the phase association procedure, for each event the ELP is 

automatically solved by means of the corresponding phase onset time data and an appropriate 

velocity model (Stein and Wysession 2003). A velocity model presents velocity values of 

seismic phases (usually P- and S- Wave) as a function of depth and enables to compute the 

theoretical onset time ∗  of a seismic phase	  at  station traveling from a trial hypocenter 

( ∗, ∗, ∗ . In practice the ELP is solved iteratively in a way that the difference between the 

observed onset times, _	  and the theoretical arrival times ∗  from a velocity model, 

∗  reaches its minimum (Meyers 2010; Shearer 1999; Stein and Wysession 2003). A 

velocity model can be driven using onset time data of the recorded earthquakes (Shearer 1999).  

 

1.9. NZ Earthquakes, GeoNet NZ and the Current SDP for the NZSN data 

New Zealand is abundant in seismic activity. As illustrated in plot (a) of Figure 1.20, NZ is 

located at the convergent boundary (see section “1.3.2 Plate Tectonics Theory”), with subduction 

of the Pacific plate in the North Island and of the Australian plate in the South Island (Robinson 

2004). The motion between these two plates is the main cause of occurrence about 14000 

earthquakes each year. GeoNet NZ is responsible for providing information on the geological 

hazard events including earthquakes recorded by New Zealand Seismograph Network (NZSN). 

The NZSN is composed of the New Zealand National and Regional Networks (Rastin, Unsworth 

et al. 2014). As can be seen in plot (b) of Figure 1.20, recordings of the NZSN are continuously 

sent to the GeoNet data centers in Wellington and Taupo using high speed connections mainly 

based on a VSAT platform provided by Optus of Australia (Petersen, Gledhill et al. 2011; Rastin, 

Unsworth et al. 2012 ).  
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The GeoNet SDP starts with the automatic earthquake detection using a Gledhill detector 

(Gledhill 1985; Rastin, Unsworth et al. 2010). The event containing segments of seismograms 

namely the event waveforms are separated and sent to an AR-AIC P-phase picker (see section 

“1.8.2.2 S-Phase Pickers”) and then to a polarization S-phase picker (see section 1.8.2.1 P-Phase 

Pickers) to accurately pick the P- and S- phase onset times (Rastin, Unsworth et al. 2013). The 

associated seismic phases with their corresponding phase onset times then sent to the GeoNet 

Earthquake Locator to estimate the origin time and hypocenter for an earthquake event. The 

automatic NZ earthquake catalogue is revised by the analysts in the Wellington data center and 

the revised earthquake catalogues are then issued. Although GeoNet has recently moved to a new 

SeisComP3-based system (Olivieri and Clinton 2012), namely GeoNet Rapid, similar detection 

and phase picking methods are used for the SDP so the results reported in this thesis are still 

valid. 

 

1.10. Summary 

In this chapter, seismic events and sources were firstly introduced. Causes of tectonic 

earthquakes were explained via Plate Tectonics and Elastic Rebound theories. Subsequently, due 

to the fault-earthquake relationship, fault’s parameters and types were reviewed. Elastic seismic 

waves associated with the tectonic earthquakes were studied. Seismographs and their recorded 

seismograms as sources of information about seismic source, earth structure and the instrument 

response were studied and classified for different earthquake types. The earthquake main 

parameters, i.e. location and magnitude were introduced. We then reviewed the seismic data 

processing (SDP) performed on seismograms of a seismic network at a typical data center. Due 

to importance of the SDP methods for accurate estimation of the event parameters and therefore 

a reliable earthquake catalogue a detail study on the SDP components (see Figure 1.13) were 

presented. Finally, causes of NZ earthquakes and the GeoNet SDP procedures applied to the 

recordings of the New Zealand Seismograph Network (NZSN) were explained. This research is 

aimed for improving current GeoNet SDP techniques and in doing so, next chapter reviews the 

Fourier and Wavelet Transforms that have been employed by a large number of the advanced 

SDP techniques. 
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Figure 1.20: (a) The NZ Earthquakes and (b) the GeoNet SDP Procedure (Rastin, Unsworth et al. 2014). 
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Chapter 2.A Review on the Fourier and Wavelet Transforms 

2.1. Introduction 

Signal transformation tools have been applied for analysis and characterization of stationary and 

non-stationary seismic signals (Gledhill 1985; Chakraborty and Okaya 1995; Anant and Dowla 

1997; Ooninex 1998; Gendron, Ebel et al. 2000; Lyubushin Jr 2001; Hoffman, Hoogenboezem et 

al. 2002; Botella, Rosa-Herranz et al. 2003; Zhang et al. 2003; Zhou and Adeli 2003; Buland 

2004; Capilla 2006; Li, Zhao et al. 2006; Zhang, Yin et al. 2006; Ansari, Noorzad et al. 2007; Fu 

and Zhang 2008; Galiana-Merino, J. et al. 2008; McNamara et al. 2009; Devi and Schwab 2009; 

Petersen, Gledhill et al. 2011; Rastin, Unsworth et al. 2012 ; Rastin, Unsworth et al. 2014). 

This chapter presents a review on the signal transformation tools and their application in the 

noise reduction and seismic signal retrieval. The first section reviews terminology of signal 

transformation. Applying the Fourier Transform (FT) for frequency analysis of a signal is then 

explained. Limitations of the FT in dealing with localized feature of a signal and non-stationary 

data are explained and the Short-Time Fourier Transform (STFT) as an alternative analysis 

method is then introduced. It is then described how the fixed time-frequency resolution STFT 

using common window functions (Schafer and Oppenheim 2010) was modified using flexible 

localized “wavelet” functions namely “Mother Wavelets”. The Mother Wavelet’s requirements 

to perform the Wavelet Transform (WT) and the selection criteria concerned with seismic signals 

are then reviewed. The Continuous and Discrete Wavelet Transforms are explained and 

implemented. The concept of Multiresolution Analysis (MRA) (Mallat 1989) and its connection 

to the fast DWT is then explained. A review on Fourier and wavelet based filtering methods 

including their shortcomings is presented. The chapter is concluded by deciding on a suitable 

wavelet filtering for seismic signals.This chapter provides an essential background on the signal 

processing methods applied to the seismic recordings of the NZ Regional and National 

Seismograph Networks in the next chapters. 
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2.2. Basis of Signal Transformation  

A continuous signal can be expressed by a mathematical function  where 	. A 

mathematical function ,  can be used to represent a discrete signal where ∆ 	, 	 

a multiple of a fixed sampling time ∆ 0 at which scalar measurements ∆ 	  are taken 

from the signal . Signal transformations have been used to represent a signal as building 

blocks of a transformed domain (Chan 1995). Some well-known signal transformations are the 

Fourier Transform (FT), Short Time Fourier Transform (STFT) and Wavelet Transform (WT) 

that map the signal into frequency, Time-Frequency (T-F) and Time-Scale (T-S) domains 

respectively (Mallat 2009). In order to transform a signal between original and transformed 

domains two operators are needed. The first one is called “analyzing” or “representation” 

operator that is used to map the signal into the transformed domain. The second “synthesis” 

operator performs an inverse transform to recover the original signal from the signal components 

in the transformed domain (Kaiser 1994; Gomes and Velho 2000). A schematic of the signal 

transformation is illustrated in Figure 2.1.  

 

 

Figure 2.1: A schematic of the signal transformation using the “Analyzing” and “Synthesizing” operators 

 

In order to apply a signal transformation with its associated operators, there is a need to identify 

a space which the functions representing the signals of interest belong to. We assume that the 
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signal belongs to a Hilbert space	  that is equipped with a norm and inner product (Bachman, 

Narici et al. 2000; Gomes and Velho 2000; Kovacevic and Chebira 2008). The norm and inner 

product enable one to measure “similarity” between signals as elements of  (Mohri, 

Rostamizadeh et al.; Kovacevic and Chebira 2008).  

 

2.3. Frequency Analysis: Obtaining the Fourier Transform of a Signal 

A widely-used signal transformation is the Fourier Transform (FT) that decomposes a signal into 

a summation of sinusoids of different magnitudes, frequencies and phases. The FT was initially 

developed by J. Fourier in 1807 when he was studying the heat equation (Brémaud 2002). The 

FT of a continuous signal  is defined by (2.1).  

,                                                                               (2.1), 

where,  provides information on the average frequency content over the entire signal  

for the frequency  (Ogden 1997). For each , the function  can be written in terms of 

sinusoids that are the building blocks of the frequency domain (Vretblad 2003). 

In order to retrieve the signal  from the frequency components , the Inverse FT (IFT) is 

applied as given by (2.2). 

					                                                                                                    (2.2). 

In practice, signals are not continuous and are measured discretely at time intervals ∆t. 

Therefore, the discrete Fourier Transform (DFT) is used to obtain the signal transformation in 

the frequency domain. The DFT and its inverse are given in (2.3) and (2.4) respectively. 

DFT:                         ∑                                                               (2.3), 

 Inverse DFT:           ∑ ⁄                                   (2.4), 

where ∆ , T
∆t is the number of samples during time T and n

T ,

0,⋯ , 1 are the discretized frequencies. 
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However, the FT may not be adequate when we deal with non-stationary signals because the FT 

does not contain any time information and therefore cannot disclose the non-stationary nature of 

a signal (Cristobal, Schelkens et al. 2013). Furthermore, sinusoidal bases of the FT limit the 

ability of the Fourier transform to deal with localized features of a signal. For a spike-like 

transient that fades to zero either side, the FT needs to superpose infinite sinusoids to construct 

the sharpness in the time interval covered by the spike and to force the sinusoids to be zero either 

side of the transient (Wayne 1987). Thus, FT is not suitable to describe a spike in terms of a few 

sinusoids in the frequency domain. This limitation is related to the “Heisenberg Uncertainty 

Principle” which implies that a function  cannot have arbitrary small time and frequency 

resolutions simultaneously (Chandrasekhar, Dimri et al 2013; Jayaraman 2011; Hogan 2007). 

Based on the Heisenberg uncertainty principle the time and frequency resolutions (denoted by  

and  respectively) satisfy  (Champeney 1989; Johansson 2005). 

In order to address limitations of the FT in analysis of non-stationary and well-localized signals a 

time-dependent frequency analysis was introduced by Gabor in 1946 (Gabor 1946). Such T-F 

joint analysis has been referred to as the “Gabor Transform”, “Short-Time Fourier Transform 

(STFT)”, “Windowed Fourier Transform” and “Sliding Window Fourier Transform” (Poularikas 

2010; Chui 1992; Christensen 2003). The STFT is now briefly reviewed. 

 

2.4. Short-Time Fourier Transform 

In the STFT, a finite- energy window function  and its shifted versions along the time axis 

are multiplied to a signal to divide it into smaller segments. The FT is then applied to each of the 

segments. The STFT of signal  is consequently obtained by (2.5):  

, 		 , ,                                            (2.5), 

where 	 ,  is localized around  and oscillate with frequency   

Although the STFT enables to study the time-variant spectral characteristics of a signal, the 

STFT results are highly dependent on the length of the window i.e. the Time-Frequency (T-F) 

resolution (Poularikas 2010). In order to address the limited T-F resolution of the STFT (Schafer 
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and Oppenheim 2010), the idea of representing signals using flexible localized functions that 

could be time dilated gave rise to the field of “Multi-Resolution Analysis” (MRA) and the 

Wavelet Transform was born (Kaiser 1994). A review of wavelet analysis is now presented.  

 

2.5. Wavelet Transform 

The Wavelet Transform (WT) (Daubechies 1990; Kaiser 1994; Amara 1995; Mallat 1998; 

Addison 2002) is a Time-Frequency (T-F) analysis method that was firstly developed by Morlet 

(Morlet, Arens et al. 1982; Morlet, Arens et al. 1982; Chen and Morlet 1983) for the geoscience 

community to aid in analysis the structure of seismic signals. The term “wavelet” means a “small 

wave” (Blackledge 2005; Maimon and Rokach 2006) and is used to describe an oscillatory 

function that unlike a sinusoid grows and decays in a limited period of time.  

In seismology, the term “wavelet” has been used to refer to a seismic pulse consisting of a few 

cycles that represents the far-field response of an impulsive seismic source (Zhou; Acharya and 

Ray 2005).  

Initially, Morlet (Morlet, Arens et al. 1982) described how to obtain a mathematical model for 

the seismic wavelets and subsequently, Grossman and Morlet (1984) demonstrated how to 

analyze an arbitrary signal by scaling (dilation and contraction) and translating (shifting) a single 

function called mother wavelet  . A mother wavelet can be represented by a mathematical 

function with (i) finite energy and (ii) zero mean (i.e.,  ∞ and  0 

respectively) (Chui 1992; Koornwinder 1993; Debnath 2002). While having a zero mean reflects 

the oscillatory nature of the function  , having finite energy guaranties that the oscillations of 

  around zero are limited to a small interval of time. Therefore, the function   should 

behave like a “small wave” i.e., wavelet (Percival and Walden 2006). A mother wavelet can be 

either a real or complex valued function. The Haar, Mexican hat, Gaussian and Meyer mother 

wavelets are classical examples of real valued mother wavelets and the Morlet and Shannon 

wavelets are complex valued functions. 
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Table 2.1: The time and frequency domain descriptions of the real and complex mother wavelets of Figure 2.2 

Mother Wavelet Time Domain Description Frequency Domain Description 

Haar 

1 0
1
2

1
1
2

1

0

 
Ψ 2

	 	 2
 

Gaussian  =  Ψ 2  

Mexican Hat  1  Ψ 2 .  

Meyer 
 IFT Ψ  

 
IFT: Inverse	Fourier	Transform 

Ψ

√2
2

3| | 1
1
3

| |
2
3

√2 	 	
2
	 	

3
2
| | 1 							

2
3

| |
4
3

	0								 	
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Morlet 


1
 

: Band-pass Frequency 
: Centre Frequency 

Ψ  
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: Band-pass Frequency 
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Ψ 1
2 2

0
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Figure 2.2: Classic examples of real and complex valued mother wavelets (a) Haar (b) Gaussian(c) Mexican 

Hat (d) Meyer and the real parts of the (e) Morelet and (f) Shannon mother wavelets in the time domain and 

their frequency spectra given in (g),(h), (i),(j),(k) and (l) respectively. 
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Figure 2.2 .a-f and Figure 2.2.g-l, show the aforementioned wavelets in time and frequency 

domains respectively. In addition, Table 2.1, contains the time and frequency domain 

descriptions of the mother wavelets of Figure 2.2. As can be seen, zero-mean wavelets with finite 

energy perform as band-pass filters with the central and band-pass frequencies of  and  

respectively. The central frequency	  is defined as the frequency where the Fourier transform of 

a mother wavelet reaches the maximum magnitude value (Ribeiro, Duque et al. 2013) i.e. 

|Ψ | has the largest value.  

Each of the mother wavelets has different localization properties in time and frequency domain 

that makes it suitable for specific applications. The rectangular Haar wavelet (Figure 2.2.a) offers 

the best time localization due to having the non-zero values for a limited time period. However, 

the Haar wavelet has the worst frequency localization (Figure 2.2.g) as its corresponding 

spectrum decays by a slow rate of 1 	. On the contrary, the Shannon wavelet (Figure 2.2.f) has 

the highest frequency localization due to its band-limited spectrum (Figure 2.2.l) but the lowest 

time decay rate of 1 , i.e., poor time localization. Thus, an increased localization in time or 

frequency domain results in a reduced resolution in frequency or time domain respectively. 

Simultaneous time and frequency localization of a wavelet is limited by the Heisenberg 

uncertainty principle and determines the energy concentrations in time and frequency domains 

(Mallat 1998; Haddad and Akansu 2001; Debnath 2002; Yan 2007; Mohlenkamp and Pereyra 

2008). The time and frequency resolutions of a mother wavelet  	are defined by the time and 

frequency spreads of (2.6a) and (2.6b) respectively:  

| |
̅ | |                                                              (2.6a), 

| |
̅ |Ψ |                                                                   (2.6b), 

where ̅ is the center of mother wavelet   and  ̅is the center of its Fourier transform Ψ . 

The centers are estimated using (2.7a-b)(Champeney 1989; Mallat 1998; Johansson 2005): 

̅ | |                                                                                             (2.7a), 

̅ |Ψ |                                                                                           (2.7b).  



 

61 
 

2.5.1 The Wavelet Family 

The mother wavelet   as discussed in section (2.2.3 “Wavelet Transform”) is used to produce 

a wavelet family using the “shift” and “scale” parameters denoted by " " and " " respectively as 

given in (2.8): 

 ,  ⁄                                                                           (2.8), 

where the shift parameter " " corresponds to the location of   and the scale parameter " " 

determines the degree of dilation and contraction of   and is inversely related to frequency. In 

practice, the wavelets  ,  are normalized by 1/√  so that the wavelets at different scales have 

the same energy as given in (2.9). 

 , 1/√  ⁄                                                   (2.9). 

Figure 2.3, show the Mexican hat wavelets  , ,  , 	 and  ,  in the time domain (plot (i)) 

and their corresponding spectra in the frequency domain (plot (ii)) obtained by the scaled and 

shifted mother wavelet   for different values of " " and " " respectively. The Mexican hat 

wavelet (see Figure 2.2 and Table 2.1 ), is the second derivative of the Gaussian function	  .  

As can be seen in Figure 2.3, the wavelets  ,  have different time resolutions that result in 

having different values for the associated bandwidths (frequency resolutions) and central 

frequencies (denoted by fc1, fc2 and fc3 in plot (ii) of Figure 2.3).  

Replacement of   by  ,  in (2.6)-( 2.7) shows that the time and frequency resolutions of 

 ,  only depend on the scale parameter " ", (see (2.10a-b) ), i.e., smaller scales result in better 

time resolutions and poorer frequency resolution (Mallat 1998; Debnath 2002; Yan 2007).  

 

, ,                                                                                              (2.10a), 

, ,                                                                                          (2.10b). 
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Figure 2.3: Scaled and shifted Mexican hat mother wavelet with different values of parameters “a” and “b” 

in the (i) time and (ii) frequency domains. Sampling frequency  was 100 Hz. 

 

2.5.2 Continuous and Discrete Wavelet Transforms 

The Continuous Wavelet Transform (CWT) of a continuous signal  with respect to the 

wavelet  , , , ∈  is obtained by (2.11):  

, 〈 , , 〉 , 	, , ∈                                              (2.11), 

where, ,  represents the wavelet coefficient obtained at scale of 	and time shift of 	and 

〈. , . 〉 denotes the inner product between the scaled and shifted mother wavelet  ,  and .  



 

63 
 

Popular wavelets for the CWT are Mexican hat wavelet (Mallat 2009), Morlet wavelet 

(Grossmann and Morlet 1984), and Shannon wavelet as a special case of wavelets known as 

Frequency B-Spline wavelets (Teolis 1998).  

 

 

Figure 2.4: The CWT of (a) a synthetic signal using (b) the Mexican hat, (c) Morlet and (d) Meyer wavelet 

families. 

 

Figure 2.4, shows an example of the obtained CWT for a synthetic signal shown in plot (a). 

Three different wavelets Mexican hat, Morlet and Meyer (see Figure 2.2 and Table 2.1) were 
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applied to the signal and the corresponding CWTs are shown in plots (b), (c) and (d) 

respectively. As can be seen the CWT estimated for each mother wavelet is different.  

Unlike bases, the wavelets  , , , ∈  are not necessarily linearly independent as they form 

a frame in a Hilbert space . Therefore, the WT may contain redundant information (Heil and 

Walnut 1989; Kaiser 1994; Eldar and G. D. Forney 2006). 

 

The Discrete Wavelet Transform (DWT) of a discrete signal  on a hyperbolic lattice 

Γ , , ; 		 , ∈ 	, 1  is given by (2.12): 

, , ∑ ,                                  (2.12), 

where, ,  represents the wavelet coefficient obtained at scale of 	and time shift of 	, 

 is a sequence of scalar measurements taken from  at multiples of a fixed sampling time 

	,   and ,  is the scaled and shifted mother wavelet  on the hyperbolic 

lattice as given in (2.13): 

, √
                                                         (2.13). 

The CWT has a scaling property where , ,  where  and  denote the CWT 

of functions  and /  respectively. Discretizing the CWT on a hyperbolic lattice 

preserves the scaling property, i.e.,	 , , . Scales and times are usually 

discretized in powers of 2 ( 2, 1 , i.e. on a dyadic lattice (Chui 1992; Björn  and Wim 

1994; Sheng 1996; Addison 2002). The DWT on a dyadic lattice is estimated by (2.12) where 

,  is replaced by (2.14).  

, √
                                                                (2.14). 

The dyadic scale discretization was proven to be essential for performing a fast recursive DWT 

associated with a set of orthonormal wavelets (Daubechies 1988; Mallat 1998). Commonly used 

wavelets for performing MRA (Chui 1992; Sheng 1996; Mallat 1998; Addison 2002; Ansari, 

Noorzad et al. 2007) using DWT are Haar, Daubechies (Daubechies 1992), Symlet, Coiflet 
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(Daubechies 1992) and Meyer wavelets (Meyer 1993).The Mexican hat wavelet family on a 

dyadic lattice is shown in Figure 2.5. As can be seen, the number of wavelets needed to cover the 

time axis is reduced to half as the scale is doubled. 

The CWT and DWT in this study are only obtained for positive scales 0 . A negative scale 

for the WT is analogous to the negative frequency spectrum in the FT. Therefore, positive scales 

would not result in loss of information since we deal with the real valued signals and the 

considered mother wavelets have symmetrical negative and positive components in frequency 

domain (McWhirter and Proudler 2002).  

 

 

Figure 2.5: The Mexican hat wavelet family on a dyadic lattice: The number of wavelets required to cover the 

time axis at each scale is reduced to half as the scale is doubled. 
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2.5.3 The Inverse Wavelet Transform 

In order to retrieve a signal from its wavelet coefficients ,  the “Admissibility Condition” 

(Chui 1992; Mallat 1998; Addison 2002; Gao and Yan 2010) given in (2.15) is required.  

≡
| |

∞                                                                                                               (2.15), 

where, Ψ  is the FT of the wavelet function .  

The admissibility condition requires a value of zero for Ψ  at 0 which is equal to having a 

zero mean for the oscillatory (Sheng 1996; Addison 2002).  

If the mother wavelet  is “Admissible” then any function  from a Hilbert space of finite 

energy functions can be retrieved from its wavelet coefficients ,  using (2.16) (Addison 

2002). 

, 	 ,                                                                            (2.16), 

where,	  is the admissibility constant, ,  is the wavelet coefficient and  ,  is the 

mother wavelet at scale and time translation " " and " " respectively. 

The inverse transform for the DWT can be performed provided that the discrete wavelet frame 

	 , ; 		 , ∈ 	  has limited bounds as given in (2.17) (Poularikas 2010; Daubechies 1990; 

Sheng 1996; Addison 2002): 

∑ ∑ ,                                                              (2.17), 

where  and  denote the lower and upper bounds of the wavelet frame , ; 		 , ∈ 	   

respectively and  is the energy of the signal  (i.e. | | ). This stronger version 

of “Admissibility” has been referred to as “Stability Condition” (Chui 1992; Kaiser 1994; 

Livstone 1994; Strang and Nguyen 1996).  

Depending on the frame bounds the wavelets form either a tight or a non-tight frame. A tight 

wavelet frame has equal lower and upper frame bounds (i.e., ). The wavelets form an 
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orthonormal basis if and only if they are a tight frame with a frame bound equal to 1 (i.e., 

1) (Daubechies 1990; Mallat 1998).  

If the discretized wavelets constitute a tight frame a signal  can be simply reconstructed 

using (2.18).  

∑ ∑ , ,                                             (2.18), 

where " " is the frame bound, ,  is the wavelet coefficient of  at scale of  and time 

shift of  using (2.12), ,  is its corresponding discretized wavelet function given in 

(2.30). 

On the contrary, for non-tight wavelets the exact signal reconstruction is more difficult (Kaiser 

1994; Addison 2002). However, for a group of non-tight wavelets where the ratio of lower bound 

to upper bound (i.e. ⁄ ) is close to unity (Kaiser 1994; Mallat 1998) the signal reconstruction 

can be approximated (Mallat 1998; Addison 2002). The frame formed by such wavelets is said to 

be “snug”. For a snug wavelet frame with bound values of  and  the signal can be retrieved 

using (2.19).  

∑ ∑ , ,                                                    (2.19). 

The reconstructed signal  is different from the original signal  and the error  

becomes smaller as /  gets closer to unity. 

 

2.6. Selection Criteria for a Mother Wavelet  

Understanding the mother wavelet properties is critical to find an optimal mother wavelet for 

analyzing signals of interests, i.e. seismic recordings. The most common mother wavelet’s 

properties that are assessed for the wavelet selection are orthonormality, symmetry, compactness, 

number of vanishing moments and shape matching (Pereyra and Ward 2012; Gao and Yan 

2010). Each is now briefly explained.  
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2.6.1 Orthonormality 

A mother wavelet  is called orthonormal if the wavelet family , , , ∈  generated 

from the scaled and shifted mother wavelet  using (2. 9) is orthonormal, i.e., 〈 ́ , 	, , 〉

́ , , where ,  is the Kronecker delta function defined by (2.20). 

́ ,
1, ́
0, ́                                                                                            (2.20). 

Unlike the orthonormal wavelets, the non-orthogonal wavelets such as Mexican hat and Morlet 

wavelets (see Table 2.1) produce a redundant presentation of signal. 

While the required storage and computational complexity are increased by using the non- 

orthogonal wavelets there are some applications where the introduced redundancy is desirable 

(Teolis 1998). A redundant presentation is less sensitive to the calculation imprecision such as 

quantization effects. Besides, removing the orthonormality condition enables to have a much 

larger set of mother wavelets for the signal analysis. Finally, redundancy enhances capability of 

noise suppression in the wavelet domain by the spreading the energy of the non-coherent noise 

components over the Time-Scale plan (Foufoula-Georgiou and Kumar 1994; Mallat 1998; Teolis 

1998; Mohlenkamp and Pereyra 2008). 

 

2.6.2 Symmetry 

The WT acts as a filter (Tang 2009). One of the important properties of a filter is to have a linear 

phase. A linear phase filter results in less distortion in a signal of interest (Pereyra and Ward 

2012; Poularikas 2010; Tang 2009). In order to have a linear phase a function  is required to 

be symmetric. Avoiding phase distortion is a requirement for earthquake signal processing 

including de-noising and phase picking (Björn and Wim 1994; Mallat 1998; Yan 2007; Tang 

2009; Gao and Yan 2010).  
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2.6.3 Compactness  

A mother wavelet	  is compactly supported if its value is nonzero only for limited time duration 

(Koornwinder 1993; Gao and Yan 2010; Misiti et al. 2013). Compactly supported wavelets can 

efficiently represent the localized irregularities of a signal. The length of the compact support 

determines the complexity of computation and controls the time and frequency resolutions 

(Wickerhauser 2003). The support length also determines the number of vanishing moment that 

is now explained.  

 

2.6.4 Vanishing Moments 

Number of the wavelet vanishing moments is related to the oscillations of the mother wavelet. 

The mother wavelet t 	 has vanishing moment of 	 if (2. 21) is satisfied (Mallat 1998; Stark 

2005; Mohlenkamp and Pereyra 2008): 

0				; 		 0,1,⋯ , 1                                         (2. 21). 

Therefore, the WT can only localize irregularities modeled by polynomials of degrees . 

For a mother wavelet  with  number of vanishing moments the support length is at least of 

size 2 1. Therefore, efficient singularity detection needs a tradeoff between the support 

length and number of vanishing moments (Mohlenkamp and Pereyra 2008; Ouahabi 2012). 

 

2.6.5 Shape Similarity 

Shape matching is another quality that helps to improve the efficiency of the WT. Shape 

similarity between components of a signal  and a chosen mother wavelet 	  results in 

large wavelet coefficients where the signal of interest such as a seismic phase appears (Anant 

and Dowla 1997; Rastin, Unsworth et al. 2010). 
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2.6.6 Suitable Mother Wavelets for Processing the Earthquake Waveforms 

Studying the aforementioned criteria, two mother wavelets namely Mexican hat ( 	 and 

Haar (  were selected to analyse the earthquake waveforms recorded by the New Zealand 

Regional and National Seismograph Networks. The normalized Mexican hat wavelet  with 

unit energy is expressed by (2.22): 

 2/√3 ⁄ 1                                                        (2.22). 

The Mexican hat wavelet family on a dyadic lattice , ,
 do not form a tight but 

rather a snug frame with a ratio of 1.116⁄  (Daubechies 1990; Mallat 1998; Addison 

2002). In our study this ratio provided an acceptable level for performing the inverse DWT 

(Rastin, Unsworth et al. 2010; Rastin, Unsworth et al. 2014). The Mexican hat wavelet is not 

compactly supported. However, it has only two vanishing moments which results in a 

sufficiently fast decay for our application (Ouahabi 2012). The Mexican hat wavelet offers a 

higher frequency resolution ( 0.279	) compared to the orthogonal wavelets with 

matching vanishing moments such as sym2 from the Symlet family ( 1.195	) or coif2 

from the Coiflet family ( 0.548	) (Yan 2007). Besides, there is a shape similarity 

between the Mexican hat wavelet and the P- and S-phases that are observed in an earthquake P-

and S-coda (Rastin, Unsworth et al. 2010). Finally, the Mexican hat wavelet is symmetric and 

therefore, a DWT with   would not cause any phase distortion in the seismic recordings.  

The Haar wavelet (Haar 1910) was introduced in 1910 by Alfred Haar (1885-1933) in his PhD 

thesis (Mohlenkamp and Pereyra 2008). The mathematical definition of the Haar wavelet is 

given by (2.23): 

 

 

1									0 	

1								 1

	0								 	

                                                               (2.23). 
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The Haar wavelet family , ,
 constitutes an orthonormal basis on a dyadic lattice, 

i.e. 1	(Mallat 2009). Figure 2.6, shows the Haar wavelets obtained by scaling and 

shifting  for different values of “a”	and “b”	on a dyadic lattice.  

 

 

Figure 2.6: The Haar wavelets obtained by the scaled and shifted  for different values of “ ”	and “ ”	on 

a dyadic lattice in the (ii) time and (ii) frequency domains. Sampling frequency  was 100 Hz. 
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Similar to the Mexican hat wavelet, the Haar wavelet has a linear phase (Gao and Yan 2010; 

Gentle, Härdle et al. 2012). The Haar wavelet is compactly supported. With the shortest support 

compared to all orthogonal wavelets the Haar wavelet is well localized in time. As a result the 

Haar wavelet is a suitable choice for detecting edges and irregularities such the seismic phase 

occurrence. However, as a result of the uncertainty principle the Haar wavelet is poorly localized 

in frequency domain and has a slow decay rate of  (plot (ii) of Figure 2.6). The Haar wavelet 

in the frequency domain is given by (2.24). 

2                                                                              (2.24). 

The choice of Mexican hat with a higher frequency resolution compared to the Haar wavelet 

(σ 0.279 σ 	 3.814) enabled to deal with cases where a better frequency 

localization was needed. Table 2.2, summarizes the properties of the Mexican hat ( 	 and 

Haar (  wavelets.  

 

Table 2.2: Properties of the Haar and Mexican hat Wavelets: 

Wavelet Mexican Hat Haar 

Orthonormality No Yes 

Symmetry Yes Yes 

Compactness No Yes 

Vanishing Moments 2 1 

 

2.7. Representing a Signal Using the Mexican hat and Haar DWT 

In order to obtain the DWT of a signal  two approaches were implemented. The first 

approach is a direct implementation that computes the summation of equation (2.12) for the 

chosen time-scale points in a hyperbolic lattice Γ , . The second approach to obtain the DWT 

of a signal  does not implement the equation (2.12) explicitly, but uses a fast recursive 

algorithm to perform a Multi-Resolution Analysis (MRA) to estimate the DWT on a dyadic 

lattice. The direct approach using the Mexican hat mother wavelet is now explained.  
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2.8. Direct DWT using Mexican Hat Wavelets 

Details of the procedure taken to obtain the Mexican hat WT of a signal	 ,  using (2.12) 

on a dyadic lattice are given below. 

1. Signal length was set to be a power of 2 i.e. 2   (Zero padding was used when needed). 

2.   Signal	  was normalized and demeaned, i.e. for 1,⋯ , 2 	 : 
‖ ‖

	 , and 

∑
. 

3. Discretized scales and their corresponding translations were obtained as 2  and 

 where	 0,⋯ , , and 1,⋯ , 2 . 

4. Wavelet coefficient , 	 was calculated as the inner product between the translated wavelet 

function and the data series for each scale , 0,⋯ , . 

5. Wavelet coefficient matrix of size 1 2  was obtained for all scales and translations.  

 

The reconstruction algorithm was performed to retrieve the signal form the Mexican hat WT 

coefficients ,  using (2.19) as described below.  

I. For each scale , 0,⋯ , , the obtained wavelet coefficient , 	 at each individual 

translation 	 was multiplied by the corresponding scaled and translated wavelet 

function , , i.e. ∑ , , .  
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II. The obtained multiplied wavelet functions  were added together for all the scales 

0,⋯ ,  and multiplied by 2/  where 3.223	 and 3.596	 to retrieve the 

normalized and demeaned signal, i.e. 2/ ∑ . 

III. The original signal was finally obtained by multiplying the original norm and adding the 

mean to the signal obtained at step 2 subsequently.  

 

 

Figure 2.7: The MKRZ continuous recording retrieved within 8:27:30 - 8:30:50.4 containing the event 

2855698. The event epicenter was located at a latitude of-37.7392° and a longitude of 176.8896°. The focal 

depth was 4.83 km. The origin time was 2008-01-25, 08:28:0.3621. The sampling rate was 100 Hz. 

 

The wavelet transform was applied to the recordings of the MKRZ station containing the event 

2855698. The MKRZ recording is shown in Figure 2.7. The event was selected from the Geonet 

catalogue (see section “1.9 NZ Earthquakes, GeoNet NZ and the Current SDP for the NZSN 

data”). In order to obtain the DWT, a 128-point data segment containing the event information 

was chosen (the red window started from sample number 13240 as indicated in Figure 2.7).  
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The wavelet coefficients were obtained using Mexican hat wavelets over 8 scales 

2 ,⋯ , 2  as shown in the bottom plot of Figure 2.8.  

 

 

Figure 2.8 : Applying the DWT to the waveform of the event 2855698 recorded by the MKRZ station: the 

original waveform and retrieved signal obtained by applying the inverse transform to the DWT coefficients 

(Top) Mexican hat coefficients on a dyadic lattice (Bottom). 

 

The retrieved signal was also obtained by applying the inverse transform to the DWT 

coefficients as shown in the top plot of Figure 2.8. As can be seen from Figure 2.8, the 

reconstructed signal (red dashed line) was slightly different from the original waveform (solid 

black line). However, the difference was expected because of the redundancy of the Mexican hat 

wavelet family.  
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In addition, the DWT of the MKRZ waveform on a dyadic lattice was compared to that on a non-

dyadic lattice. The non-dyadic lattice included a similar set of discretized scales i.e., 

2 , 0,⋯ ,7 . However, unlike the dyadic lattice, the time translations were the same for all 

the scales 2 , i.e. , ; 0, … ,127. The Mexican hat wavelet coefficients obtained over 

the non-dyadic lattice are shown in the bottom plot of Figure 2.9.  

 

 

Figure 2.9: A non-dyadic DWT for the waveform of the event 2855698 recorded by the MKRZ station: The 

non-dyadic wavelet coefficients (Top) and the retrieved signal (Bottom). 

 

Introducing more number of wavelets on larger scales compared to that of the dyadic lattice 

helped to spot the irregularities with a better resolution. However, the reconstruction error was 

significantly enlarged since the reconstruction formula in (2. 19) would not provide an accurate 

approximation of the signal for the Mexican hat wavelet on the non-dyadic lattice.  
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2.9. Application of the Multi-Resolution Analysis to obtain Fast DWT  

The DWT was initially regarded as a discrete version of the CWT when equation (2.12) was 

explicitly implemented. Alternatively, the DWT can be obtained by performing a multi-

resolution analysis (MRA) (Mallat 1998; Blanc-Talon and Popescu 2001; Triebel 2006; Van 

Fleet and Ruch 2009; Goswami and Chan 2011, Cohen and Zayed 2011, Ouahabi 2012, Tiwari 

and Shukla 2013). Orthonormal Haar wavelet family was used for the fast DWT implementation 

and a Multi-Resolution Analysis (MRA). MRA is now explained. 

 

2.9.1 Multiresolution Analysis (MRA) 

A Multi-Resolution Analysis (MRA) provides an iterative procedure to successively decompose 

the signal into a series of “approximations” from the highest to the lowest resolution1 and a series 

of “details” presenting the information lost in between two consecutive approximations 

(Koornwinder 1993; Ogden 1997; Triebel 2006; Kohonen 2010; Ouahabi 2012). The 

“approximations” and “details” are obtained by decomposing the signal into the scaling functions 

,  and their associated wavelets , 	 which are the bases of “approximation” and 

“detail” spaces respectively (Mallat 1989). The “approximation” and “detail” spaces are now 

explained.  

 

2.9.2 Approximation and Detail Spaces 

The Approximation spaces are a set of nested sub-spaces ,  in a Hilbert space 	  that are 

generated by orthonormal scaling functions , ∈
 (Koornwinder 1993; Ismail 1995; 

Bachman, Narici et al. 2000; Haddad and Akansu 2001; Mohlenkamp and Pereyra 2008; Ruch 

and Van Fleet 2011, Di 2012). The scaling functions ,  are the scaled and translated version 

of a function  called the Father Wavelet as given in (2.25).  

, 2 ⁄ 2                                                                         (2.25), 

                                                 
1 Resolution is inversely related to scale. The smaller the scale the higher the resolution would be. 
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where  and  correspond to the scale of 2  (resolution of 2 ) and time shift of 2  

respectively. The father wavelet2  integrates to unity, i.e., 1 and satisfies a 

dilation equation3 of (2.26) (Suter 1997).  

, ∑ ,∈ √2∑ 	 2∈                               (2.26), 

where 〈	 , , 〉,  . 

The approximation coefficient of a signal  at resolution of 2 , by , , are obtained by 

(2.27).  

, , , 	 ,                                                  (2.27), 

where, 	 ,  are the scaling functions.  

The detail spaces  are generated by generated by , .
 that are scaled and 

translated mother wavelet  on a dyadic lattice. The mother wavelet  associated with the 

MRA’s father wavelet  is generated from a “Wavelet Equation” given by (2.28) (Schlicker 

and Aboufadel 1999).  

∑ ,∈ √2∑ 	 2∈                                   (2.28), 

where 〈	 , , 〉,  . 

The detail coefficients of a signal , , , are obtained from (2.29).  

, 〈 , , 〉 ,                                                                 (2.29). 

                                                 
2 The function  has also been referred to the scaling function Ruch, D. K. and P. J. Van Fleet Wavelet Theory: 
An Elementary Approach with Applications, Wiley, Chui, C. K. (1992). An Introduction to Wavelets, Academic 
Press, Koornwinder, T. H. (1993). Wavelets: An Elementary Treatment of Theory and Applications, World 
Scientific Publishing Company Incorporated, Kaiser, G. (1994). A friendly guide to wavelets. Boston, Birkhauser, 
Ismail, M. (1995). Mathematical Analysis, Wavelets, and Signal Processing: An International Conference on 
Mathematical Analysis and Signal Processing, January 3-9, 1994, Cairo University, Cairo, Egypt, American  
Mathematical Society, Ouahabi, A. (2012). Signal and Image Multiresolution Analysis, John Wiley & Sons..  
3 The dilation equation has also been referred to as “refinement” (Goswami and Chan 2011; Koornwinder 1993) , 
“scaling” and “two-scale difference” equation (Suter 1997; Addison 2002). 
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Since , ,
 constitute an orthonormal base for  equation (2.29) is equivalent to 

(2.12) i.e., ,  are the DWT of the signal and equal to ,  when they are obtained on a dyadic 

lattice for the signal’s samples at 	  .  

 

2.9.3 Recursive Fast DWT Algorithm for Orthonormal Dyadic Wavelet  

 

2.9.4.1 Recursive Fast Decomposition 

Substituting generalized dilation and wavelet equations in the approximation coefficients given 

by (2.27) and the detail coefficients given by (2.29) results in (2.30) and (2.31) respectively. 

, ∑ ∈ 	 ,                   (2.30).  

, ∑ ∈ 	 ,                          (2.31). 

Equations (2.30-31) enable one to decompose the signal recursively. The MRA based 

decomposition is the first part of the Mallat fast DWT (Mallat 1989). In practice, ,  is replaced 

with the signal discrete measurements of length 2 . The coefficients ,  where, 

0,⋯ , 1  are used to produce the ,  and , . The iterative decomposition continues till 

maximum scale  is reached.  

 

Figure 2.10, demonstrates an iterative decomposition of a signal into 5 levels ( 0,⋯ ,4) 

(Addison 2002).  
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Figure 2.10: Recursive decomposition of signal into the approximation and detail coefficients using equations 

(2.30-2.31): The WT vector is obtained at the maximum scale  where all , 	, , ⋯ ,  and ,  

are obtained on a dyadic lattice (Addison 2002). 

 

2.9.4.2 Recursive Fast Reconstruction 

The approximation and detail spaces associated with MRA enable decomposition of signal  

using the wavelets , , ∞,⋯ ,  and their associated scaling function ,  as given 

by (2.32): 

∑ , , 	 ∑ ∑ , ,                        

         ∑                                                                 (2.32), 

where  corresponds to a predefined resolution level of 2 ,  is the associated signal 

approximation, and  is the signal detail at scale 2 . For ⟶∞ equation (2.32) and 

equation (2.18) with 1 equally express the inverse orthogonal WT. 

From equation (2.32) one can obtain equations (2.32-33).  
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∑ , , 	 ∑ , ,        (2.33). 

 Replacements of ,  and ,  in (2.33) result in the reconstruction algorithm given in (2.34).  

, ∑ , ∑ ,                                  (2.34). 

,  and ,  are used to retrieve ,  .The recursive reconstruction is repeated until the 

original signal ,  is reconstructed.  

 

 

Figure 2.11: Recursive procedure for generating details at scales (a)  and (b) . 

 

In addition to perform the fast DWT and its inverse, the signal details , 0,⋯ ,  at each 

scale can be obtained recursively. The details  at scale 2  are obtained when coefficients 

, 0 for .If 0, the signal detail  is obtained from ,  (see plot (a) of 

Figure 2.11). To obtain the signal detail  for 0, the modified scheme uses (2.34) with 

,  and , 0 to retrieve , . The obtained ,  is then repeatedly used in (2.34) 

until ,  is obtained. Finally  is obtained from , . Figure 2.11, shows the modified 

recursive approach to obtain the signal details at scales 2  and 2 .  
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2.9.4 Fast DWT using the Haar Wavelet  

Solving a dilation equation with two scaling coefficients  and  as given in (2.35) results in 

finding the Haar father wavelet	  : 

√2 ∗ 2 ∗ 2 1                        (2.35), 

where the scaling coefficients  and  require to satisfy conditions given by (2.36): 

√2
1			

                                                                               (2.36). 

It can be verified that the scaling coefficients 
√

 meet the conditions given by (2.36). 

A solution for the dilation equation 2 2 1  is the block pulse 

of (2.37). The block pulse enables to perform a MRA and obtain the DWT by a fast recursive 

algorithm.  

1							0 1
0			 			

	                                                                       (2.37). 

It can be shown that the Haar mother wavelet  (see (2.24)) is produced by a wavelet 

equation with 
√

 as given in (2.38).  

2 2 1                                                           (2.38). 

Substituting the wavelet masks  and  and scaling coefficients  and  in equations (2.30-

31) results in fast decomposition using the Haar Wavelet as given in (2.38.a-b). 

 ,
√

, , 	                                                                   (2.38.a), 

,
√

, , 	                                                                    (2.38.b). 

Substituting the Haar wavelet masks and scaling coefficients in (2.34) results in retrieving 

,  and ,  using (2.39.a) and (2.39.b) respectively:  

,
√

, , 								                                                                  (2.39.a), 
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,
√

, , 					                                                                             (2.39.b). 

 

 

Figure 2.12: Fast DWT using the Haar wavelets for the waveform of event 2855698 recorded by the MKRZ 

station: retrieved and original signals (both were demeaned and normalized) (Top), the Haar wavelet 

coefficients (Bottom). 

 

The Haar fast DWT was applied to the MKRZ waveform for the event 2855698 (see Figure 2.7). 

The Haar wavelet coefficients ,  are shown in Figure 2.12 (bottom plot).  

Comparing Figure 2.8 and Figure 2.12 shows that the largest and smallest coefficient values 

obtained by the Mexican hat and Haar wavelets are different for the signal of interest. It is 
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because the values of coefficients depend on the shape matching between the signal and the 

wavelet. Moreover, the retrieved and original signals were identical after applying the inverse 

Haar DWT (see the top plot of Figure 2.12). The perfect reconstruction is a result of the Haar 

wavelets orthonormality on a dyadic lattice.  

 

 

Figure 2.13: The MKRZ waveform of event 2855698 and its decompositions into the detail spaces: The signal 

details were obtained at 7 levels. 

 

In addition, the recursive method of Figure 2.11 was used to calculate the signal’s details at each 

scale. Figure 2.13, shows the normalized and demeaned waveform along with the corresponding 

details at scales 2  to 2 .  
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2.10. Nonlinear Wavelet Filters for the Seismic Data Processing 

The amplitude of the seismic signal and thus the corresponding SNR level are affected by 

geometric spreading4, attenuation and transfer function of the seismograph as well as the seismic 

noise. The SNR level limits the efficiency of the automatic detection and phase picking systems 

(Botella, Rosa-Herranz et al. 2003; Rastin, Unsworth et al. 2013) and determines the quality of 

the solutions obtained for the inverse problems (Stein and Wysession 2003) i.e., the earthquake 

hypocenter, path structure , kinematics and dynamics of the seismic source (Newman 1986; Aki 

and Richards 2002). Therefore, Applying appropriate filtering and thresholding techniques is 

critical to emphasize week seismic signals and to improve the SNR by reducing the recorded 

noise level. Numerous linear and nonlinear filtering schemes have been applied in order to 

preprocess seismic recordings (Scherbaum 2001; Galiana-Merino, Rosa-Herranz et al. 2003; 

Pazos, Gonz´alez et al. 2003; Boore and Bommer 2005; Ansari, Noorzad et al. 2007; Fu and 

Zhang 2008; Albert, Jeffrey et al. 2009). This section reviews the Fourier and Wavelet based 

filtering methods employed for the seismic signal preprocessing. 

 

2.10.1 Fourier based Filtering in Seismic Recording 

The conventional linear filters are designed in the Fourier domain. The linear filters can be 

implemented as IIR (Infinite Impulse Response) or FIR (Finite Impulse Response) (Scherbaum 

2001). In seismic signal processing it is important to avoid the phase distortions due to the 

filtering. Phase distortion changes the onset time of the seismic phases and therefore, affects the 

accuracy of the earthquake location estimation (Diehl 2009). Consequently, the applied filters 

need to have a linear or zero phase response to produce a constant or zero time shift for all 

frequencies respectively (see section “2.6.2 Symmetry”).  

The zero phase FIR filters are easy to implement. The FIR filter has a very sharp cutoff and 

therefore, is mostly used for antialiasing at the digitizer unit of seismographs (see section “1.4.4 

                                                 
4 Geometric Spreading is a decrease of seismic wave’s amplitude with increasing distance from the source due the 
expansion of the wavefront in the heterogeneous Earth’s with strong variation of the velocity and density with 
respect to depth Cormier, V. (1989). Seismic attenuation: Observation and measurement. Geophysics, Springer US: 
1005-1018. 
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Frequency Response and Bandwidth”). Since the FIR filter is acausal it can introduce precursory 

ringing that would obscure the phase onset (Diehl 2009).  

The IIR filters, e.g., Butterworth filters (Schafer and Oppenheim 2010) are widely used at the 

preprocessing stage for the noise reduction purpose (Douglas 1997; Mari, Glangeaud et al. 

1999). In order to cancel the phase response the seismic recording is filtered twice, once forward 

and once backwards. In spite of filtering in the forward and reverse directions, the commonly 

used zero-phase Butterworth filters can still affect the time and polarity of the onset where they 

shift some of the energy in front of the onset (Diehl 2009; Havskov and Ottemöller 2010). 

Therefore, the onset time and the first motion polarity may not be retrieved reliably when a 

conventional band-pass filtering is used (Douglas 1997; Bormann and Wielandt 2013).  

Furthermore, the standard Fourier transform based filters (low-pass, high-pass and bandpass) can 

affect the resolution and blur fine structures in the signal while they reduce the noise energy in 

the selected frequency bands (Lu 1993; Xu, Weaver et al. 1994). Therefore, the standard filtering 

techniques may not perform well when the data is too noisy and contain several edges.  

In order to improve the resolution of the filtered signal the optimum Wiener filters (Wiener 

1964) were applied to seismograms (Douglas 1997; Diehl 2009). The gain of the Wiener filter at 

each frequency is determined based on the corresponding SNR level. The Wiener filter assumes 

that the seismic noise and signal are stationary and estimates the power spectra of the noise, , 

and the noise contaminated signal, , from the recordings. The gain of the Wiener filter at each 

frequency point is obtained by (2.40) (Küperkoch, Meier et al.): 

W                                                                                                              (2.40)  

Efficiency of the Wiener filtering strongly depends on the quality of  and  estimations i.e. 

the data windows used for the estimations. Even in case of obtaining precise estimations for the 

noise and signal spectra it is not possible to avoid loss of resolution in the signal edges and 

singularities when the Wiener filter is applied. Lack of the temporal localization associated with 

the sinusoidal bases of the Fourier transform results in attenuation of high frequency components 

of both noise and the signal (Xu, Weaver et al. 1994; Pazos, Gonz´alez et al. 2003; Albert, 

Jeffrey et al. 2009).  
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Besides, the stationary assumption is not valid for the seismic noise and signal. Consequently, 

the global frequency concept in the standard Fourier based technics cannot represent the variable 

frequency content of the recordings (Chakraborty and Okaya 1995; Galiana-Merino, Rosa-

Herranz et al. 2003; Ramirez Jr 2012). 

Signal pre-processing using the non-linear Fourier thresholding (Van Vliet 2007) is considered 

as another alternative to the linear techniques. Fourier thresholding, , selects a subset of the 

Fourier coefficients with respect to a cutoff level,	  , to reconstruct the signal as given in (2.41): 

∑| |                                                                     (2.41), 

where,  is the number of data points,  are the discrete Fourier coefficients that are larger than 

the threshold level of , and  are the bases given in (Rao and Yip 2000) (2.42): 

                                                                                                                                (2.42). 

 

An example of applying the Fourier thresholding to recording of the MKRZ station containing 

the event 285569 (see Figure 2.7) is demonstrated in Figure 2.14. Four different threshold levels 

were applied to the magnitude and phase values of the seismogram’s Fourier Transform. The 

event containing region is indicated by the red rectangle. As can be seen, well-localized event 

waveform in the original recording (top plot of Figure 2.14 ) was smeared due to the Fourier 

thresholding.  

The time-frequency (T-F) filtering techniques overcome the limitations of the standard filtering 

to deal with the non-stationary seismic noise and signal and to retrieve the fine structures of the 

signal (Chakraborty and Okaya 1995; Moriya and Niitsuma 1996; Hloupis 2008). The wavelet 

based filtering as a developing method for the seismic signal preprocessing is now explained.
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Figure 2.14: The MKRZ station’s recording including event 2855698 (Top) and retrieved signals after Fourier thresholding at four different levels: The 

recording includes 36000 points measured at 100 Hz sampling rate.
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2.10.2 Wavelet Based Filtering 

The T-F localized bases of the Wavelet Transform (WT) provide a sparse representation of a 

noise free seismic signal, i.e. most wavelet coefficients are almost zero and the signal 

information is well concentrated in a small number of coefficients (Mallat 1998). This is the 

main concept behind different nonlinear wavelet thresholding techniques (Fargues, Barsanti et al. 

1997; Kerkyacharian, Picard et al. 1998; Albert, Jeffrey et al. 2009; Luo and Zhang 2012). The 

wavelet thresholding aims to keep the coefficients that contribute to the noise free signal. The 

thresholded signal is obtained by performing the steps (1-4) given below (Antoniadis, 

Oppenheim et al. 1995): 

 

1. Obtain the WT of the noisy data,  

2.  Specify a thresholding rule and a corresponding thresholding level of , 

3. Update the Wavelet coefficients ,  based on the thresholding rule and obtain the 

updated coefficients , . 

4. Applying the inverse WT to , . 

 

Wavelet thresholding is designed based on the magnitude (Magnitude Thresholding) or the scale 

(Scale Thresholding) of the wavelet coefficients or both. The wavelet magnitude and scale 

thresholding techniques are now studied. 

 

2.10.3 Wavelet Magnitude Thresholding 

The basic assumption in a magnitude thresholding scheme is that the signal is represented by the 

large wavelet coefficients and the noise can be eliminated by removing or modifying the small 

coefficients. The magnitude thresholding was established based on the works presented by 

Donoho (Donoho 1993; Donoho and Johnstone 1994; Donoho 1995; Donoho and Johnstone 

1995; Donoho, Johnstone et al. 1995; Addison 2002) in the 90s and is performed in two different 

ways, hard and soft thresholding. Each is now explained.  
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2.7.4.1 Hard Thresholding 

The Hard Thresholding (HT) rule keeps the wavelet coefficients with absolute values greater 

than a given threshold level and sets the rest of the coefficients to zero as given by (2.43): 

,
, 	 ,

0 	 ,
                                         (2.43), 

Where, ,  is the thresholded coefficient for the scale and time translation with indices  and  

respectively, and  denotes the thresholding level. 

 

2.7.4.2 Soft Thresholding  

Unlike the HT, the Soft Thresholding (ST) reduces the magnitudes of the wavelet coefficients 

where they are greater than the threshold level. The amount of shrinkage is equal to the threshold 

level as given by (2.44): 

,

0 ,

, ,

, ,

                                                  (2.44), 

Where, ,  is the soft thresholded coefficient at scale and time indices  and  respectively, 

and  is the thresholding level. The ST is also referred to as wavelet shrinkage (Donoho and 

Johnstone 1994; Donoho, Johnstone et al. 1995; Nason 1996; Hloupis 2008).  

As can be seen in (2.43-44), estimating a threshold level is essential for performing a ST or HT. 

The threshold level estimation is now reviewed.  

 

2.10.4 Thresholding Level Estimation  

Thresholding level  is estimated based on the noise level. The unknown standard deviation for 

the Additive White Gaussian Noise (AWGN) can be estimated using the median of the wavelet 
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coefficients at the finest scale for a piecewise smooth signal (Mallat 1998; Addison 2002; 

Hloupis 2008). 

Depending on the noise type (i.e. white or colored, stationary or non-stationary) and the WT (i.e., 

orthogonal or non-orthogonal) several methods were proposed to estimate the thresholding level 

(Donoho 1993; Donoho and Johnstone 1994; Donoho 1995; Donoho and Johnstone 1995; 

Donoho, Johnstone et al. 1995; Nason 1996; Fargues, Barsanti et al. 1997; Johnstone and 

Silverman 1997; Gao 1998; Berkner and Wells Jr 2001; Addison 2002; Lo and Selesnick 2006). 

The AWGN is not changed due to any orthogonal wavelet transform i.e., is mapped to the 

AWGN in the wavelet domain (Donoho 1993; Mallat 1998). As a result unlike the signal energy, 

the noise energy is not limited to a few coefficients and the noise estimators can be applied to the 

noisy signal decompositions over the wavelet bases. A universal scale-independent thresholding 

level was proposed by Donoho and Johnstone (Donoho and Johnstone 1994) for separating 

signal from the AWGN when an orthogonal wavelet transform was used. The universal 

thresholding level,	 , is given by (2.45): 

2 log                                                                                                            (2.45), 

Where, n is the number of data points and  is an estimate of the noise standard deviation. 

However, using 	  can potentially result in eliminating too many coefficient at small 

scales (Nason 1996; Kerkyacharian, Picard et al. 1998). In order to reduce the thresholding risk, 

lowered scale-dependent thresholding levels were proposed based on minimizing the Stein 

unbiased risk estimate (Donoho and Johnstone 1995), cross validation (Nason 1996), and 

Bayesian approach (Abramovich, Sapatinas et al. 1998).  

In addition, Johnstone et al (Johnstone and Silverman 1997) presented a method to estimate the 

thresholding level in colored noise environments. Lo and Selesnick (Lo and Selesnick 2006) 

proposed an algorithm to estimate the thresholding level for a non-stationary noise with known 

variance. They showed that the modified thresholding performed better compared to thresholding 

with the stationary noise assumption.  

In spite of computational efficiency, the orthogonal wavelet transforms are not translation 

invariant and result in zero correlation across the scales. As a result, applying the discussed 
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thresholding levels to the orthogonal wavelet coefficients can produce artifacts (Donoho and 

Johnstone 1994; Antoniadis, Oppenheim et al. 1995; Donoho, Johnstone et al. 1995). Therefore, 

thresholding levels were generalized for the cases where the non-orthogonal wavelets were used 

(Antoniadis, Oppenheim et al. 1995; Fargues, Barsanti et al. 1997; Teolis 1998; Berkner and 

Wells Jr 2001).  

 

2.10.5 Wavelet Scale Thresholding  

The wavelet coefficients can be thresholded based on the scales as given in (2.46): 

,
, 	
0 	

                                                   (2.46), 

where,	 ,  is the scale thresholded coefficient at scale and time indexed by  and  

respectively, and  is the index of the thresholding scale. Depending on the choice of the 

mother wavelet, the wavelet scale thresholding provides well frequency localization to keep the 

components at that most likely contain the signal energy at the selected frequency bands (Rastin, 

Unsworth et al. 2014).  

In order to apply the wavelet scale thresholding (WST) it is important to understand the 

connection between “scale” and “frequency”. The Scale-Frequency relationship is now 

explained. The idea is to connect a wavelet of scale  with a purely periodic signal of frequency 

. 

 

2.10.6 The Scale-Frequency Relationship 

The WT on each scale act as a band-pass filters with a central frequency  (see section “2.5 

Wavelet Transforms” for the definition of ) and a band-width (Ribeiro, Duque et al. 2013).The 

 of a specific mother wavelet is used to obtain the characteristic or pseudo frequencies  on 

scales 2 ,⋯ , 2  when the DWT by means of (2.47) (Ribeiro, Duque et al. 2013). 
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	 , m 2 ,⋯ , 2                                                                                                    (2.47), 

where,   is the sampling rate.  

 

2.10.7 Selecting a Suitable Wavelet Thresholding for the Seismic Signals Pre-processing 

Seismic recordings are a superposition of the stationary and transient (non-stationary) signals. 

The earthquake waveform is an oscillatory-type transient signal and the ambient seismic noise 

includes both stationary and transient signals. The stationary noise (including random and 

monochromatic noise) originates from a large number of independent sources such as traffic, 

wind, oceanic waves and machinery and the transient noise is identified from sources such as 

passing cars (Bormann and Wielandt 2013) (see Chapter 3).  

The HT preserves general characteristics of the seismic signal including values of Peak Ground 

Acceleration (PGA), Peak Ground Velocity (PGV), and Peak Ground Displacement (PGD). 

Therefore, the hard thresholding is usually used as denoising method for the seismic acceleration 

signals (Ansari, Noorzad et al. 2007).  

The HT and WST both can enhance the event detection and phase onset picking depending on 

available information about the noise and the signal (statistical, time and frequency 

characteristics). Although the HT enhances the edges and singularities (Fedi, Lenarduzzi et al. 

2000) it may destruct the signal components corresponding to an emergent P-phase. In this study 

we have modified the pre-processing stage of the GeoNet P-phase picker by replacing the 

Butterworth filter with the WST. We have studied the effect of WST on the GeoNet P-phase 

picker for the Matata earthquakes 2007-2010 recorded by selected stations from the NZSN (see 

Chapters 5 and 6).  

Figure 2.15, illustrates an example of applying the Mexican hat HT at four different levels to the 

recordings of the MKRZ station containing the event 2855698 (see Figure 2.7). The original 

signal is shown in plot (a). The P-phase arrival identified by the GeoNet phase picker is shown 

(see plot (a)). The HT at magnitude levels of 0.4, 0.3	, 0.2 	 did not preserve the emergent 

P-phase signal (see plots (b)-(d)). The P-phase arrival was finally retrieved when the 

thresholding level was reduced to 0.1, (see plot (e)).  
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Figure 2.15: Applying the Mexican hat Hard Thresholding at different levels to the event 2855698 recorded 

by the MKRZ station: (a) the original waveform and the magnitude thresholded signals at levels of (b) 0.4, (c) 

0.3, (d) 0.2 and (e) 0.1. The P-phase arrival was retrieved when the thresholding level was reduced to 0.1. 

 

2.11. Summary 

In this chapter, essential definitions used in the signal transformations were presented. 

Application of the Fourier Transform (FT) in frequency analysis of a signal was reviewed. The 

modification of the FT to the Short-Time Fourier Transform (STFT) to analyse non-stationary 

signals was explained. The Wavelet Transform (WT) was then introduced to address the fixed 
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Time-Frequency (T-F) resolution of the STFT. Selection criteria for a mother wavelet were 

itemized and choice of the Mexican hat and Haar wavelets for analysis the earthquake 

waveforms was verified. The Continuous and Discrete WT (CWT and DWT) were explained and 

implemented. Implementation of a fast DWT for orthonormal wavelets based on the 

Multiresolution Analysis (MRA) was subsequently described. The Fourier and Wavelet based 

filtering for the seismic signal preprocessing was reviewed. The Wavelet Magnitude and Scale 

Thresholding techniques were reviewed. Finally, selection of the Wavelet Scale Thresholding for 

the seismic signal preprocessing was explained. 

The next chapter is about the ambient noise modeling and sensor evaluation for the NZ National 

Seismograph Network of the North Island. 
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Chapter 3.A detailed Noise Characterization and Sensor Evaluation 

of the North Island of New Zealand using PQLX Ambient Noise 

Models 

This chapter presents results of analyzing recordings of 5 years (2005-2009) from the National 

seismograph Network in the North Island of New Zealand (NZ) using the PQLX Data Quality 

Control tool (see Chapter 1, section “1.8.2.3 Data Quality Control”). Work presented in this 

chapter is drawn from the published article cited below. 

(1) S. J. Rastin, C. P. Unsworth, K. R. Gledhill, and D. E. McNamara, “A Detailed Noise 

Characterization and Sensor Evaluation of the North Island of NZ Using the PQLX Data Quality 

Control System” Bulletin of the Seismological Society of America (BSSA), February 2012 , Vol. 

102, No. 1, pp. 98–113; doi:10.1785/0120110064 

Results and text included in this chapter are largely unchanged from the published versions as 

permitted by the University of Auckland under the 2011 Statute and Guidelines for the Degree of 

Doctor of Philosophy (PhD). Co-authors Dr Charles Unsworth (supervisor), Dr Ken Gledhill (co-

supervisor), and Dr Daniel McNamara advised and commented on the manuscript; however the 

bulk of the research and preparation for publication was undertaken by the thesis author (see 

accompanying declaration).  

 

3.1. Introduction 

Developing efficient methodologies for seismic data processing over a network of seismographs 

requires assessing the performance of each seismograph as well as evaluating the ambient noise 

at each station. To assess the performance effectively one should analyze the seismic recordings 

of each station collected for a long time. A seismographic recording includes earth vibrations as 

well as instrumentation noise. Earth vibrations can be either due to earthquakes or non-

earthquake signals where non-earthquake disturbances can originate from cultural or natural 

noise sources (Bormann 2002; Wielandt 2002; Havskov and Alguacil 2004). At each 
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seismographic station the minimum and the maximum observable periods in the corresponding 

recordings are determined by the sampling rate and the installed sensor specification 

respectively. For example, some broadband sensors can record the phenomena with a period 

content as long as 1000s (Havskov and Alguacil ,2004). In addition, the noise level at each 

period depends on the noise sources in the station of interest’s neighbourhood as well as the 

installation quality of its sensors (Webb 2002). All the aforementioned characteristics can be 

reflected by an appropriate noise model which is an estimate of the power spectral density (PSD) 

(Oppenheim, Willsky et al. 1997) of the background ambient noise at the site.  

To obtain the PSD that represents the noise baseline at each station, different non-parametric 

approaches have been taken. Peterson (Peterson 1993) computed a New Low Noise Model 

(NLNM) and a New High Noise Model (NHNM) by estimating the PSDs of the background 

noise in 75 stations in the Global Seismographic Network (GSN). To achieve this he applied 

averaging over the squared magnitude of the Fast Fourier Transform (FFT) of the overlapping 

seismic data segments. 

McNamara and Buland (McNamara and Buland 2004) extended the Peterson’s noise estimation 

method (Peterson 1993) by examining the distribution of PSDs using a probability density 

function (PDF) procedure. They computed a new noise model for the United States Geological 

Survey (USGS) Advanced National Seismic System (ANSS) based on the highest probability 

noise level rather than the low noise floor of Peterson (Peterson 1993). 

Their PSD PDF procedure was then standardized in an open source software package called 

PQLX (PASSCAL Quick Look eXtended) by Boaz (McNamara and Boaz 2005; Boaz and 

McNamara 2008; McNamara and Boaz 2011) for IRIS (Incorporated Research Institutions for 

Seismology)1.The PQLX server calculates the PSDs and PDFs for given data with mini SEED, 

SAC or AH formats and writes the results in a data base. The PQLX client then accesses the 

results using the Graphical User Interface (McNamara and Boaz 2011). The PQLX software 

package has been used at international organizations such as USGS National Earthquake 

Information Center (NEIC), IRIS Data Management Center (www.iris.edu/dms/dmc) and 

recently GeoNet in NZ (www.geonet.org.nz) as a noise assessment tool. 

                                                 
1 This open source software can be downloaded from 
http://geohazards.cr.usgs.gov/staffweb/mcnamara/Software/PQLX.html (Last accessed March 2015). 
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We applied PQLX to the recordings of the URZ station in the Bay of Plenty region of NZ. This 

confirmed that the computed noise models were accurate and consistent with the sensor 

installation and the available noise sources for a NZ station (Rastin, Unsworth et al. 2010). In 

this chapter we apply this method to analyze five years of recordings (2005-2009) obtained from 

the National seismograph Network in the North Island of NZ. Our motivation is to produce a 

scheme that would serve as a useful and valuable reference source for the future research work.  

 

3.2. The New Zealand National Seismograph Network 

The New Zealand National Seismograph Network (NZNSN) consists of 46 broadband 

seismometers installed all over the North and South Islands (Gledhill 2004; Petersen, Gledhill et 

al. 2011). All but two of the broadband sensors in the network are surface mounted with 

approximately 1 m square vaults set up to a 1 m into the ground. The remaining two sites employ 

50 m deep boreholes and borehole sensors. If surface rock exposures exist, the vaults are built 

into the rock, otherwise they are built into the most competent ground available. The vaults are 

insulated but the sensors are not wrapped in material to prevent air circulation. The NZNSN 

stations are located around NZ with a spacing of approximately 100 km, with almost all located 

in rural areas with relatively low levels of cultural noise. The NZNSN data are available for 

download at GeoNet (http://www.geonet.org.nz) that also provides facility to search the NZ 

Earthquake Catalogue. 

In this study 19 broad-band seismometers from the NZNSN in the North Island are considered 

for the background noise analysis. The map of the National seismographic stations in North 

Island is shown in Figure 3.1. The list of the stations, their locations and information on the 

geology at each site are given in Table 3.1. Furthermore, history and type of the corresponding 

sensors within the interval of interest are presented.  
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Figure 3.1: The Map of the New Zealand National Seismic Network stations (black circles from GeoNet) in 

the North Island of New Zealand. The topographic map (sourced from Topographic Map 265-1 North Island, 

Crown Copyright Reserved) can be downloaded from the LINZ website at 

www.linz.govt.nz/topography/topo-maps/nz-small-scale-maps (accessed in November 2011). 
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Table 3.1: National Network Stations of the North Island, location and geology and sensors history information1 

Station 

Code 
Location 

(Lat., Long.) 
Place 

Geology 

Bedrock-Strength 

Last Sensor  
from 

Sensor Type 

Manufacturer-
Model 

Previous Sensor 
start date 

 

Sensor Type 

Manufacturer-Model 

1. OUZ -35.22, 173.59 Omahuta Limestone -MS2 2003/08 Str3 STS-2   

2. WCZ -35.94, 174.34 Waipu Caves Greywacke-MS 2009/10 Gur3 CMG-3ESP 
2005/05, 
2005/07 

Gur- CMG-3ESP,  
Gur-CMG-3ESP 

3. KUZ -36.74, 175.72 Kuaotunu Greywacke -S2 2004/02 Gur- CMG-3ESP   

4. HAZ4 -37.75, 177.78 Maungaroa Station, Te Kaha 
Weathered/ 

fractured greywacke 
2010/01 Gur- CMG-3ESP   

5. MXZ -37.56, 178.30 Matakaoa Point Basalt- MS 2009/08 Gur- CMG-3ESP 
2004/02, 
2009/08 

Gur-CMG-3ESP, 
Gur- CMG-3ESPC 

6. PUZ -38.07, 178.25 Puketiti Sandstone- MS 2003/08 Gur- CMG-3ESP   
7. URZ5 -38.26, 177.11 Matahi Valley, Urewera Greywacke -MS 2002/02 Gur-CMG-3TB   
8. MWZ -38.33, 177.52 Kiriroa ,Matawai Siltstone -MS 2004/02 Gur- CMG-3ESP   
9. TOZ -37.73, 175.50 Tahuroa Rd., Waikato Siltstone -MS 2008/12 Gur-CMG-3ESPC 1998/10 Gur- CMG-40T-30S 
10. KNZ -39.02, 177.67 Kokohu Siltstone  2009/04 Gur- CMG-3ESPC 1998/10 Gur- CMG-40T-30S 
11. TLZ6 -38.32, 175.53 Tolley Rd.,Te Awamutu Ignimbrite 2009/05 Gur- CMG-3ESP   
12. HIZ -38.51, 174.85 Hauiti Siltstone-MS 2004/02 Str- STS-2   
13. BKZ -39.16, 176.49 Black Stump Farm Greywacke-MS 2004/02 Str-STS-2   
14. VRZ -39.12, 174.75 Vera Rd., Whangamomona Mudstone- MS 2005/02 Gur-CMG-3ESP 2003/12 Gur- CMG-3ESP 
15. WAZ -39.75, 174.98 Whanganui Siltstone-W2 2003/07 Gur- CMG-3ESP   
16. TSZ -40.06, 175.96 Takapari Rd., Manawatu Greywacke-MS 2004/01 Gur- CMG-3ESP   
17. PXZ -40.03, 176.86 Pawanui Greywacke- S 2005/08 Gur-CMG-3ESP   
18. BFZ -40.68, 176.24 Birch Farm, Wairarapa Sandstone-MS 2007/11 Str- STS-2 2003/07 Str- STS-2 
19. MRZ -40.66, 175.57 Mangatainoka River, Wairarapa Greywacke, MS 2003/07 Gur-CMG-3ESP   
20. WEL7 -41.28, 174.76 Wellington, Dominion Obs. Greywacke-W 2008/12 Gur-CMG-3ESP   

                                                 
1 The content of this Table were obtained from the GeoNet website (www.geonet.org.nz) in November 2011. 
2 “MS”, “S” and “W” stand for “Moderately Strong”, “Strong” and “Weak” respectively. 
3 “Str” and “Gur” stand for “Streckheisen” and “Guralp” manufacturers respectively. 
4 The HAZ station in Te Kaha has been recently opened (January 2010) and hence is out of the scope of this study. 
5  For all the stations the ground relationship is zero, except for the URZ that is 50meter. 
6  The Tolley road station (TLZ) recordings have been studied since May 2009, when it began operation. 
7 The Wellington station (WEL) was upgraded at the end of 2008 to join the NZNSN and no broadband sensor was installed for this station between 1995 and 
2008. Therefore only the recordings of 2009 were considered for this station.  
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Depending on the geographical location, sensor type and installation the noise baseline differs 

from one site to another. Furthermore, the noise energy at each period varies on the daily and 

seasonal bases that can affect the quality of recordings.  

 

3.3. Ambient Noise Sources and characteristics 

In this section the vibrations from the natural and cultural noise sources at the seismograph sites 

of the North Island are characterized. Furthermore, the effect of installation quality on the noise 

baseline is studied. Noise generated by human activities and those of domestic animals namely 

the cultural noise has its energy mostly concentrated in the periods smaller than 1s (Webb 2002; 

Havskov and Alguacil 2004; McNamara and Buland 2004). The major natural noise sources are 

wind, rain, rivers, oceanic microseisms, and earthquakes (Withers, Aster et al. 1996; Webb 2002; 

McNamara and Buland 2004). Wind can cause short period (SP) noise with periods between 0.1-

1s or smaller when it acts on the objects coupled to the ground such as trees and structures 

(Havskov and Alguacil 2004; McNamara and Buland 2004). The other source is the moving 

waters nearby each station. Wind, rain and water flow variations due to the seasonal cycles can 

change the noise levels in their corresponding periods (Withers, Aster et al. 1996; Webb 2002; 

McNamara and Buland 2004).  

The ground motions induced by the ocean waves with periods between 1-20 s are known as 

microseisms. The oceanic microseism components namely primary and secondary microseisms 

peaks are observed in the noise spectra of all broadband stations worldwide (Kurrle and Widmer-

Schnidrig 2010). Primary or single frequency microseism peak is recognizable in the period 

interval 10-18s and has lower amplitude. When oceanic surface waves propagate through 

shallow coastal waters the substrate is influenced by the corresponding pressure variations which 

generate seismic energy at the same frequency as of the ocean waves. The secondary microseism 

peak, or double frequency microseism, is generated due to a standing wave generated by the 

interference of the ocean gravity waves with the similar periods traveling in the opposite 

directions. The double frequency peak can be observed in periods between 4 to 9 seconds.  

Low probability (1-3%) high power events with periods less than 1s and greater than 10s can be 

attributed to the body and surface waves from earthquakes respectively (McNamara and Buland 
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2004). This is because they are not frequently observed in comparison to the microseisms and 

man-made noise (McNamara and Buland 2004).  

 

 

Figure 3.2: (a) The URZ PDFs for the recordings of Feb 2006 and the selected rectangle in the low probability 

area containing periods of 0.65s to 0.73s, (b) the PSD PDF crossing the rectangle in plot (a), and (c) the 

filtered URZ waveform for the 2527599 earthquake contributing in the PSD PDF of (b). 
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Studying a small rectangle of the low probability area in the URZ noise PDFs of Feb 2006 (see 

plots (a-b) of Figure 3.2) confirmed contribution of a magnitude 5.052 earthquake 252759920. 

Plot (c) of Figure 3.2, displays the retrieved earthquake waveform after filtering (Rastin, 

Unsworth et al. 2010). 

 

3.4. Power Spectral Density Estimation and Ambient Noise Modeling 

Since a seismographic record is a stochastic signal, its corresponding PSD can be estimated by 

means of averaging. The PSD estimation by averaging is now explained. 

For a truncated wide-sense stationary (W.S.S) process  (Oppenheim, Willsky et al. 1997; 

Schafer and Oppenheim 2010; Bendat and Piersol 2011) with a window function of length 2  

the PSD is computed by estimating the average power over all finite-energy random variables 

. Parseval’s theorem (Oppenheim, Schafer et al. 1999) is then applied to the obtained 

average power lim → | |  and results in (3.1) (Stensby 2011): 

lim → | | lim
→

| |
                            (3.1), 

where,  is the truncated W.S.S process, Χ  shows the Fourier Transform (FT) of  

(see Section “2.3. Frequency Analysis”) that is a random variable itself. From (3.1), the PSD for 

 is defined by (3.2): 

lim
→

| |
                                                                                                          

(3.2). 

In practice to estimate the PSD of a seismic recording, the recording is divided into  number of 

segments , 1,⋯ . The FT of each segment, , is then obtained and the 

associated FT magnitude is squared. Finally, the PSD is approximated by averaging over all  

segments as given in (3.3) (Oppenheim, Schafer et al. 1999; Bendat and Piersol 2011): 

                                                 
20 The earthquake time origin was 2006/2/18 , 6:44:23.46 and,  it was located at the latitude of -37.81and the 
longitude of  176.33.  
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∑ | 	|                                                                                                         (3.3). 

 The averaging technique results in an unbiased and consistent PSD estimator. Variance of the 

estimation can be reduced by increasing the number of segments within the recordings. 

Furthermore, using over-lapped segments can enhance the frequency resolution if the length of 

the segments is not long enough for a good frequency resolution (Oppenheim, Schafer et al. 

1999; Bendat and Piersol 2011; Stensby 2011). 

In order to obtain the PSD of the baseline noise at different stations, Peterson (Peterson 1993) 

restricted the seismic recordings to the ones with no transient phenomena such as noise bursts, 

earthquakes and data gaps. This way the stationary assumption was kept valid for applying the 

corresponding math. He then applied the aforementioned averaging technique to estimate PSDs 

using recordings of the Short Period (SP), Broad band (BB) and Very Broad band (VBB), Mid 

Period (MP), Long Period (LP),Very long Period(VLP) and Ultra long Period(ULP) channels 

with different sampling rates. Peterson characterized the ambient noise by spectrally overlaying 

all of the estimations and divided it into non-seismic noise, short and long period seismic noise. 

He updated the Low Noise Model (LNM) and the High Noise Model (HNM) from the PSDs 

estimated for 75 variously located GSN stations with different instruments, vaults, geologic 

environments.  

McNamara and Buland (2004) suggested a new statistical approach to remove the non-stationary 

parts automatically whilst they used the same algorithm to estimate the PSDs to keep the 

consistency with Peterson LNM and high noise model HNM. The method is based on calculating 

the probability density function (PDF) from the obtained PSDs of a large number of data sets. 

Therefore, all earthquakes, transients and instrumental glitches are discriminated as they are less 

likely to occur and the power values with high probability of occurrence at each period represent 

the stationary background “ambient” noise at each station. Based on this approach a new low 

noise model was extracted that represented a more realistic noise floor than that of the Peterson’s 

(Peterson 1993)for the earthquake monitoring network within the United States. The PSD PDF 

method is the basis of the PQLX software that has been applied to this study (Boaz and 

McNamara, 2008) and is now described (McNamara and Buland 2004; Rastin, Unsworth et al. 

2010).  



 

106 
 

Recording of each seismometer are divided into 1-hour seismograms overlapping by 50%. Each 

1-hour seismogram is divided into 13 segments , i 1,⋯ , 13  overlapping by 75%. For each 

segment, the PSD is calculated using steps (1-6) given below: 

For each segment  i 1,⋯ , 13 , 

1) The slope and mean values are removed. 

2) A 10% Hamming window is applied to the ends of the segments of (1). 

3) The FFT is obtained at the discrete frequencies for the windowed segment of (2).  

4) The PSD values at  ,	 , is calculated and normalized by the factor 2Δt/N as given in 

(3.3): 

|Χ |  (4)                               (3.3). 

5) The PSD is corrected to compensate for the window function applied to the segment.  

6) The instrument response is removed using the instrument transfer function to acceleration 

(See section “1.4.4 Frequency Response and Bandwidth”).  

The final PSD  , is the average of the PSDs , i 1,⋯ , 13  in terms of decibel (dB) relative 

to 1 m	 s	 	 and has a 95% level of confidence that the spectral point lies within -2.14 to 

2.87 dB of the estimate (McNamara and Buland, 2004).  

In order to reduce the number of frequency points, the PSD  is averaged within an octave 

interval of ,  and _  is stored at the center period of the octave . The 

_  is obtained as the average of _  for all segments  i 1,⋯ , 13 . The PSD 

PDF is then estimated at each  from the power histogram obtained at 1-db bins. Figure 3.3, 

shows an example of the calculated PDFs for different periods obtained from the PSDs for each 

January for five years (2005-2009) for the URZ station. 

In order to obtain a noise model for each station the PSD PDF method was applied to the 3-

component data recordings of each station, and the noise PDFs from all available recordings 
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during the time interval of interest (2005-2009) were obtained. The high-probability region 

represents the power values corresponding to the stationary background noise. Lower probability 

high power PSDs are generally due to transients such as, spiking, data gaps, calibration pulses, 

and earthquakes. 

 

 

Figure 3.3: Probability of occurrence (y-axis) of the power values (x-axis) for the center periods 0.12, 0.45, 

1.66, 6.09 and 22.33s obtained for the URZ station from the PSDs for January for the five years from 2005 to 

2009. 

 

3.5. Noise PDFs Analysis, Sensor Malfunction, and Recording System Transients 

In this section, the procedure taken to analyze the noise PDFs obtained using the PSD PDF 

method (see Section “3.4. Power Spectral Density Estimation and Ambient Noise Modeling is 

explained.  

Earth vibrations due to earthquake and nonearthquake events affect the seismic recordings. In 

addition, the recordings can be contaminated by the electronic and mechanical instrumentation 

noise (Bormann 2002; Wielandt 2002). Because all data are included, the PSD PDF is useful for 
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the station and data quality control. For example, bimodal distribution of PSDs in the PDFs is 

generally due to long-term sensor malfunction and replacement. If sensor replacement was an 

issue, the noise models were compared before and after sensor replacement. The effect of sensor 

failure was observed in the noise PDFs of the BFZ station. Furthermore, sensor replacements 

affected the noise PDFs of the KNZ and TOZ stations (see Table 3.1).  

 

 

Figure 3.4: (a) Effect of the sensor replacement in the TOZ noise PDFs of the LP region (see the red 

rectangles A and B), and the noise PDFs (b) after and (c) before the sensor replacement. 

 

Figure 3.4, illustrates how the PDFs at the Long Period (LP) region were affected due 

replacement of the Guralp CMG-40T-30S sensor with the Guralp CMG-3ESPC at the TOZ 

station (see the red rectangles A and B in Figure 3.4a). Corresponding dates of the recording 

forming the rectangle B was consistent with the sensor replacement in late April 
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2009.Comparison the noise PDFs before and after sensor replacement shows that the substituted 

broadband (BB) sensor (See Section “1.4.4 Frequency Response and Bandwidth”) extended the 

LP corner. The BB sensor improves long and short-period characteristics of the noise model thus 

lowering the earthquake detection capability of the station (See Section “1.8.1.1 Real-Time 

Earthquake Detectors”).  

In addition to check the stability of the noise model, the occurrence of low-probability power 

values due to the system transients was studied in the PDFs of each station. 

The daily and seasonal variations of the noise models at each station were then studied. Finally 

the effect of temperature and unwanted tilt were studied by comparing the horizontal and vertical 

noise models at each station. 

 

3.6. Noise Characterization for the North Island National Broadband Stations 

This section describes the stable noise models obtained for the stations of interest. It is then 

demonstrated how the mode noise models are used to obtain the North Island’s mode low noise 

model (MLNM). 

 

3.6.1 Stable Noise Models 

Applying the strategy explained in the previous section, the noise PDFs for each station (with the 

exception of HAZ) in the map of Figure 3.1 were obtained and the stationary background noise 

was then characterized by the power values with the highest probability of occurrence over the 

whole time interval. The HAZ station in Te Kaha has not been included as it was only opened in 

January 2010 and hence is out of the scope of this study.  

Examples of the obtained noise PDFs from five years of vertical recordings for four stations 

(URZ, OUZ, HIZ, and WAZ) are presented in Figure 3.5.  

. 
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Figure 3.5: The noise PDFs obtained for stations (a) URZ, (b) HIZ, (c) WAZ, and (d) OUZ. Ambient noise sources are shown in their corresponding 

bands and probability of occurrence. The period band containing the cultural noise sources' energy is shown by a black rectangle in each plot (“LP” 

stands for “Long Period”.)
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Colour bar shows the probability of the power values. Each plot includes the minimum, 

maximum, mean, mode, 10th and 90th percentiles of the obtained PDFs. Also, the periods 

corresponding to the main ambient noise sources are specified in the obtained noise models (see 

section “3.3.Ambient Noise Sources and characteristics”) are indicated in the noise PDF plots. 

The single and double frequency peaks are recognizable in the plots of Figure 3.5, as expected 

(Hedlin and Orcutt 1989; Webb 2002; McNamara and Buland 2004; Kurrle and Widmer-

Schnidrig 2010). The period band containing the cultural noise sources' energy is shown by a 

black rectangle in each plot (periods < 1 s). The cultural noise levels differ from one site to 

another depending on the distance of the site from the farms, buildings, towns, roads, and 

industrial plants (Webb 2002; Havskov and Alguacil 2004; McNamara and Buland 2004).  

 

 

Figure 3.6: Diurnal variation of cultural noise energy for the OUZ station. (a) Noise PDFs obtained from five 

years of recordings: two black rectangles are considered in the cultural noise band. (b) PSD start times: the 

dates and times corresponding to each area are displayed, respectively. One-hour-long black lines mark the 

absolute time of the data records forming the PSDs of the selected area. 
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The daily variation of the noise energy results in observing multi-branches and lack of 

concentration in the high-probability values in the corresponding band. This case is illustrated in 

Figure 3.6 for the noise PDFs of the OUZ station. Two small areas were considered in the 

cultural noise band. One contains the larger power values with the high probability of occurrence 

and the other one covers the smaller power values. The corresponding dates and times for each 

area are displayed. The lower values correspond to data recorded within the overnight hours 

starting from 06:00 to 18:00 GMT (Greenwich Mean Time) or 6 p.m. to 6 a.m. NZ time. This 

makes sense because industrial units and offices are closed in this interval and hence the man-

made noise energy should be at its minimum level. This pattern is repeated for all five years. In 

addition, every year the number of hours with less noise energy reaches a peak during winter 

(June-July). The daily and monthly variations of the obtained noise models for the selected 

stations are studied in a later section (see section “3.7 Daily and Seasonal Variations”). 

Apart from the effect of the nearby noise sources, the quality of installation has a significant role 

in the level of the noise energy at each period (Webb 2002; Wielandt 2002). For the stations with 

the surface vaults like the OUZ station (see Table 3.1), the quality of recordings is more affected 

by the surface modes propagating due to human activity compared to that of the stations with the 

borehole sensors. As can be seen in Figure 3.5, for a deep-borehole installed sensor like that of 

the URZ station (Table 3.1) the power values of the highest probabilities in the cultural noise 

band are more concentrated and the variation is less compared to the surface stations. 

Furthermore, the level of the PDF noise mode is relatively low as the borehole can filter a great 

amount of the cultural noise. Moreover, the effect of the geology on the installation quality and 

therefore on the noise energy level should be taken into account (Bormann 2002; Wielandt 

2002). For example, for the WAZ station the power values with high probability between 0.7-

2.6s exceed the Peterson NHNM (Peterson 1993). The high noise level in this band can be 

attributed to the geology of the area where the WAZ sensor is installed. Kilometers of sediments 

in the Whanganui basin, where the WAZ station is located, amplify the microseisms. 

Noise PDFs obtained from the vertical channels for the rest of the stations are presented in 

Figure 3.7 and Figure 3.8.  
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Figure 3.7: Stable noise models obtained from the noise PDFs for the stations (a) WCZ, (b) TSZ, (c) VRZ, (d) 

MWZ (e) MWZ, (f) KUZ, (g) BKZ and (h) MRZ from the recordings of five years (2005-2009). 
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Figure 3.8 Stable noise models obtained from the noise PDFs for the stations (i) MXZ, (j) PUZ, (k) BFZ , (l) 

PXZ. (m) WEL, (n) TLZ, (o) KNZ and (p) TOZ. 
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For the stations KNZ and TOZ, the noise PDFs were obtained from the recordings of the recent 

sensors (Guralp CMG-3ESPC;Table 3.1) because the range of the previous sensors did not cover 

periods as long as 60 s. For these stations, the noise characteristics were highly improved at both 

long and short periods after replacing the short-period sensors (CMG-40T-30S) with the 

broadband ones.  

The obtained plots indicate that the ambient noise levels are higher than the Peterson NLNM 

(Peterson 1993). All the obtained models are relatively stable as the gap between the 10th and 

90th percentiles across the entire band remained small. 

 

3.6.2 Mode Noise Models 

We represented each stable noise model with the modes of the corresponding PDFs over all 

periods. The representative noise modes together with the Peterson NLNM and NHNM 

(Peterson 1993) are shown in Figure 3.9.  

 

 

Figure 3.9: The mode noise models of the North Island stations together with the NLNM and NHNM 

(Peterson 1993). The PDF mode low-noise model (MLNM) of the North Island was obtained. 
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Obtaining an accurate long-term noise baseline for each station helps to evaluate the cultural 

noise condition and the earthquake detection capability, as well as the installation quality at the 

corresponding site. In addition, it provides a reference that helps to detect the outliers/transients 

due to instrumentation problems for the network operators (McNamara and Buland 2004; 

McNamara et al. 2009). We then obtained the PDF mode low-noise model (MLNM) (McNamara 

and Buland, 2004) from the minimum of all the modes at each period. 

The North Island MLNM lies above the Peterson NLNM (Peterson 1993) over the whole period 

range. This was expected as the MLNM is the minimum of the most commonly occurring noise 

levels in the North Island stations, while the Peterson NLNM was computed using only the 

quietest time periods at stations located deep inside continents and far from coastlines. The 

difference between the North Island MLNM and Peterson’s NLNM (Peterson 1993) ranges from 

about 9 dB at longer periods (about 40 s) to 33 dB in the double frequency microseism band (9 

s). Environmental properties of the island justify observing differences of about 30 dB between 

the obtained MLNM and the NLNM in the microseism band. In addition, for the period interval 

0.1-0.9 s that covers the cultural noise band, the MLNM level is about 12-27 dB higher than that 

of the NLNM. 

Comparing the mode noise models around the period 1.28 s showed that, for the stations located 

near coastlines, the noise levels are 38-55 dB higher than that of the NLNM. However, these 

differences range from 28 to 34 dB at the TOZ, TLZ, MRZ, BKZ, MWZ, OUZ, TSZ, URZ, and 

WCZ stations with more distance from the coastlines (see Figure 3.1). The greater values and 

larger range of differences for the coastal sites can be attributed to the energy of coastal short- 

period ocean wave activity. In the period band of the primary microseism (10-16 s) a small 

variation of 8 dB was observed across the network. This small variation suggests a similar source 

region. The largest primary microseism levels were obtained at stations KNZ and PXZ (-126 

dB), which are located in the eastern coastal area of the Hawks Bay region. The lowest level was 

observed at the Tolley road station (TLZ) at the south of Te Awamutu (-134 dB), which is 

located far from the coast-lines (see Figure 3.1). The variation of the secondary microseism peak 

was about 15 dB. While the largest double frequency peak was observed at the WAZ station (-

106 dB), the next largest peaks at this period were again observed at coastal stations KNZ and 
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PXZ (-108 and -109 dB, respectively). As mentioned previously, the sedimentary bedrock in the 

Wanganui basin (near the WAZ site) has been found to magnify the microseisms. 

For each station, the maximum and the minimum differences between the North Island MLNM 

and the noise PDF mode between 0.1 and 63.1 s are obtained and given in Table 3.2. The 

difference levels and their corresponding periods can provide a quick assessment tool. A minimal 

difference between PDF modes and the MLNM would show the periods in which stations 

perform well. In general, short-period noise depends on the proximity to cultural noise sources, 

while the noise of longer periods reflects the vault construction and insulation. 

For example, the difference between the WEL noise PDF mode and the MLNM has reached its 

maximum value (40 dB) at 0.34 s. This implies that the WEL site either is noisy or the sensor 

isolation cannot filter the cultural noise (or a combination of both). For the WEL station the 

minimum difference (1 dB) was obtained at 18.8 s; therefore, cultural noise sources at this 

station have a larger impact on the station performance. 
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Table 3.2: The Maximum Difference between the Noise PDF Mode and the North Island MLNM in Periods 0.1–63.1 s 

Station 

Code 

Time Interval of the 

Obtained Stable Noise 

Model 

Period Corresponding to 

the Maximum Difference 
1(s) 

Maximum 

Difference1 

(dB) 

Period Corresponding to 

the Minimum Difference1 

(s) 

Minimum 

Difference 1(dB) 

1. TOZ 12/2008 to 12/2009 57.92 25 0.91 0 

2. BFZ 2005-2009 63.16 25 18.8 4 

3. TLZ 5/2009 to 12/2009 57.92 24 0.54 0 

4. MXZ 2005-2009 0.34 20 17.22 0 

5. MRZ 2005-2009 0.11 14 18.78 0 

6. KNZ 5/2009 to 12/2009 57.92 42 20.48 5 

7. BKZ 2005-2009 63.16 29 0.49 0 

8. HIZ 2005-2009 57.92 19 13.28 0 

9. KUZ 2005-2009 0.12 15 3.32 0 

10. MWZ 2005-2009 0.20 13 4.70 0 

11. OUZ 2005-2009 7.89 8 0.19 0 

12. PUZ 2005-2009 0.20 20 17.22 3 

13. PXZ 2006-2009 0.20 26 28.96 1 

14. TSZ 2005-2009 63.16 25 9.39 1 

15. URZ 2005-2009 57.92 17 1.40 0 

16. VRZ 2005-2009 0.20 23 14.48 0 

17. WAZ 2005-2009 0.20 31 13.28 0 

18. WCZ 2005-2009 2.15 6 0.10 0 

19. WEL 2009 0.34 40 18.78 1 

 

 

                                                 
1 Difference between the noise PDF mode and the MLNM.. 
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3.7. Daily and Seasonal Variations 

In this section, the daily and monthly changes of the noise models for each station are studied. 

 

3.7.1 Daily Changes of the Mode Noise Model 

In order to evaluate the changes of the noise model during daytime hours in the different bands, 

we obtained the hourly variation of the noise PDF mode for each station (McNamara and 

Buland, 2004). We binned the PSDs for each hour from 00:00 GMT to 23:00 GMT within the 

time interval given in Table 3.2 for each station. We then calculated the PDFs after obtaining the 

histogram at each period for each hour. We computed the noise model with its mode for each 

period. However, in some cases we obtained a PDF with two modes; that is, two power values 

with the identical chance of occurrence for that period. In such cases the PDF mode 

corresponding to the larger value was considered. Using the noise median would provide a 

smoother model. However, we wanted to study the daily variation of the largest and most 

probable noise power at each period. 

 

Figure 3.10: The diurnal variations of the vertical mode noise models obtained from the hourly data recorded 

over five years (January 2005-December 2009) for the URZ station. 

The daily variation of the mode noise for the URZ station is shown in Figure 3.10 as an example. 

The 3D plot shows the changes of the power values of the mode noise model (colour bar) over 
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the periods from 0.1 to 100 s (y-axis) and the daily hour numbers (1-24) that span 00:00 GMT to 

23:00 GMT (x-axis).  

It was found that in the periods shorter than 1 s, the noise baseline profile changes throughout the 

day. In general the cultural noise energy over the periods from 0.1 to 1 s increases from morning 

to the evening (7 a.m.-8 p.m. NZ local time). However, the silent interval differs in length and 

shifts slightly from one station to another, depending on the site location. In order to evaluate 

each station's performance at the cultural noise band, the maximum value of the noise mode and 

its corresponding period (P1) were obtained and compared with the minimum value at the same 

period as shown in Figure 3.10. On the other hand, the minimum mode noise value and its 

corresponding period (P2) were obtained and compared with the maximum value at the same 

period. The two values obtained for the differences represent the maximum possible variations of 

the noise energy that can be observed over the P1-P2 period interval. The results are presented in 

Table 3.3. 

For the PUZ, KUZ, WEL, and TLZ stations the value of the maximum possible noise variation is 

consistently high from P1 to P2. For these stations, the maximum possible variation reaches its 

largest value at period 0.104 s (18, 17, 15, and 15 dB respectively) and it only decreases 2-3 dB 

by the period P2. The recordings of these stations are affected the most by cultural noise. This 

can be either due to their location or the installation quality. 

In contrast to these stations, the MXZ station has the lowest values of the daily variations over 

the P1 to P2 interval. The maximum amount of daily change for this station is 7 dB at 0.16 s. The 

maximum rate drops to 5 dB as it is extended to 0.27 s. Considering the fact the short-period 

noise did not show a large daily variation at the MXZ station, one can conclude that the energy 

due to local wave action can be the dominant source at periods shorter than 1 s for this station. It 

is consistent with the location of the MXZ (at Matakaoa Point; see Figure 3.1). The maximum 

difference between the mode noise at MXZ and the North Island MLNM was 20 dB at 0.34 s 

(see Table 3.2). 
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Table 3.3: The maximum daily variations of the noise energy in the cultural noise band for each station 

Station Code 
Maximum 

value 
P1: corresponding 

period (s) 
Minimum 
value at P1 

Difference 
(dB) 

Minimum  
value 

P2: corresponding 
period (s) 

Maximum 
value at P2 

Difference 
(dB) 

1. TOZ -135 0.104 -148 13 -150 0.135 -139 11 

2. BFZ -132 0.104 -141 9 -151 0.247 -140 11 

3. TLZ -121 0.104 -136 15 -152 0.415 -139 13 

4. MXZ -132 0.1600 -139 7 -140 0.269 -135 5 

5. MRZ -131 0.104 -145 14 -151 0.320 -144 7 

6. KNZ -131 0.208 -142 11 -144 0.113 -137 7 

7. BKZ -130 0.104 -145 15 -153 0.269 -143 10 

8. HIZ -136 0.247 -145 9 -151 0.104 -137 14 

9. KUZ -132 0.104 -149 17 -152 0.207 -138 14 

10. MWZ -135 0.104 -147 12 -150 0.269 -139 11 

11. OUZ -134 0.104 -152 18 -158 0.207 -148 10 

12. PUZ -125 0.104 -143 18 -144 0.160 -129 15 

13. PXZ -122 0.174 -137 15 -138 0.269 -126 12 

14. TSZ -120 0.1037 -134 14 -148 0.3489 -140 8 

15. URZ -133 0.1037 -144 11 -148 0.3805 -142 6 

16. VRZ -116 0.1744 -137 21 -142 0.3200 -135 7 

17. WAZ -117 0.1037 -129 12 -134 0.3489 -125 9 

18. WCZ -142 0.1037 -154 12 -156 0.1345 -144 12 

19. WEL -107 0.1037 -122 15 -129 0.2074 -115 14 
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For some stations the amount of maximum possible variation is higher at period P1, and it 

dramatically falls down at period P2. An example of this type is the URZ station (see Figure 

3.10). The maximum variation at 0.104 s is 11 dB. However, this value goes down to 6 dB at 

0.38 s. This can be attributed to the deep-borehole installation of the URZ sensor. In fact, it can 

be inferred that the borehole has filtered the noise energy in periods longer than 0.175 s. 

For longer periods up to 30 s, the noise character generally did not show strong diurnal 

dependency. The daily changes of the noise for longer periods can be due to the temperature 

effects. This is studied in a later section (see section “3.8 Temperature and Tilt Effects”). 

The mode noise daily variations for the other stations are shown in Figure 3.11 and Figure 3.12.  
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Figure 3.11: The hourly (diurnal) variations of the vertical mode noise models obtained from the hourly data 

recorded during 5 years (2005-2009) for the stations (a) WCZ, (c) WAZ, (d) VRZ, (e) TSZ (e) OUZ (f) MWZ 

(g) KUZ and (h) HIZ 
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Figure 3.12 The diurnal variations of the vertical mode noise models obtained from the hourly data recorded 

during 5 years (2005-2009) for the stations (i) BKZ, (j) MRZ, (k) MXZ (l) BFZ. (m) WEL, (n) TLZ, (o) PXZ 

(p) TOZ, (q) KNZ and (r) PUZ. 
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3.7.2 Seasonal Variations of the Mode Noise Model 

In addition to studying diurnal changes of the noise model, the seasonal variations were studied 

for each individual station. The PSDs for each month were retrieved for the time interval that 

gave a stable noise model for each station as shown in Table 3.2. The related PDF at each period 

was then estimated and the noise model was represented with its PDF mode for each month. In 

case of obtaining a PDF with two modes, the same strategy described in the previous section was 

taken. The TLZ and KNZ stations were excluded from this study as there were not enough 

recordings available to study the mode noise seasonal variations1. The KNZ new sensor and the 

Tolly Road station (TLZ) have been in operation since May 2009. The data recorded by the 

previous KNZ sensor were not suitable for studying the noise at periods longer than 12 s. As an 

example, the monthly variation of the mode noise for the VRZ station over five years (January 

2005-December 2009) is shown in Figure 3.13. The plot shows the changes of the power values 

of the mode noise model (colour bar) over the periods from 0.1 to 100 s (y-axis) and the months 

of the year (x-axis). Changes of the vertical mode noise models during the months of the year for 

the stations of interest are shown in Figure 3.14 and Figure 3.15. 

 

 

Figure 3.13: The monthly variations of the vertical mode noise model recorded over five years (January 2005-

December 2009) at the VRZ station. 

                                                 
1 We require at least one year within the considered time interval of 2005-2009. 



 

126 
 

 

Figure 3.14 The monthly variations of the vertical mode noise model obtained from the 5 years (2005-2009) 

recordings of the stations (a) URZ, (b) WCZ, (c) OUZ , (d). WAZ, (e) TSZ, (f) KUZ, (g) HIZ and (h) MWZ.. 
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Figure 3.15 The monthly variations of the vertical mode noise model obtained from the recordings of the 

stations (i) BFZ, (j) BKZ, (k) MRZ , (l) MXZ , (m) WEL, (n) PXZ, (o) TOZ and (p) PUZ. 
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Study of the variations of the noise PDF modes during the months of the year showed that for 

some stations (TSZ, TOZ, VRZ, URZ, WAZ, WEL, and HIZ) the cultural noise energy level 

increased from October to May (NZ spring-summer). 

In addition, the peak value in the 1-4-s interval changes for different seasons. For 70.5% of the 

stations, the peak value in this period interval occurred in month 6 of the year, and for 17.5% of 

the stations the peak was equally observed during months 7 and 8. This is during the winter and 

can be due to the increase in ocean wave height related to more intense and frequent sea storms 

in the southern hemisphere winter (Bromirski and Duennebier 2002; Aster, McNamara et al. 

2008; Aster, McNamara et al. 2010). Monthly changes of the noise peak value in the 

aforementioned band for the OUZ, WCZ, MWZ, and KUZ stations are shown in Figure 3.16.  

 

 

Figure 3.16: The monthly changes of the noise peak value in the short-period microseism band (1-4 s) for the 

stations (a) OUZ, (b) WCZ, (c) MWZ, and (d) KUZ. 

 

Apart from the MWZ station with the maximum peak value at the month 8, for the other stations 

the maximum value was observed at the month 6. In addition, the peak value reached its 
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minimum within the NZ warmer months. The decrease of the peak value in warmer seasons was 

smaller for the MWZ station (6 dB) compared to those of the OUZ, WCZ, and KUZ stations (10 

dB).  

In addition to the seasonal changes of the peak value in the 1-4-s interval, the noise peak level in 

the secondary microseism band (from 4 to 10 s) was found to show a seasonal change at different 

stations. The seasonal changes in the secondary microseism band were not only observed in the 

magnitude but were also seen in the periods corresponding to the noise peak levels. For the 

MWZ, URZ, MXZ, and BKZ stations the secondary microseism peak was shifted to the shorter 

periods during the southern hemisphere colder months. The variation of the secondary 

microseism peak value and its corresponding period during the months of the year for the MWZ 

station are displayed in Figure 3.17.  

 

 

Figure 3.17: Monthly variation of (a) the secondary microseism peak value and (b) the corresponding 

period for the MWZ station. 
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The maximum amplitude was observed in June; however, the corresponding periods 

continuously decreased from April to June and remained low until October. Microseism power is 

increased and enriched in short-period energy in the southern hemisphere winter. 

 

3.8. Temperature and Tilt Effects 

In this section the effect of temperature and unwanted tilt on the obtained noise models are 

studied. 

Long-period seismometers are very sensitive to temperature variations. Therefore, appropriate 

shielding is required to protect them against temperature fluctuations (Bormann, Wylegalla et al. 

1997). The lowest horizontal noise levels are observed at GSN stations where the sensors were 

installed in deep boreholes, tunnels, or very well-insulated vaults (Berger, Davis et al. 2004). 

Furthermore, experimental results at the USGS Albuquerque Seismological Laboratory (ASL) 

have shown that a shallow borehole installation can cause a great reduction in the long-period 

horizontal noise level (Wilson, Leon et al. 2002). 

Here for a small group of the stations, a daily variation in the noise PDF mode was observed for 

periods longer than 35 s. The noise power level for stations KUZ, OUZ, and PUZ in this band 

showed an increase from late night to morning hours. These are all relatively close to the sea and 

have similar installation designs. This phenomenon has been illustrated for the OUZ station in 

Figure 3.18. Figure 3.18a, shows the noise PDFs obtained for the OUZ station recordings of for 

2005-2009. As can be seen, the high- probability area for the periods longer than 35 s has been 

split into two branches. The dates and times corresponding to the upper and lower branches 

(shown by two black rectangles) are extracted and shown in Figure 3.18b-c. Furthermore, the 

daily and seasonal changes in the OUZ mode noise levels are given in Figure 3.18d and e 

respectively. The effect of the split in the noise PDFs (Figure 3.18a) has been reflected in the 

daily variation plot (Figure 3.18d). The part corresponding to the upper branch is shown within 

the red rectangle in the daily variation plot of Figure 3.18d. The envelopes of the histograms 

(specified with red ovals in Figure 3.18b) have a periodic pattern during the years of study. The 

corresponding effect in the seasonal variation plot (Figure 3.18e) can be seen inside the red 

rectangle where the noise mode level reached its maximum levels from May to July. The times 
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and dates corresponding to this phenomenon show it mainly happened when the temperature was 

expected to be low. Therefore, the observed noise variation can be due to the vault construction 

and/or insulation issues. The OUZ station is in a sheltered site by the side of a farm track, and 

hence the variation is less related to sun hit and the vault construction. Therefore, one hypothesis 

is that the noise is due to convection induced by the seismometer in the open space inside the 

insulation as it generates heat when it operates. This phenomenon has been observed by 

Holcomb et al. (Holcomb, Sandoval et al. 1998) and suggests that an evaluation of insulation 

quality and vault design is recommended for this station. KUZ is in an old gold mine and hence 

the temperature variation is likely to be small. In this case, we cannot make a definitive 

statement.  

Variable surface loads, wind action on nearby structures, and fluctuations in the atmospheric 

pressure can produce unwanted tilt. The corresponding force will then affect the seismic mass in 

a similar way that the ground acceleration does (Wielandt 2002).  

Horizontal components are always more sensitive to the tilt as the associated acceleration with 

gravity is rotated into them (Peterson and Orsini 1976). In surface vaults, the long-period noise 

level in a horizontal component is usually 10-30 dB higher than that of the vertical component 

(Webb 2002). For the surface vault instruments, we compared the horizontal (east-west 

component) and vertical mode noise models. The differences are plotted over the periods for the 

surface vault stations of the North Island in Figure 3.19. 
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Figure 3.18: The variation of the long-period noise power (period > 35 s) for the OUZ station: (a) The noise PDFs obtained for the OUZ station from 

recordings made from 2005 -2009: a split occurred in the power values with high probability of occurrence at period 35 s. The dates and times of the 

recordings correspond to (b) the upper branch and (c) the lower branch of the split. (d) The daily variations of the noise PDF mode: the effect of the 

split in the noise PDFs can be seen as hours with higher level of long-period noise (12-9 am NZ local time), as specified within the red rectangle. These 

PDFs modes correspond to the recordings of the upper branch of the split. (e) Seasonal variations of the noise PDF mode: The effect of the periodic 

pattern in the envelope of the histogram (b; red ovals) can be seen inside the red rectangle in (e), where the noise mode level has increased to its 

maximum levels from May to July.
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Figure 3.19: Difference between the vertical and horizontal mode noise models for the surface installed 

sensors in the North Island of New Zealand (see Figure 3.1) 

 

Averaging over the period interval 24-100 s showed that the maximum differences are observed 

in the VRZ (33.4 dB) and KUZ (32.1 dB) stations, and the minimum differences belong to 

stations KNZ and BKZ (13 dB and 14.7 dB, respectively). The averaged differences over the 

period interval of 24-100 s, from the largest to the smallest, are given in Table 3.4. The VRZ 

station is on mudstone and experiences tilt and long-period noise, particularly when the 

mudstone is water saturated in the winter. In this case the insulation will not improve the 

performance, and the unwanted tilt is unavoidable if a station is required in the area because the 

whole region has similar geology. An evaluation of insulation for the rest of the stations with the 

maximum differences is recommended. In particular, for the stations like KUZ with long-period 

noise variation, it should serve to improve the performance. It has been shown that the deep-

borehole installation can reduce the effect of atmospheric pressure up to 90% (Murphy and 

Savino 1975). However, even with the borehole installation, the noise level in the horizontal 

component for periods longer than 20 s can be still higher than that of the vertical component 

and vary based on the installation quality. At ASL, this noise was attributed to the action of the 
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air moving within the borehole around the sensor. They installed the sensor in sand at the bottom 

of the borehole in order to prevent the air draft in the available volume, and they showed that it 

effectively reduced the difference between horizontal and vertical long-period noise (Holcomb et 

al., 1998). 

 

Table 3.4: Averaged differences over periods 24-100s between the horizontal and vertical mode noise models 

for the surface vault instruments in the North Island 

Station Code 
Averaged Horizontal and Vertical 

Noise Difference (dB) 

1. VRZ 33.4 

2. KUZ 32.1 

3. MRZ 31 

4. PUZ 30.2 

5. MWZ 27.5 

6. OUZ 25.2 

7. MXZ 25.1 

8. TLZ 25 

9. PXZ 23.4 

10. WEL 23 

11. TSZ 22.5 

12. WAZ 20.5 

13. TOZ 20.1 

14. WCZ 18.1 

15. HIZ 16.1 

16. BFZ 15.4 

17. BKZ 14.7 

18. KNZ 13 

 

In our study, a Guralp CMG-3TB (Table 3.1) had been installed in a deep borehole for the URZ 

station. We studied vertical and horizontal noise PDFs obtained from the URZ recordings for 

five years. As can be seen in Figure 3.5a, there is a split in the noise PDFs plots. A similar split 

was observed in the horizontal noise PDFs. The corresponding dates of the split branches 

confirmed that it occurred in April 2007. Therefore, we obtained the vertical and horizontal noise 

PDF modes before and after the occurrence of the split using the recordings of the time intervals 

(2005-2006) and (2008-2009), respectively. The results are shown in Figure 3.20.  
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Figure 3.20: URZ station evaluation for long-period noise: Comparing the vertical and horizontal noise PDF 

modes for time intervals (a) (2008-2009) and (b) (2005-2006) after and before the occurrence of the split in the 

noise PDFs plots respectively (see Figure 3.5a). 

 

For the time interval 2005-2006 and for periods longer than 20 s, the difference between 

horizontal and vertical mode noise is about 25 dB. However, this difference has reduced to -1 dB 

in the 20-50-s interval for the data recordings of 2008-2009. Because in practice the horizontal 

noise level is found to be greater than that of the vertical, this is an unusual observation. Over the 

entire time, the instrument response has not been updated, but the change may have been caused 

by a specific maintenance action taken around that date, possibly a centering of the sensor 

masses. Mass centering is known to be a problem at this station, although this should not cause a 

change in sensor response. What is clear is that, with a good borehole installation, the long-

period horizontal and vertical noise levels should be similar. 

 

3.9. Conclusion 

In this chapter we analyzed recordings collected over five years (2005-2009) from the North 

Island stations of the New Zealand National Seismograph Network in order to characterize the 

noise and evaluate the performance for each site. To obtain an appropriate noise model, the 

method suggested by McNamara and Buland 2004 was implemented using PQLX software 

(McNamara and Boaz 2006; Boaz and McNamara 2008; McNamara and Boaz 2011) and applied 
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to the North Island stations' recordings. A stable noise model for each site was then obtained by 

studying the changes in the stationary parts of the noise models. The available seismic noise 

sources were then studied and characterized through the noise models. The modes of the 

corresponding PDFs over all periods were obtained to represent the noise baseline. The noise 

PDF modes were then compared in different period bands. Studying the noise energy around the 

period 1.28 s showed that, for the stations located close to the coastlines, the noise levels are 38-

55 dB higher than that of the NLNM. However, these differences range from 28 to 34 dB at the 

TOZ, TLZ, MRZ, BKZ, MWZ, OUZ, TSZ, URZ, and WCZ stations with more distances from 

the coastlines (see Figure 3.1).  

The PDF MLNM for the North Island sites was then obtained and shown to be approximately 

12-27 dB above the NLNM in the period interval 0.1-1 s. For each station, the maximum and the 

minimum differences between the North Island MLNM and the corresponding noise PDF mode 

between 0.1 s and 63.1 s were obtained. The difference levels and their corresponding periods 

can provide a quick assessment tool (Table 3.2). 

The daily and seasonal changes of the noise PDF modes in different period bands for the stations 

were then studied. It was in general found that the noise power in the 0.1-1 s period interval was 

higher from 7 a.m. to 8 p.m. NZ local time. The maximum possible variations and their 

corresponding periods in the cultural band interval during daytime hours were then obtained for 

each station (Table 3.3). The PUZ, KUZ, WEL, and TLZ mode noise models were found to 

show maximum variations in the cultural noise band. This can be either due to their location 

and/or the installation quality. It was found that MXZ station had the lowest variations over the 

obtained period interval. Because the MXZ station is located at Matakaoa Point (see Figure 3.1) 

and the short-period noise did not show a large hourly variation, it can be inferred that the noise 

at periods less than 1 s is mainly caused by the short-period energy due to local wave action. For 

some stations (URZ, TSZ, OUZ, BKZ, and MRZ), the amount of maximum possible variation 

dramatically decreased within its corresponding period interval. For the URZ station it can be 

attributed to the borehole installation of the sensor that can filter the noise energy in periods 

longer than 0.17 s. For the periods up to 30 s, the noise character generally did not show strong 

diurnal dependency. 



 

137 
 

Study of the monthly variations of the noise PDF modes showed that cultural noise power levels 

increased from October to May (spring-summer) for the TSZ, TOZ, VRZ, URZ, WAZ, WEL, 

and HIZ stations. Besides, for 70.5% of the stations, the microseism peak value in the 1-4 s band 

was observed in June, and for 17.5% of the stations the peak was equally observed in July and 

August. This is most likely due to the increase in the sea storms during the southern hemisphere 

winter. In addition, it was shown that the micro- seism power is enhanced and enriched in short-

period energy during the winter time. 

Study of the long-period noise variation (longer than 35 s) showed that the noise energy level for 

the stations KUZ, OUZ, and PUZ increases from late night to morning hours (for example from 

12-9 a.m. for the OUZ station). These stations have the same installation design and are 

relatively close to the sea. Time and dates corresponding to this phenomenon showed that this 

has mainly occurred during times with lower temperatures. Therefore, it may be due to the 

convection induced by the seismometer in any open space inside the insulation. These findings 

suggest an evaluation of the sensor installations at these sites may be beneficial. However, as the 

KUZ station is located in an old gold mine where temperature variations are expected to be 

minimal, we cannot make a definitive statement about the cause in this case. 

Finally the horizontal and vertical noise PDF modes for the surface vault instruments were 

compared. The difference in the horizontal and vertical long-period noise can be due to tilt and 

temperature fluctuations. For the North Island surface vault instruments, the average difference 

varied from 13 to 33.4 dB. With a proper borehole installation, the difference between the long-

period horizontal and vertical noise levels should be small. 

In conclusion, this chapter has shown that the PDF method of McNamara and Buland 2004 and 

the PQLX software are appropriate techniques for quantifying the ambient noise models for 

seismograph stations in the North Island of NZ. 
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Chapter 4.Using Real and Synthetic Waveforms of the Matata 

Swarm to Assess the Performance of New Zealand GeoNet Phase 

Pickers 

In this chapter, we assess the performance of the P- and S-phase pickers of the New Zealand 

Seismograph Network (NZSN) by comparing their outputs for real seismograms and 

corresponding synthetic seismograms of the local earthquake sequence in the Matata region, NZ, 

during 2008. Work presented in this chapter is drawn from the published article cited below. 

(1) S. J. Rastin, C. P. Unsworth, R. Benites and K. R. Gledhill, “Using Real and Synthetic 

Waveforms of the Matata Swarm to Assess the Performance of New Zealand GeoNet Phase 

Pickers” Bulletin of the Seismological Society of America (BSSA), August 2013, Vol. 103, No. 

4, pp. 2173-2187; doi: 10.1785/0120120059 

Results and text included in this chapter are largely unchanged from the published versions as 

permitted by the University of Auckland under the 2011 Statute and Guidelines for the Degree of 

Doctor of Philosophy (PhD). Co-authors Dr Charles Unsworth (supervisor), Dr Rafael Benites 

and Dr Ken Gledhill (co-supervisor) advised and commented on the manuscript; however the 

bulk of the research and preparation for publication was undertaken by the thesis author (see 

accompanying declaration).  

 

4.1. Introduction 

Studying the characteristics and limitations of the NZ Network's earthquake detection and phase 

picking system is an essential step toward designing efficient seismic signal processing schemes 

and improving existing preprocessing and phase-identification methods. Furthermore, assessing 

the phase pickers’ performance (see Section 1.8.2 “Seismic Phase-Picking and Identification, 

Automatic Phase-Pickers”) in the current system as a function of azimuth, epicentral distance, 

and Signal-to-Noise Ratio (SNR) helps to optimize the seismic site selection and the 

preprocessing methods at each station for the phase picking in the region of interest.  
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In this chapter, the system is characterized by using synthetic earthquake waveforms. To obtain 

the synthetic waveforms, a valid velocity model and fault planes’ parameters in the Matata 

region were applied to an earthquake synthesizer (Bouchon 1979). The Matata earthquakes are 

then synthesized by considering a double-couple point source at 5 km depth. 

The specific interest in the Matata region comes from the sequential seismic activity (Robinson 

1989). Earthquake swarms initially started in 2005 with almost no outstanding mainshock and 

close to the 1987 Edgecumbe earthquake (ML 6.3) (Hurst 2008). The Matata sequence later 

renewed in 2007 with only 8 events over magnitude 4 (the largest one was a 4.7 magnitude 

earthquake). The level of seismic activity has continued since 2008 at lower rates (GeoNet 

2007).  

The effect of the radiation pattern on the pickers’ performance is then studied by means of the 

synthetic waveforms at 85 hypothetical stations with 360° angular variations at 5 different 

distances with respect to an assumed epicenter.  

Furthermore, the effect of noise on the picker performance is evaluated by adding Additive 

White Gaussian Noise (AWGN) (Oppenheim, Schafer et al. 1999) to the synthetic waveforms at 

three different SNR levels (SNR = 20, 10, and 3 dB). Both noise-free and noise-contaminated 

synthetic data are applied to the GeoNet P- and S- pickers.  

The simulation results are finally validated by comparing the outputs of the GeoNet picking 

system for the 2008 Matata earthquakes with the synthetic data and matching noise level. We 

chose to perform the study on year 2008 because it had the highest incidence of automatically 

picked events in comparison to years 2005-2007. 

 

4.2. The New Zealand GeoNet Phase Pickers  

This section provides information about the P- and S-phase pickers currently used by the 

GeoNet. 
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4.2.1 P-Phase Picker 

The current GeoNet system estimates the onset time of the P-phase from NZSN data using an 

Autoregressive-Akaike Information Criterion (AR-AIC) phase picker as explained in Chapter 1, 

section “1.8.2.1 P-Phase Pickers”. An initial estimate of the P-onset time is obtained by a 

STA/LTA detector with long term and short term windows of 7.5s and 0.25s respectively and the 

threshold value of 8 (see Section “1.8.1.1 Real-Time Earthquake Detectors”). The GeoNet phase 

picker uses windows of length of 125 samples, starting 500 samples before the initial STA/LTA 

detection for the AR-modeling of the noise. The signal AR-modeling starts at the STA/LTA 

detection. The noise is assumed to be Gaussian. Likelihood function obtained for the data 

windows determines the consistency between modeled and observed noise and between modeled 

and observed signal. The AIC value is estimated using (1.27) where the order of the AR model is 

8. The smallest AIC value obtained where the joint misfit between modeled and observed noise 

and between modeled and observed signal is minimized. The division point is taken as the P-

phase onset. The GeoNet P-picker operates on band-pass (2.0-19.9 Hz) 1 filtered vertical traces. 

 

4.2.2 S-Phase Picker 

The GeoNet S-phase picker is based on the Cichowicz’s polarization method (Cichowicz 1993) 

that was explained in the Section “1.8.2.2 S-Phase Pickers” of Chapter 1, The GeoNet S-picker is 

applied to 3-component (3-C) recordings yet can provide satisfactory estimates for the onset of 

the S-phase when only 2-component (2-C) recordings are available. Initially the data is filtered 

by a high-pass Butterworth filter f 1.5	Hz . The S-phase is picked when the Characteristic 

Function ∏  with the deflection angle , degree of polarization  and 

the ratio between transverse energy and total energy  (see (1.33,1.34) and (1.35) 

respectively) reaches a threshold level. GeoNet experience suggests that the threshold has to be 

less than 0.75. 

                                                 
1 The high-pass value was changed from 20 Hz to 19.9 Hz to avoid the Nyquist value  for 40 Hz sampled data 
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4.3. Evaluating the Efficiency of the GeoNet Pickers Using Synthetic Earthquake 

Waveforms 

This section presents a brief description on the Geonet earthquake synthesizer and the applied 

velocity and fault-rupture models to synthesize the Matata earthquakes. We then study the effect 

of radiation pattern in the P- and S- phase pickers’ performance using the generated synthetic 

waveforms. 

 

4.3.1 The New Zealand GeoNet Earthquake Synthesizer 

The synthetic seismograms are computed using a discrete wavenumber (DWN) numerical 

scheme introduced first by Aki and Larner (Aki and Larner 1970) and extended by Bouchon 

(Bouchon 1979; Bouchon 1981) to represent earthquake sources in elastic media. 

The layered media with flat interfaces is incorporated in the DWN representation by the 

generalized reflection-transmission coefficients (Kennett 1983). Applying these coefficients 

conveys the effects of all layers and the free surface at any point of the stratigraphy for each 

wavenumber. These coefficients can be computed by a recursive algorithm starting at the layer 

where the source is located. 

To synthesize the earthquakes of the Matata region, a point source was considered at the origin 

of a relative coordinate system and at a depth of 5 km. This depth is comparable with the focal 

depth of the Matata events, which are classified as shallow events (Section “1.6.1.2 Hypocentre, 

Epicentre and Focal Depth”; GeoNet, 2007).  

The relative distance between the epicenter and the hypothetical stations varied from 10 to 50 km 

with a resolution of 10 km. In addition, 17 points with different azimuth angles were considered 

at each distance (angular resolution ≈ 21°).  

The synthesizer used the velocity model and the main-fault parameters of the Matata region as 

now explained. 
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4.3.2 Velocity Model and Fault Parameters for the Matata region 

The Matata region is located in the Volcanic Zone (VZ) of the North Island of NZ. The 5-layer 

velocity (Section “1.8.3.2 Earthquake Location Problem, Velocity Models”) and density models 

(see section “1.3.5.1 Body Waves”) of Figure 4.1 were used by the synthesizer (Robinson 1989).  

 

 

Figure 4.1: Velocity and density models for the VZ 

 

Based on a previous study (Hurst 2008) normal fault parameters (see Section 1.3.4 Fault’s 

Geometry and Types) describe the main focal mechanism for the Matata region swarms. The 

fault parameters used in our synthesizer are given in Table 4.1. 

 

Table 4.1: Fault parameters for the Matata region 

Region VZ 

Fault Strike 45o 
Fault Dip 60o 

Fault Rake -90o 
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Finally, the earthquake rupture process was modeled by a simple ramp source time function 

(Ben-Menahem and Singh 1981) with 0.25s rise time. Such a source time function provides a 

good approximation for the small earthquakes like those of the Matata region with small source 

durations (Clinton 2004; Chu, Zhu et al. 2009).  

 

4.3.3 A Study of the Effect of Radiation Pattern on the Pickers’ Performance 

The synthetic waveforms obtained at the hypothetical stations were passed through the P- and S- 

pickers consecutively. The performance of both pickers has been shown to be affected by the 

radiation pattern (Udías 1999), and thus by the relative location of the stations and the epicenter.  

To evaluate the pickers’ performance at different locations, the mean value of the picked P- and 

S-arrival times were calculated at specific distances between station and epicenter. Numerical 

values of the deviation from the mean picked P- and S-arrival times at each location are given in 

Table 4.2. Besides, relative locations of stations with the highest number of the identified phases 

with respect to the earthquake swarm of 2008 are highlighted in Table 4.2. These stations are 

referred to as the “Key stations” hereinafter. Tp and Ts stand for the P- and S-phase onset times 

respectively. 
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Table 4.2: Deviation from Mean Tp (Left) and Mean Ts (Right) at each hypothetical station 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
R=10km R=20km R=30km R=40km R=50km R=10km R=20km R=30km R=40km R=50km 

STA 1 0.14 0.01 0.06 0.10 0.00 STA 1 0.03 0.13 0.50 1.64 0.29 

STA 2 0.04 0.14 0.05 0.05 0.07 STA 2 0.04 0.054 0.94 0.65 0.70 

STA 3 0.05 0.04 0.07 0.12 0.01 STA 3 NA 0.17 0.69 0.19 0.17 

STA4 0.06 0.20 0.12 0.13 0.03 STA4 0.042 0.31 0.41 0.33 0.15 

STA 5 0.06 0.06 0.04 0.15 0.00 STA 5 NA 0.02 0.18 0.36 0.012 

STA 6 0.07 0.08 0.06 0.51 0.03 STA 6 0.17 0.22 0.262 0.459 0.20 

STA 7 0.07 0.096 0.05 0.04 URZ 
0.012 STA 7 0.17 0.25 0.30 0.460 URZ  

 0.34 

STA 8 0.07 0.07 0.14 0.11 0.00 STA 8 0.17 0.264 0.52 0.25 0.32 

STA 9 0.07 0.08 0.04 0.57 0.00 STA 9 0.17 0.0159 0.20 0.459 0.19 

STA 10 0.06 0.03 EDRZ 
0.12 

0.13 0.09 STA 10 NA 0.036 EDRZ 
0.222 

0.35 0.012 

STA 11 0.05 MARZ 
0.163 

MARZ 
0.03 

0.11 0.03 STA 11 NA MARZ 
0.264 

MARZ 
0.222 

0.32 0.07 

STA 12 0.05 0.036 0.04 LIRZ 
0.093 

KARZ 
0.008 

STA 12 NA 0.114 0.87 LIRZ 
0.03 

KARZ 
0.182 

STA 13 0.04 
OPRZ 
0.133 

0.07 0.04 
KARZ 
0.018 STA 13 0.02 

OPRZ 
0.044 

0.88 0.31 
KARZ 
0.678 

STA 14 0.14 0.02 0.01 0.12 
TGRZ 
0.012 STA 14 0.02 0.12 0.04 0.24 

TGRZ 
0.048 

STA 15 0.15 0.06 0.12 0.12 0.00 STA 15 0.01 0.21 0.19 0.23 0.02 

STA 16 0.15 0.06 0.11 0.12 0.02 STA 16 0.88 0.06 0.24 NA 0.06 

STA 17 0.15 0.04 0.12 0.08 0.04 STA 17 0.012 0.2 0.1518 0.23 0.04 
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Figure 4.2, presents an example where P- and S- onset times were picked with small deviations 

from the mean values at the epicentral distance of 20 km.  

 

 

Figure 4.2: An example of the radiation pattern effect on the picked P- and S-onset times for the noise-free 

synthetic waveforms recorded by (a) vertical and horizontal, (b) north-south, and (c) east-west components of 

a hypothetical station at a distance of 20 km and an azimuth of 211.76° from the assumed epicenter. The P- 

and S- onset times were picked with small deviations from the mean values (16 and 26 samples, respectively) 

estimated for the P- and S-arrival times at the 20 km epicentral distance. 

 

Plots (a) and (b) of Figure 4.3, demonstrate deviations from the mean P and S picked onset times 

at each hypothetical observatory point (see Table 4.2) by the corresponding grayscale level 

respectively. The maximum deviation from the mean phase onset time is 1.0 s larger for the S-

phase picker (1.65s) than the P-picker (0.65s) (see Figure 4.3a-b; and Table 4.2). 
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As can be seen , for the hypothetical stations at a distance of 40 km where the picked P-phase 

onsets have the largest deviations from the mean picked P-onset time (solid rectangles in Figure 

4.3-a) the corresponding deviations from the mean S-phase onset time (solid rectangles in Figure 

4.3-b) have not reached the maximum. On the other hand, at the same epicentral distance where 

the deviations from the mean S-phase onset are maximal (dotted rectangles in Figure 4.3-b), the 

differences between the picked P-phase onsets and the corresponding mean P-phase onset are 

small (dotted rectangles in Figure 4.3-a). Thus, while the S-phase picker needs to be provided 

with the P-phase arrival time, the amount of deviation from the mean S-phase onset at each 

hypothetical station has not been affected by the corresponding deviation from the mean P-phase 

onset.  

 

 

Figure 4.3: Effect of radiation pattern on the P- and S- phase picker’s performance: deviation from the mean 

value of the picked (a) P-arrival time and (b) S-arrival time obtained from noise-free data at each distance is 

shown by its corresponding grayscale level at each hypothetical observatory point. “ ” is used when the S-

phase onset was missed. Diamonds show the relative locations of the key stations. 

 

The radiation pattern around the earthquake source was calculated for an area of 100 km2 (Figure 

4.4a-c). One can see that at some hypothetical stations the S-phase onset times were missed in 

spite of the availability of the P-phase arrival times (marked by ‘�’in Figure 4.3b). Vicinity to 
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the nodal lines (Figure 4.4) at these locations with epicentral distance of 10 km can justify the S-

picker’s failure.  

 

 

Figure 4.4: The radiation pattern due the earthquake source for an area of 100 km2 at 25th second: 

displacement corresponding to (a) East-West (E-W) (b) vertical (Z) and (c) North-South (N-S) components. 

Nodal lines, where the displacements are zero, are recognizable. 

 

Relative locations of the key stations with respect to the earthquake swarm of 2008 are marked in 

the plots of Figure 4.3 and Figure 4.4. Specifying locations of the key stations enables us to 

estimate the expected P- and S-phase picking errors due to the radiation pattern at these stations. 
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As can be seen, none of the key stations are located where the errors are at their maximum levels 

or the phases were missed, which is consistent with having the highest number of the identified 

phases. Table 4.3, contains information on the location, geology and the installed sensors for the 

key stations. Their corresponding Normalized Detection Numbers (NDN) and the number of 

selected Earthquake events for each year are also given Table 4.3. The NDN for each station was 

obtained by	NDN 	 	 	 	

	 	 	 	 	
. In fact, for any random detected 

waveform the NDN represents the probability of being recorded by the station of interest. The 

NDN values estimates the discrete Probability Distribution Function (PDF) at all the stations 

with the property of ∑ 	 =1. Figure 4.5, shows the NDN values for each 

station obtained using 7119 waveforms contributed by 32 stations for 809 Matata earthquakes in 

2008. 

 

 

Figure 4.5: The NDN values for each of 32 stations contributed 7119 waveforms to the GeoNet earthquake 

locator for 809 of the Matata events in 2008: The key stations OPRZ, MARZ, URZ and TGRZ had the 

largest NDN, i.e., the probability of providing waveforms for the detected waveforms.
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Table 4.3: Code, location, geology, sensor‘s information and the normalized detection number of the stations with the largest number of the identified 

phases from their recordings for the chosen earthquakes in the Matata region during 2005-20101. 

 
STA Code 

 

Location 
(Lat., Long.) 

Geology 
Bedrock-Strength 

Sensor Type 
Manufacturer-Model2 

Normalized Detection Number3 

 
2005 

 
2006 

 
2007 

 
2008 

 
2009 

 
2010 

MRAZ -37.986, 176.674 Andesite-Moderate 

From 23/11/2005- to date 
Sercel L4C-3D 

0.137 0.119 0.118 0.107 0.113 0.093 
Prior to 23/11/2005 

Sercel L4C 9151 

URZ -38.261, 177.110 Greywacke-Strong Guralp -CMG-3TB 0.134 0.125 0.117 0.107 0.106 0.096 

TGRZ -37.730, 176.260 Ignimbrite-Soft/Moderate Sercel L4C-3D 0.113 0.124 0.095 0.099 0.107 0.077 

EDRZ -38.108, 176.739 Andesite‐Moderate 

From 2006/04/1 - to date    
Sercel L4C-3D 

0.136 0.100 0.085 0.063 0.063 0.066 
Prior to 2006/04/13             

Sercel L4C EDRZ_RTN 

OPRZ4 -37.846, 176.554 Greywacke-Strong 

From 2007/06/19- to date 
Guralp CMG-3ESP 

- - 0.102 0.112 0.118 0.102 
From 2006/11/14 to 2007/06/19 

Sercel L4C-3D 656 

LIRZ -38.005, 176.384 Rotoiti breccia-Soft 

From 15/02/2006- to date 
Sercel L4C-3D 

0.115 0.112 0.089 0.062 0.057 0.048 
Prior to 15/02/2006 

Sercel L4C LIRZ_RTN 

KARZ6 -38.022, 176.244 Ignimbrite-Soft/Moderate Sercel L4C-3D - - 0.118 0.064 0.055 0.093 

Number of Chosen Events: 820 108 1749 811 324 428 

                                                 
1 The content of this Table were obtained from the GeoNet website (www.geonet.org.nz) in January 2013. 
2 The sensor history is presented where the sensor was replaced with a different type during 2005-2010. 
3 Normalized Detection Number for each station is obtained by dividing the number of detected waveforms from the recordings of the station by the number of 
total detected waveforms for each year. 
4  The OPRZ and KARZ stations have been in operation since 2006-11-14 and 2006-07-11respectively. 
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4.4. A Study of the Effect of Noise on the Performance of the P- and S-Pickers 

In this section, we study the phase pickers’ performance when the AWGN (Oppenheim, Schafer 

et al. 1999) is added to the synthetic waveforms at each hypothetical station with three different 

SNR levels (SNR = 20, 10, and 3 dB). The noise-contaminated waveforms are analyzed by the 

P- and S-pickers and we obtain representative picking errors at each SNR level to explain the 

results at each observatory point. 

 

 

Figure 4.6: Effect of noise on the performance of the P- and S-pickers for the noise-contaminated synthetic 

waveforms recorded by (a) vertical , (b) north–south, and (c) east–west components of a hypothetical station 

at 20 km distance and an azimuth of 211.76˚(SNR=20 dB). The P- and S-phase onset times were picked with 

0.05s and 0.08s time difference compared to the P-and S-onsets picked from the noise-free recordings. 
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At 20 dB and 20 km, the mean picking errors varied from 0.08 to 0.33 s for P-onsets and 0 to 

0.77 s for S-onsets. Example of Figure 4.6 shows noise-contaminated recordings at a 

hypothetical station at 20 km distance and an azimuth of 211.76˚ with SNR of 20dB. As can be 

seen, both phase onsets were picked at this SNR level and their values are slightly different from 

those picked from the noise-free recordings (0.05s and 0.08s for P-and S-onsets respectively). 

Another example of the observed error was when the GeoNet P-phase picker misidentified the 

emergent P-phase (Figure 4.7). Namely, when the P-phase is immersed in noise and the S-phase 

onset is picked instead, the largest pick errors were observed. 

 

 

Figure 4.7: Effect of noise on the P- and S-phase onsets picked at the hypothetical station at a distance of 40 

km and an azimuth angle of 105.88° from the epicenter (a) SNR level of 20 dB: the P- and S-onsets picked 

from the noise-free recordings were changed by 0.76 and 0.79 s, respectively, (b) SNR level of 10 dB: GeoNet 

P-phase picker misidentified the first arrival and picked the S-onset instead of the P-phase onset, which 

resulted in large picking errors of 5.97 and 3.61 s for P-and S-onsets, respectively. 
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To obtain unbiased results, this procedure was repeated 50 times at each noise level. We 

consequently analyzed the pickers’ outputs in order to obtain an error that represents the pickers’ 

performance at each location for each SNR level.  

 

4.4.1 Obtaining an Error Representing the Pickers’ Performance at Each SNR  

Figure 4.8, shows the procedure taken to obtain the mean of the P- and S-picking errors and the 

percentage of the missed onsets for different SNR levels. 

 

 

Figure 4.8: Procedure taken to obtain the mean of the P- and S- picking errors, and percentage of the missed 

onsets for different SNR levels. 
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Time differences between P- and S-onsets obtained from noise-free and noise-contaminated data 

are calculated at each distance Ri (i=1,..,5) and azimuth angle j (j=1,…,17) ( , , , ), 

see Figure 4.8). The values of ,  are discriminated for cases where P- and therefore S-

onset times were missed and where only S-phase onset was missed. Histograms of ,  for 

the picked P- and S-onsets are obtained using bins of 0.2s width. Mean values of the picking 

error are accordingly calculated for both P- and S-phase onsets from the histograms. In addition, 

percentages of the missed P- and S-phase onsets are obtained to assess the obtained mean values. 

 

4.4.2 Results  

We used the method explained in Section “4.4.1” to obtain the mean of the P- and S-picking 

errors and the percentage of the missed P- and S-onsets at each location for different SNR levels. 

The results are presented in Figure 4.9 and Figure 4.10. The grayscale levels corresponding to 

each mean error value and percentage of missed onsets are obtained using the largest mean error 

and missed onsets portions obtained at each SNR level respectively.  

The information of both plots is required to evaluate the pickers’ performance at each 

hypothetical station. For example, both pickers have small mean errors for the 10 dB SNR level 

where the EDRZ station is located (Figure 4.9). However, almost all of the P- and S-phases have 

been missed at this SNR level (Figure 4.10, SNR =10 dB). Therefore, the mean errors of Figure 

4.9 do not represent the pickers’ performance at the EDRZ location. Numerical value of the 

mean picking errors and percentage of the missed phases at each location is given in Table 4.4-

Table 4.9. Unlike the radiation pattern, the added noise affects the pickers’ performance 

simultaneously. The locations where the radiation pattern had the largest effect on P-picker’s 

performance are highlighted by gray rectangles in the plots of Figure 4.9 and Figure 4.10. An 

increase in the noise level has resulted in larger mean phase picking errors (Figure 4.9 and Figure 

4.10).  

The maximum P-phase onset time picking error increases from 1.49s to 6.1s when the SNR level 

changes from 20 dB to 10 dB whereas, the maximum S- phase onset picking error changes only 

from 3.21s to 3.29s (Figure 4.9).  
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Figure 4.9: Mean P- and S-onset picking errors: difference between P- (left) and S-phase (right) onset times 

picked from clean and noisy synthetic data for (a) SNR=20 dB, (b) 10 dB and (c) 3 dB are shown with their 

corresponding grayscale level. ‘’ refers to the locations where P- and therefore S- onsets were missed. ‘ ’ 

shows the locations where S-onset times were missed although P-phase onset times were previously picked. 

Errors have been scaled using the maximum observed error. Gray diamonds and red star show the relative 

locations of the key stations (Table 4.3) and the most probable location of the epicenters of the 2008 Matata 

earthquakes respectively. Gray rectangles show the location where the radiation pattern had the largest effect 

on the P-picker performance. Noise level enhancement resulted in larger P- and S-phase picking mean errors. 
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By increasing the noise to the SNR level of 3dB the mean P-phase picking error reaches the 

maximum of 9.9s for observatory points at 30 km distance (Figure 4.9). However, most of P-

phase onset times were missed at this noise level (Figure 4.10; SNR=3 dB). Therefore, the 

maximum mean P-phase picking error obtained from 50 simulations for the 3 dB noise level is 

still about 6s at a distance of 40 km and an azimuth angle of 105.  

 

 

Figure 4.10: Percentage of the missed P-phase (left) and S-phase (right) onset times from noisy synthetic data 

(grayscale) for (a) SNR =20 dB, (b) 10 dB and (c) 3 dB (bottom). Gray diamonds show the locations of the key 

stations (Table 4.3). Stars at the origins approximate the most probable location of the epicenters of the 2008 

Matata earthquakes. 
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No P-phase onset time was picked from the stations that are located at a distance of 50 km with a 

3dB SNR level. The distances of stations URZ, KARZ and TGRZ to the Matata 2008 events can 

be approximated by 50 km. However, at lower noise levels the pickers had better performance at 

the closest observatory points to the URZ and KARZ stations compared to that of the TGRZ 

station.  

On the contrary, both pickers performed well at the stations located at 20 km epicentral distance 

including where the OPRZ and MARZ stations are located.  

 

 

Figure 4.11: Location of the Matata region, the key stations (red circles), and the epicenters of the considered 

events from the 2008 swarms (red dots). Besides, locations of the three high-performing hypothetical stations 

STA 1, STA 2, and STA 3 are marked with black triangles. 

 

At greater distances, the observatory points with azimuth angles 0, 21 and 339 and 40 km 

distance from the origin were found to have consistent performance in the presence of the 

increased noise level. These hypothetical stations are shown with black triangles (STA 2, STA 3 

and STA 1) in the map of Figure 4.11. Since these points correspond to sea based locations, none 
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of the stations of interest are located close to these points (Figure 4.11). In order to record the 

sea-floor vibrations at these hypothetical points, Ocean Bottom Seismometers (OBS) (Bullen and 

Bolt 1985; Webb 1998) need to be installed. However, costs of installation, monitoring and 

maintenance of OBSs are much higher compared to those of the land-based stations. Besides, the 

ocean waves, currents and wind result in a higher noise level at the sea-floor compared to that of 

a land-based site (Webb 1998). The excessive noise level at the sea-based sites can increase the 

detection threshold of the local body waves from the OBS recordings and therefore, identifying 

small shallow earthquakes such as the Matata swarms requires designing special preprocessing 

techniques. 
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Table 4.4: Tp Mean Error (s) (Left), percentage of missed Tp (%) (Right) at SNR=20 dB 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
R=10km R=20km R=30km R=40km R=50km  R=10km R=20km R=30km 

R=40k
m 

R=50k
m 

STA 1 0.92 0.26 0.16 0.09 0.17 STA 1 0 0 0 0 6 

STA 2 1.14 0.23 0.09 0.37 0.16 STA 2 0 0 0 0 4 

STA 3 1.19 0.24 0.08 0.1 0.16 STA 3 0 0 0 0 0 

STA4 1.2 0.27 0.16 0.14 0.18 STA4 0 0 0 0 0 

STA 5 1.49 0.19 0.28 0.81 0.29 STA 5 0 0 0 0 0 

STA 6 1.29 0.12 0.21 0.55 0.18 STA 6 0 0 0 4 0 

STA 7 1.32 0.12 0.13 0.22 
URZ  
0.14 

STA 7 0 0 0 0 
URZ    

0 

STA 8 1.24 0.08 0.22 0.27 0.1 STA 8 0 0 0 0 0 

STA9 1.36 0.14 0.17 1.39 0.16 STA9 0 0 0 22 0 

STA 10 1.42 0.17 
EDRZ 
0.136 

0.79 0.36 STA 10 0 0 
EDRZ     

0 
0 0 

STA 11 1.27 
MARZ 

0.09 
MARZ 

0.16 
0.13 0.14 STA 11 0 

MARZ  
0 

MARZ    
0 

0 0 

STA 12 1.38 0.24 0.08 
LIRZ 
0.05 

KARZ 
0.16 

STA 12 0 0 0 
LIRZ    

0 
KARZ   

0 

STA 13 1.17 
OPRZ 
0.33 

0.09 0.18 
KARZ 
0.20 

STA 13 0 
OPRZ   

0 
0 0 

KARZ  
2 

STA 14 0.91 0.1 0.15 0.12 
TGRZ 
0.19 

STA 14 0 0 0 0 
TGRZ  

8 

STA 15 0.86 0.22 0.03 0.12 0.21 STA 15 0 0 0 0 0 

STA 16 0.9 0.12 0.16 0.16 0.2 STA 16 0 0 0 0 0 

STA 17 0.87 0.21 0.13 0.16 0.18 STA 17 0 0 0 0 0 
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Table 4.5: Ts Mean Error (s) (Left), percentage of missed Ts (%) (Right) at SNR=20 dB 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 R=10km R=20km R=30km R=40km R=50km  R=10km 
R=20k

m 
R=30km R=40km R=50km

STA 1 0.4 0.13 0.78 0.95 0.37 STA 1 2 2 78 54 6 

STA 2 1.2 0 0.04 0.73 0.20 STA 2 94 2 0 52 4 

STA 3 -200 0.08 0.54 0.18 0.25 STA 3 100 6 4 10 0 

STA4 0.91 0.01 0.58 0.04 0.58 STA4 82 0 6 4 0 

STA 5 -200 0.26 0.19 0.41 0.46 STA 5 100 2 12 2 0 

STA 6 0.6 0.77 0.25 0.61 0.33 STA 6 2 12 0 4 0 

STA 7 0.65 0.6 0.36 0.19 
URZ 
0.38 

STA 7 16 0 0 0 
URZ     

0 

STA 8 0.62 0.18 0.54 0.08 0.34 STA 8 14 0 0 0 0 

STA9 0.6 0.40 0.18 1.07 0.37 STA9 4 0 0 22 0 

STA 10 -200 0.26 
EDRZ 
0.20 

0.56 0. 67 STA 10 100 0 
EDRZ   

8 
10 4 

STA 11 -200 
MARZ 

0.22 
MARZ 

0.32 
0.06 0.43 STA 11 100 

MARZ 
4 

MARZ  
4 

2 0 

STA 12 -200 0.12 0.17 
LIRZ  0.05 KARZ 

0.36 
STA 12 100 0 10 

LIRZ    
0 

KARZ   
0 

STA 13 0.86 
OPRZ 
0.01 

0.07 0.31 
KARZ 
0.32 

STA 13 80 
OPRZ  

4 
2 8 

KARZ   
2 

STA 14 0.35 0.13 0.4 0.67 
TGRZ 
0.42 

STA 14 0 0 64 58 
TGRZ    

8 

STA 15 0.4 0.4 0.55 0.49 0.34 STA 15 58 0 38 28 0 

STA 16 0.35 0.19 3.22 -200 0.42 STA 16 0 0 2 100 0 

STA 17 0.39 0.29 0.52 0.68 0.36 STA 17 2 0 46 32 0 
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Table 4.6: Tp Mean Error (s) (Left), percentage of missed Tp (%) (Right) at SNR=10 dB 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
R=10km R=20km R=30km R=40km R=50km  R=10km R=20km R=30km R=40km R=50km

STA 1 0.96 0.47 0.34 2.16 -100 STA 1 0 0 18 0 100 

STA 2 1.28 0.29 0.22 3.01 -100 STA 2 0 0 0 0 100 

STA 3 1.4 0.30 0.31 0.27 0.23 STA 3 0 0 0 6 16 

STA4 1.42 0.31 0.31 2.02 0.3 STA4 0 0 0 2 96 

STA 5 2.26 0.23 0.5 5.16 1.53 STA 5 0 4 92 0 94 

STA 6 1.5 0.22 0.36 5.71 0.31 STA 6 0 0 2 18 74 

STA 7 1.41 0.25 0.3 5.41 
URZ 
0.24 

STA 7 0 0 0 64 
URZ     
44 

STA 8 1.39 0.27 0.33 5.37 0.28 STA 8 0 0 0 44 48 

STA9 1.57 0.20 0.33 6.02 0.2 STA9 0 0 2 2 96 

STA 
10 

1.90 0.35 
EDRZ 
1.48 

3.85 1.6 STA 10 0 0 
EDRZ 

86 
0 96 

STA 
11 

1.31 
MARZ 

0.17 
MARZ 

0.33 
1.242 0.2 STA 11 0 MARZ  0

MARZ  
0 

0 84 

STA 
12 

1.51 0.37 0.2 
LIRZ 
0.91 

KARZ 
0.14 

STA 12 0 0 0 
LIRZ     

2 
KARZ   

20 
STA 
13 

1.14 
OPRZ 
0.44 

0.281 3.13 
KARZ    
-100 

STA 13 0 OPRZ   0 6 2 
KARZ 

100 
STA 
14 

0.99 0.31 0.26 2.08 
TGRZ 
 100 

STA 14  0 0 26 0 
TGRZ 

100 
STA 
15 

0.91 0.25 0.16 2.1 -100 STA 15 0 0 10 0 100 

STA 
16 

0.91 0.24 0.13 1.38 1.2 STA 16 0 0 8 6 98 

STA 
17 

0.99 0.25 0.178 1.56 -100 STA 17 0 0 12 4 100 
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Table 4.7: Ts Mean Error (s) (Left), percentage of missed Ts (%) (Right) at SNR=10 dB 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
R=10km R=20km R=30km R=40km R=50km  R=10km R=20km R=30km R=40km R=50km

STA 1 0.45 0.19 1.06 1.46 -100 STA 1 16 6 52 4 100 

STA 2 1.03 0.02 0.13 0.45 -100 STA 2 8 0 2 28 100 

STA 3 -200 0.17 0.54 0.28 0.3 STA 3 100 2 0 10 16 

STA4 0.7 0.90 0.87 0.3 0.1 STA4 88 38 10 96 96 

STA 5 -200 0.37 0.5 2.33 0.4 STA 5 100 6 92 26 94 

STA 6 0.62 0.51 0.44 3.24 0.23 STA 6 38 0 8 32 74 

STA 7 0.64 0.67 0.47 2.2 
URZ 
0.48 

STA 7 30 0 2 66 
URZ    
44 

STA 8 0.59 0.22 0.74 2.59 0.37 STA 8 30 0 0 50 48 

STA9 0.59 0.24 0.34 3.29 0.4 STA9 62 0 6 8 96 

STA 10 -200 1.09 
EDRZ 
0.53 

2.45 0.3 STA 10 100 28 
EDRZ  

88 
62 96 

STA 11 -200 
MARZ 

0.4 
MARZ 

0.66 
0.23 0.15 STA 11 100 

MARZ 
10 

MARZ 
14 

58 84 

STA 12 -200 0.20 0.21 
LIRZ 
0.17 

KARZ 
0.37 

STA 12 100 2 0 
LIRZ   

28 
KARZ 

20 

STA 13 0.77 
OPRZ    

0 
0.17 0.34 

KARZ    
-100 

STA 13 36 
OPRZ   

2 
12 28 

KARZ 
100 

STA 14 0.4 0.19 0.39 0.51 
TGRZ    
-100 

STA 14 8 2 70 22 
TGRZ 

100 

STA 15 0.4 0.41 0.67 0.54 -100 STA 15 30 2 34 22 100 

STA 16 0.4 0.31 2.26 -200 0.8 STA 16 16 2 16 100 98 

STA 17 0.4 0.42 0.61 0.41 -100 STA 17 2 0 44 18 100 
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Table 4.8: Tp Mean Error (s) (Left), percentage of missed Tp (%) (Right) at SNR=3dB 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
R=10km R=20km R=30km R=40km R=50km  R=10km R=20km R=30km R=40km R=50km 

STA 1 1.03 2.38 -100 3.48 -100 STA 1 0 0 100 2 100 

STA 2 1.29 1.09 -100 3.51 -100 STA 2 0 0 100 22 100 

STA 3 1.55 0.35 -100 2.51 -100 STA 3 0 0 100 82 100 

STA4 1.86 0.46 1.58 4.59 -100 STA4 0 20 48 32 100 

STA 5 2.69 1.73 -100 4.98 -100 STA 5 0 84 100 16 100 

STA 6 2.12 0.15 9.3 5.99 -100 STA 6 0 76 96 54 100 

STA 7 1.76 0.29 9.4 5.52 
URZ     
-100 

STA 7 0 40 98 70 
URZ      
100 

STA 8 1.84 0.27 9.9 5.55 -100 STA 8 0 30 96 68 100 

STA9 2.37 0.4 9.8 5.87 -100 STA9 0 98 96 30 100 

STA 10 2.68 2.92 
EDRZ 

2.8 
5.18 -100 STA 10 0 34 

EDRZ 
96 

14 100 

STA 11 1.48 
MARZ 
0.334 

MARZ 
1.7 

4 -100 STA 11 4 
MARZ  

0 
MARZ 

88 
54 100 

STA 12 1.66 0.312 -100 
LIRZ 
3.54 

KARZ   
-100 

STA 12 4 0 100 
LIRZ   

80 
KARZ 

100 

STA 13 1.26 
OPRZ 
1.424 

-100 3.5 
KARZ   
-100 

STA 13 4 
OPRZ   

0 
100 8 

KARZ 
100 

STA 14 1.08 2.4 -100 3.1 
TGRZ  
  -100 

STA 14 6 0 100 10 
TGRZ 

100 

STA 15 0.99 1.30 -100 2.74 -100 STA 15 4 0 100 20 100 

STA 16 0.93 0.67 -100 2.98 -100 STA 16 4 0 100 34 100 

STA 17 0.95 1.36 -100 3.05 -100 STA 17 2 0 100 26 100 
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Table 4.9: Ts Mean Error (s) (Left), percentage of missed Ts (%) (Right) at SNR=3 dB 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
R=10km R=20km R=30km R=40km R=50km  R=10km R=20km R=30km R=40km R=50km 

STA 1 0.71 0.34 -100 1.63 -100 STA 1 4 74 100 40 100 

STA 2 0.92 0.12 -100 0.65 -100 STA 2 28 26 100 40 100 

STA 3 -200 0.24 -100 1.7 -100 STA 3 100 12 100 96 100 

STA4 0.42 0.96 0.71 2.34 -100 STA4 82 28 48 54 100 

STA 5 -200 1.87 -100 2.34 -100 STA 5 100 94 100 42 100 

STA 6 0.6 0.51 -100 3.25 -100 STA 6 76 78 100 56 100 

STA 7 0.57 0.76 -100 2.37 
URZ     
-100 

STA 7 54 40 100 74 URZ  100

STA 8 0.73 0.28 -100 2.49 -100 STA 8 50 34 100 70 100 

STA9 0.77 0.6 -100 3.19 -100 STA9 88 98 100 40 100 

STA 10 -200 1.65 
EDRZ 

0.8 
2.36 -100 STA 10 100 84 

EDRZ  
98 

50 100 

STA 11 -200 0.81 
MARZ 

0.53 
MARZ 

2.49 
-100 STA 11 100 

MARZ 
30 

MARZ 
88 

78 100 

STA 12 -200 0.246 -100 
LIRZ 
1.93 

KARZ 
  -100 

STA 12 100 4 100 
LIRZ    

94 
KARZ 

100 

STA 13 -200 0.14 
OPRZ     
-100 

0.53 
KARZ 
  -100 

STA 13 100 40 
OPRZ 

100 
46 

KARZ 
100 

STA 14 -200 0.37 -100 0.45 
TGRZ  
  -100 

STA 14 100 72 100 42 
TGRZ 

100 

STA 15 0.2 0.49 -100 0.82 -100 STA 15 98 36 100 42 100 

STA 16 -200 0.40 -100 -200 -100 STA 16 100 16 100 100 100 

STA 17 0.2 0.43 -100 0.55 -100 STA 17 98 36 100 52 100 
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4.5. Validating the Pickers’ Assessment Results Using the 2008 Matata Earthquakes 

In this section, the simulation results of the GeoNet pickers’ assessment using the noise-

contaminated synthetic waveforms are validated. In doing so, we studied the pickers’ 

performance in picking the P- and S-phases from a selected set of Matata earthquakes. We 

selected the Matata earthquakes of 2008 because of the increased number of confirmed 

automatic picks for the Matata events from 2007 onwards. Unlike the cluster of 2007, which 

consists of both land and sea based events, the earthquakes of 2008 mainly occurred offshore and 

therefore, we can assume they are occurring at the origin of the relative coordinate systems.  

At each of the key stations (see Table 4.3), we found the earthquakes occurred within the most 

probable distances and azimuth angles from the station of interest, i.e. the earthquakes within the 

distances and angles that correspond to the modes of the epicentral distance and azimuth 

histograms at each station. Figure 4.12, shows the histograms of the epicentral distances for the 

key stations in 2008. The distance intervals with the highest probability are marked with a green 

line. Besides, the Earthquake events were selected for which at least two phases were identified 

by at least five stations. Such quality criterion decreases the uncertainty of the epicenter 

estimation (Flinn 1965; Rastin, Unsworth et al. 2014). 

For these earthquakes we checked if the P- and S- phases were identified from the recordings of 

the station. Phase type and picking method were extracted if the phase was identified. If the 

identified phase was automatically picked, the SNR level of the corresponding recording was 

estimated. Estimating the SNR level makes it possible to compare the pickers’ outputs for the 

real waveforms with those obtained by applying equivalent synthetic data. A Butterworth filter 

identical to the one employed inside the GeoNet pickers’ routine is applied to the recordings 

prior to the SNR estimation. Since we have performed the simulations for three critical noise 

levels, (20, 10 and 3 dB), the estimated SNR levels lie within four associated intervals (SNR20, 

10<SNR<20, 3<SNR 10 and SNR 3). 
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Figure 4.12 the histograms of the epicentral distances for (a) MARZ, (b) TGRZ, (c) OPRZ, (d) URZ, (e) 

EDRZ, (f) LIRZ and (g) KARZ in 2008. The distances interval corresponding to the mode is marked by a 

green line. 

 

Table 4.10 and Table 4.11, present the results of validating the P- and S-pickers’ assessments for 

the key stations and selected 2008 earthquakes respectively. For each station, the number of the 

waveforms from the vertical or horizontal channel with the SNR level matching each interval is 

given. The compatibility of the output picker with the simulation result at each interval is then 

studied and presented.  
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Table 4.10: results of validating the P-picker assessment for the key stations (Table 4.3) by means of the earthquakes in the Matata region in 2008 

Station 
Code 

Number of Waveforms at each SNR level (dB) 
Vertical Channel 

Compatibility of the P-picker with the predicted output obtained from the equivalent synthetic waveforms 

 SNR20 10<SNR<20 3<SNR 10 SNR 3 SNR20 10<SNR<20 3<SNR 10 SNR 3 

EDRZ 18 15 1 0 
Yes 

 

NA 

Tp
1

 was mainly missed for 
SNR=10 (86%) and was picked 

for SNR=20 dB 

No 
Tp was missed for SNRs=10 

and 3 dB 
- 

LIRZ 39 53 15 0 
Yes 

 

Yes 
Tp was picked for SNRs=10 and 

20 dB 

NA 
Tp was picked for SNR=10 

and mainly missed (80%) for 
SNR=3 dB 

- 

URZ 57 63 14 1 Yes 

NA 
Tp was picked for SNR=20 but 

only for 56% of waveforms with 
SNR=10 dB 

NA 
Tp was picked for 56% of 

waveforms with SNR=10 and 
missed for SNR=3 dB 

No 
Tp was missed for 

SNR=3 dB 
 

TGRZ 41 41 11 0 

Yes 
Tp was mainly 

picked for SNR=20 
dB (92%) 

 

NA 
Tp was mainly picked for 

SNR=20 and missed for SNR=10 
 

No 
Tp was missed for SNR=10 

and SNR=3 dB 
- 

MARZ 67 20 1 0 

Yes 
Tp was picked for 

SNR=20 dB 
 
 

Yes 
Tp was picked for SNR=20 and 

10 dB 

Yes 
Tp was picked for SNR=10 

and SNR=3 dB 
- 

KARZ 
 

43 21 36 2 

Yes 
Tp was picked for 

SNR=20 dB 
(98% at node 13 

and 100% at node 
12) 

Yes 
Tp was mainly picked for 

SNR=20 and 10 dB 

NA 
Tp was mainly picked at 

SNR=10 
and missed for SNR=3 dB 

No 
Tp was missed for 

SNR=3 dB 

OPRZ 40 21 - 1 

Yes 
Tp was picked for 

SNR=20 dB 
 

Yes 
Tp was picked for SNR=20 and 

10 dB 
 

- 

NA 
Tp was picked for 

SNR=3 dB 
No information for 

SNR<3 dB 

                                                 
1 Tp stands for the P-phase onset time. 
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Table 4.11: results of validating the S-picker assessment for the key stations (Table 4.3) by means of the earthquakes in the Matata region in 2008 

Station 
Code 

Number of Waveforms at each SNR level (dB) 
Horizontal Channel 

Compatibility of the S-picker with the predicted output obtained from the equivalent synthetic waveforms 

 SNR20 10<SNR<20 3<SNR 10 SNR 3 SNR20 10<SNR<20 3<SNR 10 SNR 3 

EDRZ 0 2 0 0 - 
NA 

Ts1 was picked for SNR=20 and mainly 
missed (88%) for SNR=10 dB 

- - 

LIRZ 1 1 3 0 
Yes 

Ts was picked for 
SNR=20 dB 

Yes 
Ts was mainly picked for  SNR=20 and 10 

dB (72% with average error equal to 0.167 s) 

NA 
Ts was mainly picked for  
SNR=10 dB (72% ) and 
missed for SNR=3 dB 

 

URZ 0 0 0 0 - - - - 
TGRZ 0 0 0 0 - - - - 

MARZ 1 0 0 0 
Yes 

Ts was mainly picked 
for SNR=20 dB (96%) 

- - - 

KARZ 0 1 0 0 - 
Yes 

Ts was mainly picked for SNR=20 and 10 dB 
- - 

OPRZ 2 4 0 0 

Yes 
Ts was picked for 

SNR=20 dB 
 

Yes 
Ts was mainly picked for SNR=20  and 10 

dB 
- - 

                                                 
1 Ts stands for the S-phase onset time. 
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An example of applying synthetic waveforms for validating the pickers’ assessment results for 

event 2848316 from the 2008 Matata swarm is shown in Figure 4.13.  

 

 

Figure 4.13: Applying the synthetic waveforms for validating the pickers’ assessment results for the event 

2848316 from the 2008 Matata swarm (time origin: 2008/01/09, 9:13:17.56546 and local magnitude: 2.39). 

Real earthquake waveforms were recorded by (a) vertical and horizontal and (b) north–south components of 

the MARZ station at a distance of 24.2 km and an azimuth of 203° from the epicenter. Noise-free synthetic 

waveforms were recorded by the (c) vertical and (d) horizontal (north–south) components of a hypothetical 

station at the similar relative location (epicentral distance of 20 km and an azimuth of 211.76°). The Geonet 

P- and S- phase pickers picked both onsets from the MARZ recordings with SNR of 40 dB as predicted. 

 

As the applied velocity model (Figure 4.1), fault parameters (Table 4.1), and the source time 

function used in the synthesizer are consistent with the parameters of the Matata earthquakes, the 

real and synthetic earthquake waveforms are equivalent. Since both P- and S-phases were picked 

by the GeoNet pickers from the synthetic waveforms contaminated by AWGN at the SNR level 
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of 20 dB (see Figure 4.6), it is expected to have both phases automatically picked from the 

MARZ recordings with SNR 40 dB. The correctness of this assumption was confirmed by 

checking the event 2848316 data.  

Validating the results at each SNR interval is only possible when the synthetic phases were either 

picked or missed at both high and low SNR levels of each interval. For example, the simulation 

results predict “No automatically picked P-phase” at the EDRZ station when 3<SNR 10 as the 

P-picker could not identify the presence of P-phases from the recordings with SNR levels either 

as large as 10 dB or as low as 3 dB (see Table 4.10). Therefore, an automatically picked P-phase 

from a real waveform with 3<SNR 10 dB is not compatible with the simulation results.  

On the other hand, for the intervals where synthetic phases were only picked at the high SNR 

level and were missed at the low level of the interval of interest, the previous logic cannot be 

applied to predict the picker’s output. For such cases, the considered discretization of the SNR 

values is not sufficient to find the critical SNR levels where phases started being unidentified 

from the station of interest recording. Therefore, these cases have been discarded from the 

overall compatibility assessment and have been referred to as “NA” in both Tables.  

Figure 4.14, presents an example where the Geonet pickers failed to pick the P-phase onset and 

therefore the S-phase onset from the low SNR data recorded by the LIRZ station for event 

2903388. The P-phase onset was missed due to the low SNR level of 6.6 dB obtained from the 

Butterworth filtered vertical recording. However, the pickers’ outputs for the waveforms with 

3<SNR10 were not predictable by means of the synthetic waveforms due to the considered 

SNR discretization (Table 4.10 and Table 4.11).  

The number of automatically picked S-phase onset times is very small compared to that of P-

phase onset times (Table 4.10 and Table 4.11). For two stations URZ and TGRZ no 

automatically picked onset time was confirmed for the S-phases of the chosen events. Therefore, 

at these locations it was not possible to validate the S-picker’s assessment.  

 



 

171 
 

 

Figure 4.14: Geonet pickers’ performance for the low SNR data recorded by the LIRZ for the event 2903388: 

SNR levels of the recordings were obtained by estimating the power of the signal and the power of the noise 

using the noise and signal windows with respect to the manually picked P- and S-phase onsets (a) The 

Butterworth filtered vertical recording with the noise and signal windows: The P-phase onset was missed due 

to the low SNR level of 6.6 dB and therefore was manually picked. (b) Filtered horizontal recording: S-phase 

onset was picked manually form the low SNR recording (SNR level 4 dB). As explained the pickers’ outputs 

for the waveforms with 3<SNR10 were not predictable and specified as “NA” (Table 4.10 and Table 4.11). 

 

The overall compatibility of the pickers’ outputs with the simulations results has been estimated 

for all intervals and presented in Table 5. It was found that the pickers’ outputs for the stations 

MARZ, OPRZ and LIRZ are 100% consistent with the results calculated from the simulations. 

The lowest rate of consistency for the P-phase picker has been obtained at the location that 
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corresponds to the TGRZ stations (78.85%). It can be attributed to the existing SNR 

discretization that has limited the comparison to the SNR20 and 3<SNR 10 intervals. 

 

Table 4.12: overall compatibility of the pickers’ outputs with the simulations results for the stations with the 

highest contribution in phase identification for the chosen earthquakes in the Matata region in 2008 

Sta 
Number of Events within the 

Most Probable Distances 
and Azimuth Angles 

Number of 
Automatically 

Picked P-phases 

Compatibility of the P-
Picker’s Output with 

Simulations’ Prediction 

Number of 
Automatically 

Picked S-phases 

Compatibility of the S-
picker’s Output with 

Simulations’ Prediction 

EDRZ 167 34 94.73% 2 100% 
LIRZ 257 107 100% 5 100% 
URZ 189 135 96.55 % 0 NA 

TGRZ 120 93 78.85% 0 NA 
MARZ 144 88 100% 1 100% 
KARZ 249 113 83.12 % 1 100% 

OPRZ 113 62 100% 6 100% 

 

 

4.6. Conclusion 

In this chapter we assessed the performance of P- and S-phase pickers employed by the New 

Zealand GeoNet. To do so, we considered the 2008 local earthquakes in the Matata region of 

NZ. An appropriate velocity model and fault orientations in the Matata region were used to 

synthesize the equivalent earthquake waveforms. The most probable location of the Matata 

earthquakes epicenters in 2008 was set at the origin. The synthetic waveforms recorded at 85 

hypothetical stations with angular resolution of 21 at five different distances (10, 20, 30, 40 and 

50 km) around the origin were passed through the P- and S-pickers consecutively. We then 

studied the effect of the radiation pattern on the pickers’ performance and showed that the 

amount of deviation from the mean P-phase onset at each point did not affect the amount of 

corresponding deviation from the mean S-phase onset. The simulation results confirm that none 

of the key stations (with the largest number of the identified phases in 2008; Table 4.3) are 

located where the picking errors are large or the phases were missed due to the radiation pattern.  

 



 

173 
 

The effect of noise on the pickers performance was also studied by adding the AWGN to the 

synthetic waveforms at three different levels (SNR= 20, 10 and 3 dB) and obtaining the mean 

picking error and percentage of the missed P- and S-onsets at each SNR level. At the SNR level 

of 3 dB, no P-phase onset time was picked from the stations at 50 km distance from the epicenter 

that includes stations URZ, KARZ and TGRZ with the similar distance from the 2008 Matata 

events. Both pickers had a consistent performance at the stations located at 20 km distance that 

includes the locations of the OPRZ and MARZ stations. At larger distances the observatory 

points with azimuth angles 0, 21 and 339 the pickers showed a consistent performance in the 

presence of the increased noise level. None of the stations of interest are close to these points as 

they correspond to the sea-based locations (Figure 4.11). It was explained that the costs of Ocean 

Bottom Seismometers (OBS) and the added sea noise is likely to outstrip the improvement that 

can be achieved by these superior theoretical locations.  

The results were finally validated by comparing the outputs of the pickers to real Matata 

earthquakes in 2008 with those obtained by applying their equivalent synthetic waveforms. A set 

of quality and spatial criteria was considered to select the earthquakes. The compatibility of the 

pickers’ outputs with the simulation results at the associated intervals to the considered SNR 

levels (SNR20, 10<SNR<20, 3<SNR 10 and SNR 3) was studied. The pickers’ outputs for 

the waveforms recorded by the MARZ, OPRZ and LIRZ were 100% consistent with the 

simulations. The P-phase picker output had the lowest consistency at the hypothetical station 

corresponding to the TGRZ station (78.85%). It can be attributed to the considered SNR 

discretization. As Tp was mainly picked for SNR=20 dB and missed for SNR=10 dB no 

prediction could be made on the picker’s output for 10<SNR<20 interval that included 41 

waveforms. 

The results presented in this chapter serve to improve the existing preprocessing and phase 

identification methods, which is the subject of the next two chapters. Furthermore, applying the 

equivalent synthetic waveforms should help to find the locations where the pickers’ performance 

has the highest stability in the presence of noise. 
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Chapter 5.Applying Haar and Mexican Hat Wavelets to 

Significantly Improve the Performance of the New Zealand 

GeoNet P-phase Picker for the 2008 Matata Region Swarm 

In this chapter, we demonstrate how the Wavelet Scale Thresholding (WST) with the Haar and 

Mexican Hat (Mallat 2009) discussed in sections “2.6.6” and “2.10.5” respectively can improve 

performance of the New Zealand GeoNet P-phase picker (discussed in section “4.2.1”) up to 

70% when used as the main preprocessing stage instead of conventional Butterworth filtering 

(BWF) scheme. Work presented in this chapter is drawn from the published article cited below. 

(1) S. J. Rastin, C. P. Unsworth, and K. R. Gledhill, “Applying Haar and Mexican Hat Wavelets 

to Significantly Improve the Performance of the New Zealand GeoNet P‐Phase Picker for the 

2008 Matata Region Swarm”, Bulletin of the Seismological Society of America (BSSA), April 

2014, Vol. 104, No. 3, pp. 1567-1577 ; doi:10.1785/0120130120  

Results and text included in this chapter are largely unchanged from the published versions as 

permitted by the University of Auckland under the 2011 Statute and Guidelines for the Degree of 

Doctor of Philosophy (PhD). Co-authors Dr Charles Unsworth (supervisor) and Dr Ken Gledhill 

(co-supervisor) advised and commented on the manuscript; however the bulk of the research and 

preparation for publication was undertaken by the thesis author (see accompanying declaration).  

 

5.1. Introduction 

Improving the performance of the New Zealand Network’s phase picking system is critical to 

achieve enhanced accuracy in estimating the hypocenters and origin times of approximately 

14000 regional and local earthquakes recorded and catalogued at the GeoNet data centers in 

Wellington and Taupo (see section “1.9.NZ Earthquakes, GeoNet NZ and the Current SDP for 

the NZSN data”). As mentioned in Section “4.1”, the Matata region is recognized for its 

sequential seismic activity that has continued since 2008 at lower rates (GeoNet 2007). Since the 

2008 Matata earthquakes were concentrated offshore, effect of source and path can be similar 
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due to the vicinity of the epicenters and the source similarity. Therefore, the 2008 Matata 

earthquakes’ seismograms recorded at each station contain similar information on the earthquake 

source, path travelled by the seismic waves , the instrument response , ambient and instrument 

noise at the recording site (Section “1.5.Seismogram Analysis of the Seismic Events”), 

(Bormann, Klinge et al. 2009). As a result, using the 2008 Matata earthquakes’ waveforms can 

potentially simplify the approach of choosing the best wavelet scale thresholding (WST) for each 

station for the chosen events. 

It was shown that the P- and S-phase onsets with the standard error of less than 0.1 s are ideally 

needed to obtain reliable earthquake location estimation when the values of the seismic phase 

velocities from a global earth model were used (Bormann, Klinge et al. 2009).  

In chapter 4 (Rastin, Unsworth et al. 2013), we confirmed that a modified seismic noise-

reduction method is key to improving the P-phase-picking performance. In doing so we are 

motivated to replace the current preprocessing scheme by a WST (Section “2.10.5 Wavelet Scale 

Thresholding”) scheme to effectively reduce the seismic noise floor in the recordings. In this 

chapter, We demonstrate how application of Haar and Mexican hat wavelets on the manually 

processed events in the Matata region in 2008 produced improvements in P-phase detection and 

picking over the current Butterworth filtering (BWF) employed by the Geonet P-picker.  

In total, 811 events with the required spatial and quality criteria from the 2008 Matata swarm are 

studied. The WST was applied to manually processed waveforms recorded by the key stations 

(stations with the largest number of identified phases from the Matata earthquakes of 2008; see 

Section “4.3.3”) that included 48 waveforms recorded by URZ, 47 waveforms by the stations 

LIRZ, MARZ and OPRZ, 64 waveforms by EDRZ, 33 waveforms by KARZ and 47 by OPRZ.  

 

5.2. The Discrete Wavelet Transform with Mexican Hat and Haar Wavelets 

The Haar and Mexican hat Discrete Wavelet Transform (DWT) was explained in section “2.5”. 

Establishment of the DWT and the recursive fast-implementation algorithm on a dyadic lattice 

enabled to refine the conventional earthquake signal-processing algorithms for de-noising 
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(Galiana-Merino, Rosa-Herranz et al. 2003; Pazos, Gonz´alez et al. 2003; Ansari, Noorzad et al. 

2007; Yan and Chunqin 2008; Albert, Jeffrey et al. 2009), event detection (Gendron, Ebel et al. 

2000; Botella, Rosa-Herranz et al. 2003; Capilla 2006), and phase picking (Anant and Dowla 

1997; Zhang et al. 2003). The wavelet-based algorithms are based on the fact that the significant 

features are preserved over several scales. We selected two mother wavelets, Haar and Mexican 

hat wavelet based on their shape, symmetry, orthogonality and support as discussed in Section 

“2.6.” (Gao and Yan 2010).  

Figure 5.1, shows a typical Mexican hat DWT analysis of the 2942356 event waveform. The 

event of local magnitude 2.18 was recorded by the EDRZ station in Matata 2008.  

Unlike the Mexican hat family, the Haar wavelets constitute an orthonormal basis on a dyadic 

lattice. In section “2.9”, we showed that the Multi-resolution Analysis (MRA) was performed 

using (2.38.a-b) to recursively obtain the Haar detail coefficients ,  and approximation 

coefficients ,  and the WT Vector (WTV) at full decomposition as given in (5.1): 

, |
, , |

, , | ,⋯, ⁄ 	, , | ,⋯, ⁄ 	, ⋯ , , | ,⋯, ⁄  (5.1)  

,where , . was replaced by the signal of interest with a length of 2 . 

The reclusive signal reconstruction from the Haar WTV using (2.39.a-b) was also explained. 
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Figure 5.1: The DWT analysis of the 2942356 event waveform with a local magnitude of 2.18 recorded by the EDRZ station. The event was located at 

the latitude and longitude of -37.79◦ and 176.82◦ respectively and time origin was 2008/07/14 at 14:57:44.60: (a) 2048-point data segment and its 

corresponding Mexican hat wavelet coefficients obtained over 12 scales. (b) Signal decompositions on the constituting scales.
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5.3. Mexican hat and Haar Wavelet Scale Thresholding  

We previously explained the Wavelet Scale Thresholding (WST) in Section 2.5.10. In this 

section we provide the details of designing a suitable wavelet-based preprocessing scheme for 

the earthquake waveforms using the Mexican hat and Haar wavelets. The main assumption for 

performing the WST is that it is unlikely to have local earthquake energy in the periods greater 

than 1s (f<1Hz) (McNamara and Buland 2004). We then explain how applying the GeoNet P-

phase picker to the wavelet scale thresholded (WST) waveforms provides appropriate measures 

to assess the WST efficiency in emphasizing the P-phase onsets.  

 

5.3.1 The Mexican hat WST  

The central frequency  (see section “2.5”) of the Mexican Hat mother wavelet is 0.25 Hz. 

Therefore, the characteristic or pseudo frequencies	  on the scales mk (Zhou and Adeli 2003) 

can be estimated from (2.47) where the sampling rate (  is 100Hz, (see Section “2.10.6”). 

The Mexican hat wavelets on scales 0 to 6 and their spectra together with those of the EDRZ and 

URZ earthquake waveforms for event 2942356 are shown in Figure 5.2a-c respectively. The 

waveforms recorded by the EDRZ and URZ stations are shown in Figure 5.2d and Figure 5.2e, 

respectively. The frequency interval covered by the Mexican hat wavelet on scale 2 (m3=22) with 

the characteristic frequency of 6.25 Hz overlaps the signal’s spectral points with the largest 

magnitudes (Figure 5.2b). This observation is consistent with the initial assumption on the 

earthquake energy to design the WST procedure. A Guralp CMG-3TB Broadband (BB) sensor 

installed in a deep borehole at the URZ station (see Section “3.6.1 Stable Noise Models”) 

recorded the ground vibrations with frequencies between 0.008 to 50 Hz. The energy of the 

recorded microseismic noise was concentrated in the frequencies <0.78Hz (Figure 5.2c). The 

arrival of the seismic phases can be recognized inside the dotted gray rectangle where their 

associated high frequency signal has been added to the microseismic background (which is 

mainly due to the coastal ocean wave activity (Rastin, Unsworth et al. 2012). A Sercel L4C 

seismometer in operation at the EDRZ station has a corner frequency of 1 Hz. Therefore, the 

wavelets on scales 5 and 6 with the characteristic frequencies of 0.78 Hz and 0.39 Hz 

respectively do not cover the energy of the recorded signal. 
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Figure 5.2: Spectral analysis of the 2942356 earthquake waveforms recorded by the EDRZ and URZ stations 

and comparing the obtained earthquake spectra with those of the Mexican hat wavelets on scales 0-6: (a) the 

Mexican hat wavelets on scales 0-6, (b) the spectra of the 2048-point event data segment recorded by the 

EDRZ and those of the Mexican hat wavelets of plot (a), Mexican hat wavelet on scale 2 with characteristic 

frequency of 6.25 Hz covers the points having the highest spectral magnitudes. (c) The spectrum of event data 

segment of (b) was replaced by that obtained from the URZ recording. The BB deep borehole sensor in the 

URZ station records the microseismic noise with the frequency smaller than 0.78 Hz. The 2048-point data 

taken from (d) the EDRZ and (e) the URZ where high-frequency signal associated to the earthquake phases 

can be recognized inside the dotted gray rectangle. 
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WST was then applied to the Mexican hat coefficients at the first 5 scales 2

1,⋯ ,5  to remove the microseismic noise as well as to retain the energy of the earthquake. 

Thresholded Mexican hat wavelet coefficients ,  were obtained by setting the coefficients at 

all the scales but  to zero as shown in (5.2).  

,
, 	 1,⋯ ,5
0 	

                                                                                     (5.2). 

 

The corresponding scale thresholded signal  was then reconstructed by applying the inverse 

transform to the thresholded wavelet coefficients , 	 1,⋯ ,5  at each scale using 

∑ ∑ , ,  (see (2.19)), where A and B are the frame bounds for the 

Mexican hat family on a dyadic scale (Mallat 1998; Addison 2002).  

 

5.3.2 Haar Wavelet Scale Thresholding 

An equivalent Haar Wavelet Scale Thresholding to that of the Mexican hat was designed by 

means of the signal details (see section “2.9.4.2 Recursive Fast Reconstruction”). The details of 

the signal on the scales of interest ∗ were obtained by applying the modified coefficients ,  

and ,  to the recursive inverse transform of (2.39) as given by (5.3). 

 

For 1 ∗  : 

,
, 	 ∗

0 	
                        (5.3.a), 

,
0 	 ∗ 1

, 	 ∗ 1
                  (5.3.b), 

where , 	is the obtained by applying ,  to (2.39) for ∗ 1.  
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The Haar characteristic frequency  at each scale  was obtained using (5.4) (Debnath 

2002): 

.
                                                                         (5.4). 

Performing the WST on scales 1 to 5 (with the characteristic frequencies of 37.083, 18.54, 9.27, 

4.63 and 2.31 Hz respectively) avoids the microseismic noise whilst retaining the earthquake 

waveform information. 

 

 

Figure 5.3: DWT analysis of the 2942356 earthquake waveform recorded by the EDRZ station using the Haar 

wavelets: (a) the signal details obtained at all possible levels (1–11), (b) the spectra of the waveform together 

with those of the Haar wavelets on the scales 1–6. As can be seen the center frequency and the localization in 

frequency domain are different from those of the Mexican hat wavelets (see Figure 5.2). The wavelet on scale 

4 (characteristic frequency of 4.63 Hz) overlaps the spectral points with the highest magnitudes, respectively. 
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Figure 5.3, shows the obtained details for the waveform of the event 2942356 recorded by the 

EDRZ station at all the possible 11 levels. Furthermore, the spectra of the signal together with 

those of the Haar wavelets on the scales 1-6 are shown. It can be seen that the wavelet on scale 4 

overlaps the spectral points with the highest magnitudes respectively. 

 

5.3.3 Assessing Wavelet Scale Thresholding Efficiency 

Comparison the Signal to Noise Ratio (SNR) values of the original and filtered signals provides 

a basic quality measure to assess the efficiency of conventional filtering and thresholding 

methods such as wavelet magnitude thresholding (See section “2.10.3”) (Abu Osman, Ibrahim et 

al. 2008; Tavares and Natal 2013). The SNR is estimated by obtaining the power of noise and 

signal in their corresponding windows (see Section “4.5.Validating the Pickers’ Assessment 

Results using the 2008 Matata Earthquakes”). However, the Mexican Hat and Haar WST may 

result in thresholded waveforms with lower SNR values compared to that of the Butterworth 

filtered waveform1.  

Figure 5.4, shows a comparison between the SNR values obtained after the WST and the 

Butterworth filtering (BWF) for 97 waveforms recorded by the URZ station. The earthquakes 

were chosen from the Matata region during 2007. The scale thresholded signals were obtained at 

scales 2  to 2  using the Mexican hat wavelets. At each scale and for each waveform the WST 

SNR value was plotted versus the BWF SNR value. The blue dots correspond to the identity line, 

where .  

Although replacing the Butterworth filter with the WST resulted in an improved picker 

performance for 33.5% of the selected events, the SNR values of the wavelet thresholded signals 

were generally smaller than the SNR of the Butterworth filtered signal. Therefore, the SNR is not 

a suitable measure to assess the WST efficiency in singularity enhancement. 

                                                 
1 The energy of the WST signal at a scale 2  is ∑ ,  that is a small part of the total energy of 

the original signal ∑ ∑ ,  (Addison 2002). 
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Figure 5.4: Comparison between the SNR values obtained after the wavelet scale thresholding (WST) and the 

Butterworth filtering (BWF) for scale (a)	 , (b)	 , (c)	 , (d)	 , and (e) : At each scale and for each 

waveform the WST SNR value was plotted versus the BWF SNR value. Majority of the measured points were 

below the identity line i.e.  . 

 

In fact, the Geonet P-phase picker as a combination of a STA/LTA detector (Section “1.8.1.1”) 

and the joint noise-signal modeling assessment using the Akaike Information Criterion (AIC; 

Section “1.8.2.1”) provides two measures that can reflect the effect of the WST in emphasizing 

the localized features of a waveform (see Figure 5.5).  
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Figure 5.5: Using the STA/LTA and the AIC measures in the GeoNet P-phase picker to assess the efficiency 

of the WST: (a) the Butterworth filtered waveform recorded by the MARZ station for the event 2982237 

(SNR = 32.6 dB) and (b) the corresponding response from the STA/LTA detector did not reach the detection 

threshold (=8) and, therefore the P-onset was missed by the GeoNet P-picker. (c) The Mexican hat WST 

waveform: P-onset was picked by the picker 6 samples prior to the manually-picked onset. (d) After applying 

the WST waveform to the GeoNet P-picker the STA/LTA went beyond the threshold value at 775th .(e) The 

AR-modeling started from 500 samples before the detection and the AIC reached its minimum at 403rd 

sample, i.e., a small picking error of 0.06s. 

 

The first measure is the STA/LTA that gives the ratio between the background noise and the 

instantaneous amplitude of a signal. Therefore, the wavelet scale thresholded (WST) waveform 

may give larger STA/LTA values at the time samples where the seismic phase arrives. Figure 

5.5, shows an example where the P-phase onset of the event 2982237 was missed by the GeoNet 

picker because STA/LTA ratio did not reach the detection threshold (=8)2 when the BWF 

waveform of the MARZ station was applied (Figure 5.5b). As can be seen in Figure 5.5d, 

                                                 
2 See Section “4.2.1 P-Phase Picker”. 
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applying the Mexican hat WST on scale 0 increased the STA/LTA to the detection threshold 

level. 

The second measure is the AIC (Akaike 1973; Akaike 1987) that quantifies the difference 

between the hypothetical model and the true (unknown) model that produced a data series 

(Bozdogan 1987; Kitagawa et al. 2007). The GeoNet P-picker obtains the AIC values using 

(1.27) where the order of the AR-model was fixed (=8). The AIC is minimized at the separation 

point between the noise window and the P-phase arrival window from the WST signals (see 

Figure 5.5e; the AIC values reached the minimum at sample 403rd which resulted in a small 

picking error of 0.06s compared to that of the manual pick). 

Therefore, studying the performance of the GeoNet P-Phase picker for the BWF and WST 

waveforms is used to assess the efficiency of the WST with the chosen wavelets. 

 

5.4. Replacing the Butterworth Filtering with the Wavelet Scale Thresholding  

In this section, the procedure of replacing the GeoNet preprocessing scheme, currently in the 

form of a Butterworth Filter (BWF) with the wavelet scale thresholding (WST) is explained. The 

event classification using the BWF and WST picking errors is then described. 

Waveforms of the chosen events were taken from the vertical recordings of the station of 

interest. Each waveform was composed of 2048 points (20.48s length). This length was 

sufficient for the P-phase picker initialization as well as covering the body waves (P- and S-

waves) coda of the local earthquakes. For the shallow earthquakes of the Matata region the P- 

and S-wave velocities were considered to be 5 and 2.98 km/hr respectively (Robinson 1989). 

Therefore, after subtracting the first 5 s needed for the P-picker’s initialization, the remaining 

15.48 s recording is sufficient to cover the P- and S-arrivals of local events with the epicentral 

distances as far as 114 km. 
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Figure 5.6: The procedure of replacing the Butterworth filtering (BWF) with the wavelet scale thresholding 

(WST) 

 

The BWF replacement procedure illustrated in Figure 5.6 is now explained.  

 The BWF and the WST were applied to the waveform where the P-phase was picked 

manually. The preprocessed waveforms were passed to the Geonet P-phase picker. 

 If the GeoNet P-phase picker identified the P-phase onset from the BWF waveform, the 

absolute difference between the manually picked P-onset (Tpm) and the automatically 

picked one (Tpa) was obtained as the BWF picking error (EBWF |Tpm	 	Tpa|). 

Otherwise, the BWF picking error was set to EBWF=∞.  
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 The WST with the Mexican hat and Haar wavelets (Mallat 2009; Addison 2002) was then 

substituted for the BWF. For each WST waveform on the scale ∗
 if the onset was picked 

by the GeoNet P-phase picker, the WST picking error, EDWT ∗ , was obtained as the 

absolute difference between the manual and the automatic onsets i.e., EDWT ∗

|Tpm	 	TpDWT	 ∗ |. Otherwise, the WST picking error was set to EDWT ∗ ∞. 

The smallest value of the EDWT vector was considered as the WST picking error 

(min	 EDWT	| ∈ ∗| .  

 The BWF and WST picking errors were then compared and the value of EDWT-EBWF 

was obtained. A normal distribution with a mean of zero and a standard deviation of 0.01 

s (=0, =0.01 s) was assumed for the cases where the BWF and the WST resulted in the 

same picked onsets. Such a hypothesis guarantees that 95% of the picking errors for the 

unchanged onsets would lie in [-0.02 s, 0.02 s]. Figure 5.7, demonstrates the normal 

distribution assumed for the EDWT-EBWF where the BWF replacement did not change 

the P-onsets.  

 

 

Figure 5.7: hypothetical normal distribution of the picking error associated with unchanged P-onsets after 

the BWF replacement. The dotted window shows the [-0.02s, 0.02s] interval where 95% of unchanged picking 

error values are assumed to lie. 
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 Comparing the values of EDWT-EBWF with the values in [-0.02 s, 0.02 s] was used to 

define four different event classes S1, S2, S3 and S4. For each of the key stations the 

percentages of class S1 to S4 events were obtained over the period of interest (2007-

2010). The event classes are now described.  

 

i. Class S1 events includes the events with unchanged P-onsets after applying the WST, 

where the absolute picking error │EDWT-EBWF│ was equal or smaller than 0.02s or 

EDWT=EBWF=∞ i.e. no onset was picked by applying either the BWF or the WST.  

ii. Class S2 events includes the events with unfavorably affected onsets after applying the 

WST i.e. EDWT-EBWF >0.02 s.  

iii. Class S3 events includes the events with retrieved P-onsets after applying the WST, i.e. 

EBWF=∞ and EDWT ≠∞. 

iv. Class S4 events includes the events with revised P-onsets i.e. EDWT-EBWF <-0.02 s 

where EBWF≠∞. 

 

The scales with the highest contribution in improving the phase-picking error ( ∗
, ), average 

picking error for the class S3 events and average correction for the class S4 events were then 

obtained to characterize the wavelet scale thresholding at each station. 

Although the WST introduced in Sections 5.3.1 and 5.3.2 includes a general WST of (2.46) (with 

5, i.e., ,
0 	 5
, 	 5 ) it takes the scale thresholding to a next level by using the 

DWT coefficients on each single scale , ∈ 1,⋯ ,5 . 

Figure 5.8, shows an example of applying the Mexican hat WST to the waveform of the event 

2693483 recorded by the EDRZ station. The original event waveform is displayed in plot (a) and 

the P-phase onset picked by the GeoNet phase picker is indicated. Plots (b-d) show the scale 

thresholded waveforms. In order to compare (2.46) with (5.2) the scale thresholding initially was 

set to include the coefficients of the first three scales 0, 1 and 2 i.e. the WST of (2.46) with 

2 (Figure 5.8a) and was eventually limited to the coefficients of the scale 2, i.e., the WST 

of (5.2) with 1 (Figure 5.8d). As can be seen the details added by scales 0 and 1 were not 

needed to improve the P-phase picking by the amplifying the STA/LTA or improving the 



 

190 
 

accuracy of the picked onset using the AIC. Therefore the WST with scale 2 (Figure 5.8d) 

contains the essential of information of the EDRZ’s waveforms that is needed for an accurate P-

phase picking.  

 

 

Figure 5.8: The wavelet scale thresholding for (a) the EDRZ waveform of the event 2676985: The scale 

thresholded waveforms using the coefficients of the first (a) three scales 0, 1 and 2 (b) two scales 0 and 1 (c) 

and only f scale 2 and (d) the original event waveform. 
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Such a WST scheme should serve to characterize the filtering for each station by finding the 

scales with the highest contribution in improving the phase-picking error. Such scales are 

referred to as the “master scales” hereinafter and denoted by ∗
, . 

 

5.5. Assessing the Mexican hat and Haar Wavelet Scale Thresholding for the 2008 

Matata Earthquakes 

In this section, we assess the efficiency of the WST with the Haar and Mexican hat wavelets 

using the chosen 2008 Matata earthquakes at a set of selected stations. The results are discussed 

and at each station we chose a preferred wavelet to perform the WST. 

The simulation results of chapter 4 demonstrated that the key stations (see Table 4.3 for the list 

of key stations and their corresponding details) were located at distances and azimuth angles 

where the radiation pattern effect does not dominate the picking system performance. Therefore 

recorded waveforms at these key stations were used to evaluate the WST in improving the P-

picker’s performance. The same3 2008 Matata events used to validate the pickers’ assessment 

results in section 4.5 were chosen here.  

Figure 5.9, presents an example where the Haar and Mexican hat WST were substituted for the 

BWF and applied to the EDRZ waveform recorded for the event 2963728. The picking error for 

the BWF was equal to 1s (Figure 5.9a), whereas the smallest picking errors for the Haar and 

Mexican hat WST were 0.84s and 0.18s on scales 5 and 1 respectively (Figure 5.9b.c). The 

Mexican hat WST outperformed the Haar WST and resulted in a 0.66s further reduction of the 

initial BWF error. 

                                                 
3 Quality and spatial constrains were the same as explained in section “4.5”. 
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Figure 5.9: Effect of the Haar and Mexican hat WST on the GeoNet P-picker’s performance for the 2963728 

earthquake waveform recorded by the EDRZ station. The 2963728 earthquake with a magnitude of 2.33 was 

located at latitude of -37:82° and longitude of 176.79°. The event origin time was 2008/09/04 at 10:53:53.15. 

(b) The Haar (c) and the Mexican hat thresholded signals on the scales where the P-phase onsets were 

automatically picked by the GeoNet P-picker, the picking error has reached its minimum value on scales 1 

and 5 for the Mexican hat and Haar WST respectively. The picking performance was further improved by 

applying the Mexican hat WST. 

 

Table 5.1, contains the portions of the events in the defined classes S1-S4, average error ( ∗ ) 

and correction ( ∗ ) values as well as the scales ( ∗
, ) with the highest contribution in picking 

performance enhancement at each station. At each of the key stations, we obtained the difference 
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between the portions of the S3 and S4 events and that of the S2 events, i.e., S3,4 S2  as a 

measure of the net improvement. Portions of class S1-S4 events together with the net 

improvement obtained for the key stations by applying the Haar and Mexican hat WST is shown 

in Figure 5.10a. The amount of average corrections ( ∗  and picking errors ( ∗ ) for the revised 

and retrieved P-onsets at the key stations are also demonstrated with the while and black bars of 

Figure 5.10b, respectively. 

Furthermore, the key stations with the highest and lowest portions of the events at each class S1-

S4 and those with the smallest and largest average errors ∗  and corrections ∗  to retrieve or 

revise the P-onsets are listed in Table 5.2 

 

 

Figure 5.10: (a) portion of events with unaffected (S1), worsened (S2) and improved pick onsets (including 

both S3 and S4) for the Haar and Mexican WST in the key stations. The net improvement is obtained as a 

difference between the portions of S3 and S4 events and that of the S2 events ,  and shown by a 

white bar at each station. (b) Values of the average correction (white bars) and picking errors (black bars) for 

the revised and retrieved P-onsets at each station. 
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Table 5.1: Analysis of the P-picker’s performance for the chosen events form Matata earthquakes in 2008 recorded by the key stations when the 

Butterworth filtering was replaced by the Haar and Mexican hat wavelet scale thresholding 

STA 
Wavelet 

Type 
Number 
of events 

Class S1 
Events (%) 

Class S2 
Events (%) 

Class S3 
Events (%) 

Class S4 
Events (%) 

Classes S3 
& S4 (%) 

Scale ∗
,  

Average 
Error 

( ∗ )(s) 

Average 
Correction 

( ∗ )(s) 

URZ Mex 48 45.8% 16.7% 6.3% 31.2% 37.5% 
Scale 1 first and scale 0 second best 

scales 
0.14 0.21 

URZ Haar 48 64.6% 8.3% 6.3% 20.8% 27.1% Scale 2 0.17 0.27 

LIRZ Mex 47 23.4% 21.3% 25.5% 29.8% 55.3% 
Scale 1 first and scales 0 and 2 

equally second best scales 
0.14 0.12 

LIRZ Haar 47 49% 6.4% 25.5% 19.2% 44.7% Scale 1 0.13 0.11 

EDRZ Mex 64 17.2% 12.5% 25% 45.3% 70.3% Scales 1and 2 0.42 0.93 

EDRZ Haar 64 11% 23.4% 26.6% 39 % 65.6% Scales 3 and 4 almost equally 1.59 0.71 

TGRZ Mex 20 40% 20% 20% 20% 40% 
Scale 1 first and scales 0 and 2 

equally second best scales 
0.12 0.09 

TGRZ Haar 20 65% 5% 20% 10% 30% 
Scale 2 first and scale 1 the second 

best scales 
0.07 0.08 

MARZ Mex 47 36.2% 25.5% 10.6% 27.7% 38.3% Scale 1 0.06 0.48 

MARZ Haar 47 57.4% 8.5% 10.6% 23.4% 34% Scales 3 and 4 1.38 0.60 

KARZ Mex 33 30.3% 3 % 21.2% 45.5% 66.7% 
Scales 1 and 2 almost equally the best 

scales 
0.16 0.21 

KARZ Haar 33 54.5% 3 % 18.2% 24.2% 42.4% Scale 2 0.13 0.33 

OPRZ Mex 47 27.7% 27.7% 34% 10.7% 44.7% Scale 1 0.14 2.35 

OPRZ Haar 47 46.8% 2.1% 31.9% 19.1% 51.1% Scale 3 0.52 1.38 
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Table 5.2: Groups of stations with the highest and lowest values for the event classes (S1, S2, S3 and S4), average error ( ∗ ) and correction ( ∗ ) 

obtained by applying the Haar and Mexican hat wavelets 

S3 >25% S4 >30% S3+S4>50% 
Error 

( ∗ )> 0.4s 
Error 

( ∗ )<0.1s 
Correction 
( ∗ )>0.45s 

Correction 
( ∗ )<0.1s 

S1>55% S2≥20% S2≤5% 

OPRZ 
(Mex1) 

KARZ 
(Mex) 

EDRZ 
(Mex) 

EDRZ 
(Haar) 

TGRZ 
(Haar) 

OPRZ 
(Mex) 

TGRZ 
(Mex) 

TGRZ 
(Haar) 

OPRZ 
(Mex) 

OPRZ 
(Haar) 

OPRZ 
(Haar) 

EDRZ 
(Mex) 

KARZ 
(Mex) 

MARZ 
(Haar) 

MARZ 
(Mex) 

OPRZ 
(Haar) 

TGRZ 
(Haar) 

URZ 
(Haar) 

MARZ 
(Mex) 

KARZ 
(Mex and Haar) 

EDRZ 
(Mex and Haar) 

EDRZ 
(Haar) 

EDRZ 
(Haar) 

OPRZ 
(Haar)  

EDRZ 
(Mex) 

 
 

MARZ 
(Haar) 

EDRZ 
(Haar) 

TGRZ 
(Haar) 

LIRZ 
(Mex and Haar) 

URZ 
(Mex) 

LIRZ 
(Mex) 

EDRZ 
(Mex) 

 
EDRZ 
(Haar) 

  
 

LIRZ  
(Mex) 

 

 
LIRZ 
(Mex) 

OPRZ 
(Haar) 

  
MARZ 
(Haar) 

  
 

TGRZ 
(Mex) 

 

     
MARZ 
(Mex) 

    

 

                                                 
1 “Mex” stands for the “Mexican hat” 
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The obtained results at each station (see Table 5.1 and Table 5.2) are now discussed and the 

more effective wavelet to perform the WST at each station is then chosen.  

 

5.5.1 WST for the URZ Station 

For the URZ station applying the Mexican hat WST did not affect the picking performance for 

almost 46 % of the chosen events (class S1) and enhanced the picking error for about 17% of the 

events (class S2). Applying the Haar WST increased the S1 events portion to 64.6% which is the 

second largest amount for this class obtained by WST (see Table 5.2). On the other hand, 

applying the Haar WST resulted in a decrease of 8.4% in the class S2 events (8.3%) compared to 

the Mexican hat WST. Using either wavelet retrieved a small number of the missed P-onset 

times (6.3%) that were not previously identified by using the BWF. 

In total applying the Mexican hat WST improved the performance of P-phase picking for 37.5% 

of events (classes S3 and S4) with 31.2% belonging to the class S4. Haar WST reduced the 

portion of the S4 events to 20.8% and therefore, resulted in the lowest total improvement rate of 

27.1% and a smaller net improvement (Figure 5.10a). 

The average picking errors and corrections for the Mexican hat WST were similar to those 

obtained by the Haar WST (see Table 5.1). Consequently, the Mexican WST with a larger 

number of S3,4 events and a greater net improvement it would be a more efficient solution to 

filter the URZ station recordings.  

Performing the Mexican hat WST mainly on scale 1 and secondly on scale 0 with characteristic 

frequencies,	  of 12.5 and 25 HZ, respectively resulted in the highest amount of improvement in 

the P-phase onset picking ( ∗
, ). In case of replacement of the BWF with the Haar WST the 

master scale was found to be scale 2 ( 18.54	Hz).  
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5.5.2 WST for the LIRZ Station 

47 events were used to evaluate the WST efficiency on the P-picking performance. The Mexican 

WST produced a fairly large number of the class S2 events (>20%; Table 5.2) whereas, the Haar 

WST reduced the portion of the S2 event and enhanced that of the S1 events.  

On the other hand, the portion of the S3 events constituted more than 25% of the total events and 

the corresponding average picking error were similar for both wavelets ( ∗ 0.14 , 0.13  for 

the Mexican and Haar wavelets respectively).  

The Mexican hat WST resulted in 10% class S4 events compared to that of the Haar wavelet and 

therefore, a larger total improvement (55.3%; Table 5.2).  

However, the Haar WST resulted in a greater net improvement (see Figure 5.10a). Therefore, 

large portion of S3 events with small average picking error make the Haar wavelet a better 

choice for performing WST on the LIRZ recordings.  

The master scale for the Haar WST was found to be scale 1 ( 37.08	Hz ) whilst in case of 

the Mexican hat WST mainly scale 1 and then scales 0 and 2 represented the best thresholding 

scales ( 12.5	,25	and	6.25	Hz respectively). 

 

5.5.3 WST for the EDRZ Station 

Applying the Mexican hat WST resulted in the largest total improvement (see Table 5.2). The 

Mexican hat WST also revised the S4 P-onsets with a bigger average correction ∗ 0.93  

compared to that of the Haar WST. Besides, large portion of S2 events obtained by applying the 

Haar WST decreased when the Mexican hat WST was used.  

A large number of P-onset times were retrieved using both wavelets, yet the average picking 

error was 1.17s smaller when the Mexican hat wavelet was used. However, the average picking 

error for the retrieved P-onset times is still relatively high ( ∗ > 0.4s, Table 5.2). Finally, using 

the Haar WST gave a smaller net improvement compared to that of the Mexican hat WST. 

Therefore, applying the Mexican hat WST to the EDRZ recordings should serve to enhance the 

picker performance yet may not yield the best average picking error. The master scales for the 
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Mexican hat WST were scales 1 and 2 ( 12.5, 6.25	Hz respectively) and for the Haar WST 

were scales 3 and 4 ( 9.27	, 4.63	Hz		respectively).  

 

5.5.4 WST for the TGRZ Station 

The WST was applied on the waveforms of 20 events chosen from the TGRZ recordings. For 

20% of events the missed P onset times were retrieved by applying both wavelets with small 

average picking errors (S3 and ∗  ). The picking error was smaller than 0.1s for the Haar WST 

(see Table 5.2). On the other hand, the average correction values had its lowest amount in both 

cases. Applying the Haar wavelet resulted in 15% less undesired effect in the P-picker’s 

performance compared to that of the Mexican hat wavelet which gave the portion of 5% for the 

S2 events. Accordingly, the obtained net improvement value was larger for the Haar WST. 

Therefore, the Haar WST would be a better replacement for the BWF at the TGRZ station. The 

main best scales for the thresholding were scales 2 and 1. 

 

5.5.5 WST for the MARZ Station 

Applying the Geonet P-phase picker to the 47 WST waveforms recorded by the MARZ station 

resulted in similar total improvement (classes S3 and S4) and fairly high average corrections for 

both wavelets (0.48s and 0.6s for the Haar and Mexican WST respectively). Whilst applying the 

Haar WST resulted in a large increase in the average picking error for the retrieved P-onsets 

(1.32s) it reduced the portion of the adversely affected P-onsets by 17%. Therefore, there is a 

compromise between the unfavorable effect in the picking performance and the average picking 

error for the S3 P-onsets when one chooses either of the wavelets for the MARZ recordings.  

For the Haar WST the master scales were scales 3 and 4 ( 9.27	and	4.63	Hz) and for the 

Mexican hat WST the master scale was scale 1 ( 12.5Hz).  
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5.5.6 WST for the KARZ Station 

Waveforms of 33 events recorded by the KARZ station were preprocessed by the Haar and 

Mexican hat WST. It can be seen that the WST using either wavelet resulted in a very small 

portion of S2 events (3%). The Mexican hat WST resulted in the largest portion of S4 events and 

the second largest total improvement (Table 5.2). The obtained average corrections and picking 

errors were similar for both wavelets which makes the Mexican hat WST a favorable filtering for 

the Matata events recorded by the KARZ station. The Mexican hat WST has shown the best 

efficiency when performed on scales 1 and 2 ( 12.5	and	6.25	Hz	). 

 

5.5.7 WST for the OPRZ Station 

Applying the Haar WST resulted in the lowest undesirable effect (2.1%). On the other hand the 

Mexican hat WST had the largest portion of S2 events (27.7%). Using both wavelets retrieved a 

similar number of the missed P-phase onsets but the average picking error was 0.38s smaller 

when the Mexican hat WST was applied. Besides, Mexican and Haar WST resulted in the first 

and second largest average corrections for the S4 P-onset times, respectively. 

However, the Haar WST would be a better choice due to the smaller adverse effect in the picking 

performance whilst it yields a larger average picking than that of the Mexican hat WST.  

  

5.6. Conclusion 

In this chapter, we proposed to improve the performance of the Geonet AR-AIC P-phase picker 

by replacing the current Butterworth filtering (BWF) with a wavelet scale thresholding (WST) 

method. Our simulation results in chapter 4, confirmed a large increase in the maximum P-phase 

onset picking error due to a decrease in the SNR level (Rastin, Unsworth et al. 2013). The 

proposed WST with the Haar and Mexican hat wavelets was applied to seismic recordings in 

order to effectively reduce the noise.  

We demonstrated that the characteristic frequencies corresponding to the chosen scales for the 

WST (i.e., 1 to 5 for the Haar and 0 to 4 for the Mexican hat WST) overlap the frequency 
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interval that most likely contain the local earthquake energy and eliminate the long-period 

microseismic noise. 

To assess the WST efficiency, we studied the effect of WST on the Geonet P-phase picker by 

using the waveforms recorded by the stations with the largest identified phases from the Matata 

earthquakes in 2008, i.e., the key stations. For the key stations the noise content was found to be 

the main factor affecting the pickers’ performance at their locations (Rastin, Unsworth et al. 

2013). The epicenters of the 2008 swarm were mainly concentrated offshore which helped with 

characterizing the WST at each station for the chosen events. 

P-phase picking errors were obtained by comparing the automatically picked onsets using BWF 

and WST with manual picks confirmed by experts. The picking errors were used to define four 

different event classes S1, S2, S3 and S4.  

Replacing the BWF with the Mexican hat WST for the EDRZ station resulted in the largest total 

improvement of (70.3%), a large average correction (0.93s) yet a large average picking error 

(0.42s) for the retrieved P-onsets (see Table 5.1).  

Mexican hat WST also improved the largest number of P-phase onsets for the recordings of the 

KARZ station. The portion of classes S3 and S4 events was 66.7%. Obtaining the second largest 

total improvement with a very small number of adversely affected picked onsets justifies the 

replacement of the current BWF with the WST for the KARZ station recordings. The master 

scales for performing the Mexican WST on the EDRZ and KARZ recordings were scales 1 and 

2.  

For the OPRZ station the Haar WST had the lowest undesirable effect on the picked onsets 

(2.1%) and also resulted in a great amount of total improvement (>50%;Table 5.2). Although the 

estimated average picking error for the retrieved P-phase onsets was not small the large average 

correction of 1.38s for the revised P-phase onsets makes the Haar WST a worthwhile filtering 

solution for this station. The master scale for the Haar WST of the chosen Matata events was 

scale 3.  

Similarly, for the LIRZ and TGRZ recordings, applying the Haar WST saved a large amount of 

the missed P-onsets (25.5% and 20%, respectively) with small average picking errors. Therefore, 
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the Haar WST can be considered as an alternative filtering solution. Scale 1 was the master scale 

for the LIRZ recordings and the second master scale for those of the TGRZ station. 

For the URZ station the Haar WST resulted in the lowest total improvement rate and Mexican 

hat WST was a better alternative for the Butterworth filtering. However, due to the small value 

of the net improvement the WST would have a limited effect on the P picker’s performance.  

Applying the WST to station MARZ resulted in a compromise between the average picking error 

for the retrieved onsets and the number of worsened onsets (Figure 5.10). 

In conclusion, applying the WST to the recording of the 2008 Matata earthquakes suggests a 

suitable alternative to the currently-used BWF. Although the choice of the wavelet varied from 

one site to the other, modified frequency localization of the WST resulted in significant 

improvements in the performance of the Geonet P-picker for selected earthquakes recorded by 

the key stations.  
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Chapter 6.A Detailed Spatio-Temporal Wavelet Study to Improve 

the P-Phase Picking Performance for the 2007-2010 Shallow 

Earthquake Swarms near Matata, New Zealand 

In this chapter, we study the spatio-temporal effect of Wavelet Scale Thresholding (WST; see 

Section “5.3.”) on the performance of automatic phase picking using 6471 waveforms with 

manual picks recorded by 7 stations for 3312 Matata events over the 4-year period of 2007-2010. 

Work presented in this chapter is drawn from a manuscript that is prepared to be submitted to the 

Bulletin of the Seismological Society of America (BSSA). Dr Charles Unsworth (supervisor) and 

Dr Ken Gledhill (co-supervisor) advised and commented on the manuscript; however the bulk of 

the research and preparation was undertaken by the thesis author (see accompanying 

declaration).  

 

6.1. Introduction 

Consistency and accuracy of the automatically picked P-phase onsets are critical to find a 

reliable estimation for the earthquake location. In Chapter 4, we demonstrated that performance 

of the GeoNet P-phase picker at each station depends on the radiation pattern for the earthquake 

source and is affected by the signal-to-noise ratio (SNR). In Chapter 5, we replaced the current 

Butterworth filter (BWF) with a WST scheme at the preprocessing stage to improve the P-phase 

picking performance. We performed a spatial study for the Matata events in 2008 (Rastin, 

Unsworth et al. 2014) and reported total improvements of 70.3% and 66.7% where the Mexican 

hat WST was applied to the EDRZ and KARZ recordings and more than 50% improvement with 

the lowest adverse effect (2.1%) at the OPRZ station when the Haar WST was used (Rastin, 

Unsworth et al. 2014).  

In this chapter, we perform an exhaustive “spatial-temporal” study on the effect of WST on the 

picking performance at a set of key stations for the Matata earthquakes of 2007-2010.The spatio-

temporal study differs from the previous study on 2008 events where the chosen epicenters could 
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be approximated by a point source at the origin of a relative coordinate system. Unlike the study 

of the 2008 events, the epicenters are not limited to be within the most probable distances and 

azimuth angles from the chosen stations (Rastin, Unsworth et al. 2014).  

The spatio-temporal study for the Matata events was designed to assess the efficiency of the 

WST in retrieving seismic signal features for the events with similarity in depth and focal 

mechanisms. This more general study can be used to inform future development of the GeoNet 

phase picking system thus improving the accuracy of automatic locations produced by GeoNet 

Rapid, which are available on the GeoNet website (www.geonet.org.nz) within minutes of 

earthquakes occurring. The modular nature of SeisComP3 allows the easy implementation of the 

WSTs demonstrated in this chapter within the GeoNet Rapid picking system and potentially 

therefore has wider application within the community of SeisComP3 users as well as more 

broadly. 

 

6.2. The GeoNet P-phase picking and Quality Assessment 

As mentioned in Section “1.9”, the New Zealand GeoNet has recently moved to a new 

earthquake analysis system (GeoNet Rapid) based on SeisComP3 (Olivieri and Clinton 2012). 

However, a similar Autoregressive-Akaike Information Criterion (AR-AIC) P-phase picker 

described in Section “4.2.1” is still in use to pick the P-phase onsets recorded by the New 

Zealand seismograph network (NZSN) so the results reported here are valid.  

In this section, the algorithm used by GeoNet to assess the quality of the automatically picked P-

onsets is explained. 

The P-phase quality is assessed by quantifying the sharpness of the AIC curve around its 

minimum. The current algorithm assigns a grade to each picked onset by obtaining the second 

derivative of the AIC curve. The time difference between the AIC minimum and where its 

second derivative reaches a predefined threshold level is used to define four picking grades (0, 1, 

2, 3 and 4). Grade 0 corresponds to the highest picking quality whereas Grade 4 corresponds to 

the lowest picking quality. Thus, a low SNR level due to a weak signal e.g. small events or 
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emergent arrivals or high noise level usually results in a lower quality picking (i.e.,a  higher 

grade number). 

 

6.3. Chosen Events and Stations to Study the Matata Region Swarms 

In this Section, the criteria for selecting events from the Matata swarms of 2005-2010 (Figure 

6.1) are explained. We also describe the reason for choosing the stations with the largest number 

of identified phases from the chosen earthquakes that are referred to as the “key stations” 

Figure 6.1a-f, show the earthquake swarms of Matata during 2005-2010 (GeoNet 2007). Matata 

is located at the latitude and longitude of -37.88◦ and 176.75◦ respectively and the epicenters are 

located within the latitudes of -38◦ and -37.6◦ and the longitudes of 176.6◦ and 177.05◦. 

Moreover, the quality requirement of Section “4.5” of having two identified phases from at least 

five detections for each event was applied to decrease the uncertainty of the epicenter estimation. 

The 2005 Matata swarm consists of 820 events with the aforementioned criteria (Figure 6.1a). 

The number of events in the area of interest dropped to 108 in 2006 (Figure 6.1b) but the 

enhanced seismic activity in 2007 resulted in a swarm of 1749 events as shown in Figure 6.1c. 

The 2007 swarm consists of distinct clusters of land based and sea based events. The Matata 

events are classified as shallow with focal depths varying between 5 to 12 Km.  

In order to study the effect of the WST on the P-phase picker performance we considered 3312 

events that occurred in 2007-2010 (Figure 6.1c-f) as the contribution of the automatic system in 

picking the phase onsets had a large increase from 2007 onwards.  

For the chosen 3312 events a total number of 27657 waveforms including 14420 in 2007, 7119 

in 2008, 2047 in 2009 and 4071 in 2010 were detected and contributed to the GeoNet earthquake 

locator by the NZ National and Regional Networks. However, we analyzed a number of 17549 

waveforms recorded by 7 number of the key stations.  
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Figure 6.1: Earthquake swarms near the Matata region in years (a) 2005 (820 events), (b) 2006 (108 events), 

(c) 2007 (1749 events), (d) 2008 (811 events), (e) 2009 (324 events) and (f) 2010 (428 events). Chosen events 

 

Table 6.1, contains the stations’ codes as well as the most recent information on the location, 

sensor history and geology at each site. The stations URZ and OPRZ are equipped with Guralp 

broadband sensors (borehole- installed CMG-3TB and CMG-3ESP sensors respectively). For all 

the other stations short period Sercel L4C seismometers with 1 Hz corner frequency have been in 

operation during the period of interest.  
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Table 6.1: Geology and sensors’ information for the key stations during 2005-20101 

STA 
Code 

Location 
(Lat., Long.) 

Geology 
Bedrock-Strength 

Sensor Type 
Manufacturer-Model2 

URZ -38.259, 177.110 
Greywacke and argillite (partly alternating with 

graded greywacke) -Strong 
Guralp -CMG-3TB 

LIRZ -38.003, 176.385 Pumiceous pyroclastics- Soft 
Sercel L4C-3D (15/02/2006- to date) 

Sercel L4C LIRZ_RTN (Prior to 15/02/2006) 

EDRZ -38.106, 176.739 
Andesite of volcanoes and flows, agglomerate 

and breccia-Moderate 

Sercel L4C-3D (2006/04/1 - to date) 

Sercel L4C EDRZ_RTN (Prior to 2006/04/13) 

OPRZ -37.844, 176.554 
Greywacke and argillite (partly alternating with 

graded greywacke) -Strong 

Guralp CMG-3ESP (2007/06/19- to date) 

Sercel L4C-3D 656 (2006/11/14 to 2007/06/19) 

KARZ -38.020, 176.244 
Ignimbrite and associated ash-flow tuff, 

dominantly rhyolitic-Soft/Moderate 
Sercel L4C-3D 

MARZ -37.986, 176.674 
Andesite of dissected volcanoes and flows; 

agglomerate and breccia-Moderate 

Sercel L4C-3D (23/11/2005- to date) 

Sercel L4C 9151 (Prior to 23/11/2005) 

TGRZ -37.728, 176.260 
Ignimbrite and associated ash-flow tuff, 

dominantly rhyolitic- Soft/Moderate 
Sercel L4C-3D 

 

Table 6.2: The Normalized Detection Number (NDN) of 2007- 2010 and the total NDN for the key stations 

 

The key stations had the largest Normalized Detection Numbers (NDN; see section “4.3”) in 

2007-2010. Ideally, the number of all the contributing stations should be the same for the chosen 

                                                 
1 The content of this Table were obtained from the GeoNet website (www.geonet.org.nz) and the geological map 
data (data.gns.cri.nz/geology ) in July 2014. 
2 The sensor history is presented where the sensor was replaced during 2005-2010. 

STA Code 
NDN Total detected waveforms 

2007 2008 2009 2010 (Total NDN 2007-2010) 

URZ 0.117 0.107 0.106 0.096 
3078 

(0.111) 

LIRZ 0.089 0.062 0.057 0.048 
2056 

(0.074) 

EDRZ 0.085 0.063 0.063 0.066 
2084 

(0.075) 

OPRZ 0.102 0.112 0.118 0.102 
2939 

(0.106) 

KARZ 0.118 0.064 0.055 0.093 
1685 

(0.060) 

MARZ 0.118 0.107 0.113 0.093 
3090 

(0.111) 

TGRZ 0.095 0.099 0.107 0.077 
2617 

(0.094) 

Chosen events 1749 811 324 428 Total events : 3312 
Total contributed waveforms 

by all stations : 27657 
Waveforms 

from all stations 
14420 7119 2047 4071 
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Matata events of 2007-2010 due to the proximity of their epicenters. Therefore, it is valid to 

obtain a total NDN for each station. The total NDN values for the key stations during 2007-2010 

are given in Table 6.2. The stations URZ and MARZ had the largest total NDN of 0.111 i.e. the 

highest probability of providing data records for the detected waveforms. Therefore, selecting the 

key stations enhances the chance of finding events with the revised or manually picked onsets 

from their recordings. An increase in the manually confirmed onsets results in having more 

applicable waveforms to study the effect of WST on the P-picker performance. 

In an ideal condition, all the chosen 3312 events should be detected from the recordings of the 

key stations. However, the actual number of detections (and thus the contributed waveforms to 

the locator) is always less than the ideal one and varies depending on the SNR condition, 

station’s downtimes and the automatic detector’s parameters (see Figure 6.2).  

 

Table 6.3, presents the actual contribution (number of detections) of each station during each 

year of 2007-2010.  

 

 

Figure 6.2: Total number of actual detections from the recordings of the key stations in 2007-2010 for the 

3312 chosen Matata events: Ideally all of the chosen events should be detected at the key stations. 
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Table 6.3: The actual detection number and the corresponding percentage at the key stations along with the percentage of the automatically and 

manually processed P-onsets for each year in 2007-2010 

 

 

 

 

STA 

Number of waveforms by each station for the 
chosen events 

Events with manually picked onsets Events with automatically picked onsets 

Percentage with respect to the chosen events % 
Percentage with respect to the contributed 

waveforms % 
Percentage with respect to the contributed 

waveforms % 
2007 2008 2009 2010 2007 2008 2009 2010 2007 2008 2009 2010 

URZ 1700 767 217 394 584 212 85 131 1116 555 132 263 
97.19 % 94.57 % 66.97% 92.05% 34.35% 27.65% 39.17% 33.25% 65.64% 72.36% 60.83% 66.75% 

LIRZ 1297 442 118 199 497 122 56 88 800 320 62 111 
74.15 % 54.5 % 36.42 % 46.5 % 38.32% 27.60% 47.45% 44.22% 61.68% 72.39% 52.54% 55.77% 

EDRZ 1235 451 129 269 610 237 59 111 625 214 70 158 
70.61 % 55.61 % 39.81 % 62.85 % 49.39% 52.55% 45.73% 41.26% 50.60% 47.45% 54.26% 58.73% 

OPRZ 
1478 799 243 419 570 310 94 151 908 489 149 268 

84.50 % 98.52 % 75 % 97.89 % 38.56 38.79% 38.68% 36.03% 61.43% 61.20% 61.31% 63.96% 

KARZ 905 456 113 211 287 96 37 56 618 360 76 155 
51.74 % 56.22 % 34.87 % 49.30 % 31.71% 21.05% 32.74% 26.54% 68.28% 78.95% 67.25% 73.46% 

MRAZ 1711 767 232 380 801 282 96 164 910 485 136 216 
97.82 % 94.57 % 71.60 % 88.78 % 46.81% 36.76% 41.38% 43.15% 53.18% 63.23% 58.62% 56.84% 

TGRZ 
1375 708 219 315 435 143 78 79 940 565 141 236 

78.61 % 87.26 % 67.59 % 73.60 % 31.63% 20.19% 35.61% 25.08% 68.36% 79.80% 64.38% 74.92% 



 

210 
 

The total actual contribution of each station and shares of the automatically and manually picked 

onsets in 2007-2010 are given in Table 6.4. The URZ and MARZ stations were found to have the 

closets ideal and actual detection and therefore contribution rates during 2007-2010 (Figure 6.2). 

However, in spite of having a high total actual detection rate of 93.3% (Table 6.4), 43.5% of the 

MARZ waveforms in 2007-2010 were reviewed by analysts. In total, 36.9% of the total detected 

waveforms by the key stations (6471 number of waveforms) were processed manually due to the 

missed or inaccurately picked P-phase onsets. Such high rates of reviewed picked onsets for the 

key stations with the largest detection rates confirm the need for the efficiency enhancement of 

the automatic picking 

 

Table 6.4: Numbers and percentages of the total actual detections, automatically and manually picked P-

onsets at the key stations in 2007-2010. 

 

6.4. Quantities for the Wavelet Scale Thresholding Assessment 

In this section, we introduce a set of Quality Control (QC) parameters used to assess the WST 

performance in the spatio-temporal study. We then explained how to estimate the SNR threshold 

levels that limit the GeoNet P-phase picker’s performance.  

STA 

Total detected waveforms in 2007-2010 
(Actual contribution) 

Automatic onsets 2007-2010 Manual onsets 2007-2010 

Percentage with respect to the total 
events number (Ideal contribution ) % 

Percentage with respect to the 
total detected waveforms %

Percentage with respect to the 
total detected waveforms %

URZ 
3078 2066 1012 

92.93% 67.12% 32.88% 

LIRZ 
2056 1293 763 

62.07% 62.89% 37.11% 

EDRZ 
2084 1067 1017 

62.92% 51.20% 48.80% 

OPRZ 
2939 1814 1125 

88.73% 61.72% 38.27% 

KARZ 
1685 1209 476 

50.87% 71.75% 28.25% 

MRAZ 
3090 1747 1343 

93.29% 56.53% 43.46% 

TGRZ 
2617 1882 735 

79.01% 71.91% 28.08% 

Total events number: 3312 
Total actual detections by the key stations 2007-2010: 17549 

Total automatic picks 2007-2010: 11078 (63.12%) 
Total manual picks 2007-2010: 6471 (36.87%) 
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The procedure of replacing the BWF by the WST was previously described in section “5.4” (see 

Figure 5.6). As explained in Chapter 5, comparing the BWF and WST picking errors with the 

values in [-0.02 s, 0.02 s] (see Figure 5.7) was used to classify an event as S1, S2, S3 and, S4. 

Class S1, includes events with unchanged P-onsets. Class S2, includes events with unfavorably 

affected onsets. Finally, classes S3 and S4 include events with retrieved and revised P-onsets 

respectively. In section “5.5”, we used a set of parameters (including total and net improvements, 

average corrections ∗ (s) and picking errors ∗ (s) and master scales ∗
, ) to assess and 

characterize the WST performance for each station during 2008. Similarly, an extended set of 

QC is used in the spatio-temporal study that is now explained.  

 

6.4.1 Quality Control Parameters  

The WST efficiency at the key stations in 2007-2010 is measured by an extended set of QC 

parameters including the ones introduced in chapter 5 and new ones related to the picking quality 

is used. The QC parameters are divided into continuous or discrete groups. Each is now 

explained.  

 

6. 4.1. 1 Continuous Quality Control Parameters 

1. Total Improvements, S3-4 (%): Portion of the events with retrieved or revised onsets 

including the events of classes S3 and S4. 

2. Net Improvements, S3-4-S2 (%): Portion of the events with retrieved or revised onsets (i.e., 

events of classes S3 and S4) minus that of the adversely affected onsets of the S2 events 

(including missed onsets (MS2) and those with considerable worsened picking error  (s)1). 

3. Average and median correction ∗ (s) values for the revised picks of class S4 events 

4. Average and median picking error ∗ (s) for the retrieved picks of class S3 events 

5. Picking Quality Enhancement, PQE (%): The portion of the events with enhanced picking 

quality i.e. reduced picking grade (see Section 6.2 “The GeoNet P-phase Picking and Quality 

Assessment”) after applying the WST. 

                                                 
1 ∞ for the missed onsets. 
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6. 4.1. 2 Discrete Quality Control Parameters 

6. Master scales ∗
, : The scales with the highest contribution in picking performance 

enhancement for the S3 and S4 class events. Master scales cover 70% of scales where values 

of EDWT i.e., absolute difference between the manual and the automatic onsets (see Section 

“5.4”) were minimized.  

7. Mode of the initial Picking Grades (PGs) using the BWF (classes S1 and S4) and mode of the 

improved PGs with the WST for (classes S1, S3 and S4) where, BWF	PG	and	WST	PG ∈

0,1,2,3,4 . 

 

In addition to the QC parameters, for each of the event classes Signal-to-Noise Ratios (SNR S1-

S4), epicentral distances (DS1-S4), azimuth angles (AZS1-S4) and local magnitudes (MAG S1-

S4) were obtained and used where they were required to explain the results.  

 

6.4.2 Estimating the SNR Threshold Levels 

In this section estimating SNR values for each event class as well as procedure of obtaining the 

SNR thresholds SNR_TH 1-4 is explained. In order to estimate the SNR value of a recording, a 

signal window and a noise window of the Butterworth filtered (BWF) recording were considered 

(see Section “4.5” and Figure 4.14). The noise window covered the recordings up to 0.1s before 

the picked P-phase onset. The signal window started from the picked P-onset and ended where 

the S-phase was expected to arrive. The expected S-phase onset time was estimated using the 

epicentral distance and the velocity difference between P- and S-waves using the NZ velocity 

model (Rastin, Unsworth et al. 2013).The SNR value was then calculated as the ratio of the 

signal window’s power to the noise window’s power. The SNR values of waveforms of each 

event class were used to determine the SNR threshold levels of the GeoNet P-phase picker 

performance using the BWF and WST as shown in Figure 6.3.  

The SNR thresholds SNR_TH 1-4 defined four possibilities for the GeoNet P-phase picker 

performance by using the BWF and WST at the preprocessing stage for each station. Each 

possibility is now explained.  
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 SNR_TH 1: For the BWF waveforms with SNR levels equal or smaller than SNR_TH1 

(BWF SNR ≤ SNR_TH 1) the onset was likely to be missed by the GeoNet P-phase 

picker when the BWF was used. The SNR _TH 1 can be estimated by the median SNR 

values of the event class S3 using the Haar and Mexican hat WST. The smaller median 

SNR value obtained by either of the wavelet would determine the SNR _TH 1. 

 SNR_TH 2: For the BWF waveforms with SNR levels equal or greater than SNR_TH2 

(BWF SNR ≥ SNR_TH 2) the P-onset picked from the BWF waveform was likely 

revised after applying the WST. The SNR _TH 2 can be estimated by the smaller median 

SNR value obtained by either wavelet for the event classes S4.  

 SNR_ TH 3: For the BWF waveforms with SNR level equal or greater than SNR_TH3 

(BWF SNR ≥ SNR_TH 3) the P-onset picked from the BWF waveform was likely 

remained unchanged after applying the WST. The SNR _TH 3 can be estimated by the 

larger median SNR value obtained by either wavelet for the event classes S1.  

 SNR_TH 4: While it is important to obtain the worsened picking error to evaluate the 

WST adverse effect, the SNR threshold level associated with the class S2 events 

(SNR_TH 4) determines if the BWF replacement would degrade the performance of the 

phase picker. The missed events after applying the WST with the median SNR levels 

equal or greater than SNR_TH1 (SNR_TH 4 ≥ SNR_TH 1) were likely to be detected if 

the BWF was used.  

 

 

Table 6.5, summarizes the parameters obtained for each event class at the key stations in 2007 -

2010. 
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Table 6.5: Event classes and corresponding parameters obtained at each station in 2007-2009 

Event Class  SNR (dB) Distance (km) Azimuth (◦) Magnitudes WST QC Parameters Time  Stations Wavelet 

S1 
SNR S1 

SNR_TH3 
DS1 AZS1 MAG S1 WST and BWF picking PG 

2007-
2010 

URZ 
LIRZ 
EDRZ 
OPRZ 
KARZ 
MRAZ 
TGRZ 

Haar 
Mexican Hat  

S2 
SNR S2 

SNR_TH4 
DS2 AZS2 MAG S2 

E  and MS 
 

 
S3-4-S2 

 
 

PQE 

S3 
SNR S3 

SNR_TH1 
DS3 AZS3 MAG S3 

E∗  
∗
,  

WST PG1 
S34 

S4 
SNR S4 

SNR_TH2 
DS4 AZS4 MAG S4 

C∗  
∗
,  

WST PG 
BWF PG 

 

 

Figure 6.3: Procedure taken to assess the GeoNet P-phase picker performance by the SNR thresholds obtained from the BWF recordings of S1-4 events

                                                 
1 The onsets were not picked from the Butterworth filtered waveforms so the BWF picking grade was not available 
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6.4.3 The Mean and Median of the Quality Control Parameters 

In order to describe the distribution of the QC parameters, their associated histograms were 

obtained. The bin width for histograms of ∗ , ∗  and  was 2 samples (0.02s). The mean 

value was then estimated using the histogram to represent the continuous QC parameters. 

However, the mean value was affected by the outliers particularly where the number of the 

picked onsets was small. Therefore, the median was obtained as it is not sensitive to the outliers. 

Besides, median provided a better description for the parameters with skewed distributions 

(Blischke and Murthy 2011).Figure 6.4, demonstrates the histogram obtained for the worsened 

picking error for the URZ station in 2009 when the BWF was replaced by the Mexican hat WST.  

 

 

Figure 6.4: Histogram of the worsened picking error for the URZ station in 2009 when the Mexican hat WST 

was applied. The median of 0.04s was preferred to represent the error as the mean value of 0.25 s (25 

samples) was affected by the outlier values. 

 

The median value of 0.04 s (4 samples) was preferred to represent the error as the mean value 

was affected by the outlier values. For the discrete QC parameters mode was chosen for the WST 

characterization.  
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6.5. The Spatio-Temporal Analysis to Find and Evaluate the Preferred WST  

In this section a spatio-temporal analysis designed to find the preferred WST at each of the key 

stations using the estimated QC parameters is explained. The spatio-temporal analysis is 

illustrated in Figure 6.5.  

A spatial analysis was applied to find the more efficient WST at each of key stations ,

1,⋯ ,7 as the elements of the space containing the events during the entire time of study (2007-

2010) denoted by T. Figure 6.6a, demonstrates the spatial distribution of events together with the 

preferred wavelets denoted by n∗ as the outcome of the spatial analysis at each station. During 

the spatial analysis, the QC parameters  at each station	 , were estimated using both Haar 

and Mexican hat wavelets over the entire time T. For each of the QC parameters the optimal 

value over the period T,	QC ∗ T , was achieved by either of wavelet. Having obtained the set 

of the more efficient wavelets ∗ T  for all the QC parameters as 

Φ∗ ∗ T ,⋯ , ∗ T 	, the preferred wavelet at the station  over the period T ( n∗(T)) 

was chosen to be the one that resulted in larger number of the improved QC parameters (see the 

values of WN1 and WN2 in Figure 6.5).  

Having the preferred wavelets selected for all the stations, a temporal analysis was performed to 

assess the efficiency of the WST. The temporal analysis was performed in a time-space as shown 

in Figure 6.6b, where values of a set of chosen QC parameters for all the stations ,⋯,  were 

studied at each sampling time , 1,⋯ ,4 and the associated extremum values were obtained 

over the entire period, T.  

Finally, the temporal range and the weighted average of chosen QC parameters (denoted by 

∆
	

 and 	  respectively) were estimated at each station , 1,⋯ ,7 for the WST with 

the preferred wavelets using the measurements taken at , 1,⋯ ,4 (see Figure 6.6c). While 

the temporal range was used to measure reliability and the time-dependent efficiency of the 

WST, the weighted average provided a representative QC with the preferred wavelet at each 

station during	T. 
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Figure 6.5: Spatio-Temporal analysis to find the preferred WST at each of the key stations using the estimated QC parameters for the Matata events of 

2007-2010 and to assess the WST efficiency
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Figure 6.6: (a) The space including all the events and stations regardless of the events’ time origins used for 

the spatial analysis, (b) the temporal distribution of all the events and (c) Spatio-Temporal distribution shown 

for an arbitrary station , ∈ ,⋯ ,  as an element of the space containing all the events (as shown in (a)) 

and using the measurements taken at , ∈ ,⋯ ,  (as shown in (b)). 

 

6.6. Effect of the BWF Replacement in GeoNet P-phase Picker Performance  

We studied the effects of the BWF replacement in the P-phase picking performance at each of 

the key stations during 2007-2010. In this section, we present a number of examples of onset 

retrieval and revision after applying the WST at different stations (Figure 6.7-Figure 6.10).  
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Figure 6.7: Retrieving a missed P-onset from an OPRZ waveform: (a) raw data recoded by the broadband 

sensor installed at station OPRZ containing the event 2837419. The waveform had a large SNR value of 36.9 

dB and the recorded data showed a linear trend. (b) Applying the Butterworth filter to the waveform 

produced a large transient. (c) The STA/LTA response of the picker’s internal detector to the BWF 

waveform: the transient made the STA/LTA increase to 1. (d) The original event waveform: the onset arrival 

at 453rd sample was missed as the detection threshold of 8 was not met. (e) Replacing the BWF with the 

Mexican hat and (f) the Haar WST: Picking error had a smaller value with the Haar WST on scale 2 

compared to value obtained with the Mexican hat WST on scale 2 (0.21s). 
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Figure 6.8 : P-onset retrieval by applying the WST waveforms to the GeoNet P-phase picker for events 3080459 and 2974485 recorded by the URZ and 

LIRZ stations respectively: (a) the onset was not detected from the Butterworth filtered waveform due to the low SNR value of -7.6dB. Replacing the 

BWF with (b) Mexican hat WST and (c) Haar WST resulted in retrieving the missed P-onset with small picking errors (0.02s and 0.07s respectively). 

(d) Onset was not detected from the Butterworth filtered waveform due to the low SNR value of 3.2 dB. (e)Replacing the BWF with the Mexican hat 

WST retrieved the missed P-onset with no picking error. (f) The Haar WST retrieved the onset with a small picking error of 0.05 s. 
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Figure 6.9: Effect of the BWF Replacement in GeoNet P-phase picker performance for events 2694992 and 3367591 recorded by the URZ and LIRZ 

respectively: (a) a large picking error of value 0.8s obtained when the P-onset was picked from the Butterworth filtered waveform. Replacing the BWF 

with (b) Mexican hat WST and (c) Haar WST resulted in an outstanding reduction of 0.79 s in the picking error .(d) Automatically-picked P-onset and 

the manually-picked from the Butterworth filtered waveform. The picking error (0.38 s) was reduced when the BWF was replaced by (e) the Mexican 

hat WST and (f) the Haar WST (0.08s and 0.03s respectively). 
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Figure 6.10: A revised onset picked from a high SNR waveform recorded by the KARZ station for the event 3309517 in 2010 (a) The Mexican hat 

wavelet coefficients on a dyadic lattice of scales and time shifts: emergent P-phase onset amplified the corresponding wavelet coefficients. (b) Original 

waveform: manual and the automatic picks from the WST waveform are marked on the waveform. (c) The BWF waveform together with the manual 

and the automatic picks: The BWF waveform had a SNR value of 23 dB. However, the picking error with was 0.15s because of the emergent P-phase 

onset. (d) The Mexican hat WST waveform on scale 3 and the manual and automatic picks. Picking error was reduced to 0.03s as the WST could 

emphasis the emergent arrival.
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6.7. Finding the Preferred Wavelets at the key Stations 

In this section, the spatial analysis of Figure 6.5 is performed at each of the key stations over the 

period of 2007-2010 to find the preferred wavelet for the WST. As explained in Section “2.6.6”, 

the Mexican hat and Haar mother wavelets were considered for the earthquake waveform 

analysis in this thesis. The Mexican hat wavelet was preferred to perform WST on the recordings 

of the URZ, LIRZ, EDRZ KARZ and TGRZ stations. For the stations MARZ and OPRZ the 

Haar wavelet was the more efficient choice. Details of the spatial analysis for the key stations are 

now presented.  

 

6.7.1 Spatial Analysis of the MARZ Recordings in 2007-2010 

The MARZ station had the highest waveform contributions (93.3%) for the chosen events. The 

BWF was replaced by the WST to preprocess the MARZ waveforms containing 801, 282, 96 and 

164 manually picked onsets in 2007, 2008, 2009 and 2010 respectively (for the QC, SNR and 

events parameters see Table 6.6 to Table 6.13 ).  

 

i. Effect of epicentral distance inside Taupo Volcanic Zone on the P-phase picking 

performance 

The highest total improvement at the MARZ station was obtained in 2010 (with the rates of 

62.8% and 52.4% for the Mexican hat and Haar WST respectively) which was consistent with 

having the lowest rates for the corresponding unaffected onsets S1 (see Table 6.6). Conversely, 

in 2007 using either wavelet resulted in the highest rates for the unaffected P-onsets and the 

lowest rates for the total improvement with values of 26% and 25% for the Mexican hat and the 

Haar WST respectively (see Table 6.6). In 2007 the unchanged events with the largest portions 

had the smallest corresponding distances from the MARZ station (with median values of 12.4 

km and 12.9 km for the Mexican hat and Haar WST respectively, see Table 6.10). Conversely, 

the unchanged events with the smallest portions in 2010 had the largest epicentral distances from 

the MARZ station with the median values of 24.2 km and 24.3 km for the Mexican hat and Haar 

WST respectively (see Table 6.10). This observation can be explained by geometric and 
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anelastic attenuation (Lowrie 2007). Epicenters of the chosen events and the corresponding paths 

to the MARZ station were within the Taupo Volcanic Zone (TVZ; see the geological map of 

Figure.6.11) (W.J.Cousins, J.X.Zhao et al. 1999; Verry, J.X.Zhao et al. 2006; Rastin, Unsworth 

et al. 2013). Unlike the non-volcanic zone where the geometrical attenuation dominates the 

reduction of the ground motions with the distance, inside the TVZ, both attenuation types 

similarly affect the recordings (W.J.Cousins, J.X.Zhao et al. 1999; Verry, J.X.Zhao et al. 2006). 

While the anelastic attenuation inside the TVZ can reduce the Peak Ground Acceleration by half 

over a distance as short as 16 km it needs a distance of 70 km outside the volcanic zone to 

produce the same effect (Verry, J.X.Zhao et al. 2006).  

 

 

Figure.6.11: The geological map of the area of interest inside the Taupo Volcanic Zone (TVZ) together with 

the MARZ station and the locations representing the unchanged events (S1) of 2007 and 2010: Paths from the 

S1 events were located within the TVZ. The anelastic and geometrical attenuations have a similar effect on 

the ground motions inside the TVZ over a path of specific length that would be significantly shorter than a 

path with the equivalent attenuation out of the TVZ. Effect of attenuation on the P-phases was smaller at 

shorter epicentral distances that increased the chance of having no revision on the P-phase onsets after the 

WST. This explanation is consistent with observing the highest rates of the S1 events in 2007. 
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Therefore, having the lowest rates for the farther unchanged S1 events in 2010 is continent with 

the attenuation effect within the TVZ, i.e. the effect of attenuation on the body waves was higher 

at larger epicentral distances. As a result, the chance of having no revision on the P-onset after 

applying the WST was smaller as the localized wavelet should emphasize the attenuated arrival 

and improve the onset’s accuracy. A reverse scenario justifies the rates of S1 event rates in 2007. 

The WST improved the accuracy of the P-onsets with rates between 10.4% and 43.3% in 2007-

2010 (see Table 6.7). The highest rates of the onset revision were obtained in 2010 (with S4 

events of 43.3% and 32.3% for the Mexican hat and Haar WST respectively) where the revised 

events had the largest median epicentral distances from the MARZ station (with values of 28.1 

km and 30.2 km for the Mexican hat and Haar WST respectively). The applied corrections to the 

revised onsets of S4 events had median values ranging between 0.1s to 0.18s.  

 

ii. The Relationship between the SNR and the P-phase picking performance  

Another interesting observation was related to the mean and median SNR values of the 

waveforms associated with the retrieved onsets (see Table 6.11). The mean and median SNR for 

the retrieved events of 2007-2009 were fairly high with values larger than 20 dB. In addition, the 

mean SNR values for the S3 events of 2007-2009 were almost larger than the mean SNR values 

of the revised events S4 during this period. While it seems more likely to miss onsets from 

waveforms with lower SNRs rather than those with higher SNRs, only in 2010 the revised events 

had higher mean and median SNR values compared to those of the retrieved events (see Table 

6.11). The median SNR for the revised events of 2010 had values of 17.8 dB and 18.5 dB for the 

Mexican hat and Haar WST respectively that were 5.8 dB and 6.2 dB higher than the median 

SNR values of the retrieved events in 2010. In conclusion, the SNR analysis for the MARZ 

recordings showed that the high SNR values after conventional filtering may not be sufficient to 

enhance the STA/LTA properties to the detection level. Conversely, an appropriate wavelet 

based filtering emphasized the seismic arrivals and led to improvement of STA/LTA levels.  

The quality of picks was also improved when the BWF was replaced by WST. The highest PQE 

rates were obtained for both wavelets in 2010 (13.4% for the Mexican hat and 32.3% for the 

Haar WST, see Table 6.6). The mean and median SNR values for the S1, S3 and S4 events 
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obtained by either wavelet in 2010 were generally smaller than those of the matching events of 

2007-2009 (see Table 6.11). The effect of the WST on the picking quality enhancement was 

stronger for the waveforms with initially lower SNR values.  

 

iii. Deciding on the Preferred Wavelet for the MARZ station 

The Mexican hat picking errors for the retrieved onsets of 2007 had the largest mean and median 

values (2.5s and 1.17s respectively, see Table 6.8). In practice, the retrieved onsets with large 

picking errors needed to be reviewed by an expert (see Figure 6.12).  

 

  

Figure 6.12: The GeoNet P-picker improvement after applying the WST to the Matata events recorded by 

MARZ was measured by (a) the median of corrections applied to the S4 onsets and (b) the median of picking 

errors for the S3 onsets. The adverse effect of the WST on the P-picker performance was measured by (c) the 

total percentage of the missed onsets after applying the WST: The gray bars correspond to the onsets that 

were either missed or picked by large picking errors when the BWF or Mexican WST were applied. (d) The 

worsened picking error for S2 onsets after applying the WST. 
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Therefore, the aforementioned onsets were considered as “unchanged” rather than “retrieved” as 

the automatic picking performance was not improved due to the BWF replacement onsets. The 

initial rates of unchanged events as well as the total and net improvements were updated 

consequently (see Table 6.9 and Figure 6.13). The updated values were referred to as the 

“actual” total and net improvements. 

 

  
Figure 6.13: Percentages of (a) the actual total improvement (S34), (b) the actual net improvement (S34-S2) 

and (b) the class S1, S3 and S4 events with enhanced picking quality when the Haar and Mexican hat WST 

was applied to the MARZ recordings of the 2007-2010 Matata events. 
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Both wavelets produced similar actual total improvement rates in 2007 but the Mexican hat WST 

resulted in higher actual total improvement in 2008 and 2010 and lower actual total improvement 

in 2009. It seems like the choice of wavelet did not dominate the rates of the actual total 

improvement. However, the role of the selected wavelet became more noticeable when the 

percentage of the worsened events was subtracted from the total improvement to obtain the 

actual net improvement rate for each year.  

The Haar WST resulted in 11.3%, 18% and 9.3% less S2 events compared to the Mexican WST 

in 2007-2009. As a result the actual net improvement rates were 10.8%, 12.8% and 26.1% higher 

for the Haar WST compared to those of the Mexican hat WST in 2007-2009.  

Furthermore, the Mexican hat WST resulted in missing onsets that were picked by the Haar WST 

in 2007-2009 (see Table 6.12). However, the Mexican hat WST yielded 16.5% higher actual net 

improvement compared to that of the Haar WST in 2010 (see Table 6.9). This was due to 3.6% 

less adversely affected events for the Mexican hat WST compared to the Haar WST in 2010. It 

was observed that the SNR levels of waveforms associated with the adversely affected onsets 

after the Mexican hat WST had larger median values than those of the unchanged onsets during 

2007-2010 (see Table 6.11). The adverse effect of the Mexican hat WST on the P-phase picking 

performance is illustrated for a high SNR event waveform in Figure 6.14 where the effect of the 

WST in the AR-modeling of signal and noise is explained.  

The AIC values for the Mexican hat WST waveforms containing adversely affected onsets did 

not depend on the SNR values of the BWF waveforms. Therefore, while the GeoNet P-picker 

should potentially have a consistent performance with the BWF for the high SNR waveforms 

(Rastin, Unsworth et al. 2013) it is hard to guarantee the effect of Mexican hat WST in the signal 

and noise modeling and the AIC curves for the MARZ recordings with high SNR values. 

Overall, better time localization of the Haar wavelets compared to the Mexican hat wavelets 

would reduce the occurrence of the smooth AIC curves without a dominant minimum value or 

minimum values smaller than a considered threshold (-200) , or minimum values corresponding 

to the S-phase arrivals rather than the P-phase onsets.  

Applied corrections to the revised onsets of 2007-2010 were similar for both the Haar and 

Mexican hat wavelets. The positively skewed distributions for the correction values in 2007-
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2010 confirmed that corrections had larger mean values compared to the median values (see 

Table 6.8).On the other hand, the Haar WST constantly outperformed the Mexican hat WST in 

onset quality improvement in 2007-2010. The WST with the Haar wavelet resulted in 4.2% 

to18.9% larger rates of events with the enhanced picking quality and the lowest picking grades 

compared to those of the Mexican hat WST during 2007-2010 (see Figure 6.13 and Table 6.13). 

Finally, comparing the picking errors for the retrieved onsets of 2007-2010 showed that the Haar 

WST recovered the missed onsets more accurately compared to the Mexican hat WST (see Table 

6.8). In conclusion, the Haar WST provides a better filtering alternative over the Mexican hat 

WST. The master scales for the Haar WST were scales 3 and 4 (with the characteristic 

frequencies of 9.27Hz and 4.63Hz respectively).  

 

Table 6.6: Percentages of the total improvement, net improvement and picking quality enhancement for S1 

and S4 Matata events after applying the WST to the MARZ recordings 

STA Code Wavelet Type 
Total Improvements, S3-4 (%) 

2007 2008 2009 2010 

MARZ 

Mex1 26 44 28.1 62.8 

Haar 25 40.8 44.8 52.4 

 
Net Improvement S3-4-S2 (%)

2007 2008 2009 2010 

Mex 10.2 13.5 13.5 49.4 

Haar 20.5 29.4 39.6 34.1 

 
Picking Quality Enhancement, PQE 

(%)
2007 2008 2009 2010 

Mex 5.2 9.2 8.3 13.4 

Haar 9.71 21.6 12.5 32.3 

 

 

 

 

 

 

                                                 
1 “Mex” stands for the “Mexican hat”. 
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Table 6.7: Percentage of the unchanged onsets, worsened onsets, retrieved onsets and corrected onsets picked 

from the MARZ recordings of chosen Matata events 

STA Code Wavelet Type Unchanged Events Class S1 (%) 
 2007 2008 2009 2010 

MARZ 
Mex 58.3 25.5 57.3 23.8 

Haar 70.5 47.9 50 29.3 

 

 
Worsened Events Class S2 (%) 
2007 2008 2009 2010 

Mex 15.7 30.5 14.6 13.4 
Haar 4.5 11.3 5.2 18.3 

 
Retrieved Phases Events Class S3 (%) 

2007 2008 2009 2010 

Mex 12 14.2 17.7 19.5 

Haar 14.1 18.4 34.4 20.1 

 
Revised Phases Events Class S4 (%) 

2007 2008 2009 2010 
Mex 14 29.8 10.4 43.3 
Haar 10.9 22.3 10.4 32.3 

 

 

Table 6.8: Average and median values of the corrections applied to the class S4 onsets and the picking error 

obtained for the class S3 onsets after applying the WST to the MARZ recordings of chosen Matata events 

STA Code Wavelet Type 
Average Correction ( ∗ )(s) Median Correction ( ∗ )(s) 

2007 2008 2009 2010 2007 2008 2009 2010 

MARZ 

Mex 1.48 0.84 1.24 0.6 0.13 0.13 0.18 0.12 

Haar 1.93 1.13 1.25 0.6 0.13 0.12 0.17 0.11 

 
Average Error ( ∗ ) (s) Median Error ( ∗ ) (s) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 2.5 1.01 2.16 1.3 1.17 0.17 0.12 0.19 

Haar 1.7 1.01 0.62 1.2 0.15 0.05 0.06 0.19 

 

 

Table 6.9: Actual total improvement and net improvement after applying the WST to the MARZ recordings 

of the chosen Matata events 

STA Code Wavelet Type 
Total Improvements, S3-4 (%) 

2007 2008 2009 2010 

MARZ 

Mex 18.5 40.4 22.97 54.9 
Haar 18 35.1 39.6 42.1 

 
Net Improvement S3-4-S2 (%)

2007 2008 2009 2010 

Mex 3 11.3 8.3 41.5 

Haar 13.8 24.1 34.4 25 
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Figure 6.14: Adverse effect of the Mexican hat WST on the P-onset of the event 3176026: (a) The Mexican hat WST waveform on scale 2: the picking 

error between manual and automatic onsets was the smallest on scale 2 with a value of 3.65s. (b) The response of the detector to the waveform given in 

(a). The STA/LTA reached the detection threshold (=8). (c) The AIC values obtained for a 10-s window went below the threshold level of -200 and had 

its minimum at the S-phase arrival rather than the P-phase arrival. The picking quality was low with a grade of 4 as the slope around the minimum 

point was small. (d) The Haar WST waveform on scale 3 with a small picking error of 0.01s, (e) the corresponding detector response and (f) the AIC 

values. The AIC reached its minimum at the point corresponded to the P-phase arrival. Picking quality was enhanced as the AIC curve had a higher 

slope around the minimum point compared to that of the AIC curve in (c). (g) The BWF waveform, (h) the corresponding detection response and (i) the 

AIC values. Similar to (f) the minimum AIC value was obtained at the point that was corresponded to the P-phase arrival. Although the minimum value 

was larger compared to those of the WST waveforms it was approached at a sufficiently high rate (picking grade of 0).
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Table 6.10: Average and median of the Epicentral Distances between the MARZ station and class S1-4 

Matata events 

STA Code Wavelet Type 
Average DS1 (km) Median DS1 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 

MARZ 

Mex 14.4 21.9 19.9 27.6 12.4 21.9 18.4 24.2 
Haar 15.6 23.1 20.4 24.8 12.9 23.4 18.6 24.31 

 
Average DS2 (km) Median DS2 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 20.6 24.4 21 26.9 19.8 24.4 19.5 26 
Haar 21.1 24.9 23 27.1 20 23.3 23.4 26.1 

 
Average DS3 (km) Median DS3 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 17.7 23.1 22.9 25.2 17.4 21.9 20.2 24.9 
Haar 17.9 22.1 21.1 24.6 17.6 21 19.2 24.9 

 
Average DS4 (km) Median DS4 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 22 23.9 28.1 27.6 20.6 23.2 24.2 28.1 

Haar 22 24.4 27.3 28.4 21 23.5 26.1 30.2 

 

Table 6.11: Average and median of the SNR values for the MARZ recordings of the class S1-4 events with the 

Haar and Mexican hat WST for chosen Matata events 

STA Code Wavelet Type 
Average SNR S1 (dB) Median SNR S1 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

MARZ 

Mex 28.4 26.5 29.7 22.2 27.2 25.3 25.6 18.9 
Haar 29.2 26.8 29.6 23.7 28.5 25.2 30.1 21.7 

 
Average SNR S2 (dB) Median SNR S2 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 32.5 27.1 31.3 23 33 25.8 32.2 20.5 
Haar 18.7 16 16.5 15.2 14.4 14 12.7 14.5 

 
Average SNR S3 (dB) Median SNR S3 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 25.7 23.6 23.3 15.9 24.8 20.8 22.2 12.2 
Haar 26.3 25.1 28.3 16.3 24.6 23.1 24.4 12.3 

 
Average SNR S4 (dB) Median SNR S4 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 22.7 19 23.6 19 22.6 17.4 21.3 17.8 

Haar 25.4 21.4 26.5 20.7 26.3 20.1 23 18.5 

 

Table 6.12: Average and median values of the worsened picking error obtained for the class S2 onsets and 

percentage of missed onsets after replacement the BWF with the WST for the MARZ recordings of the 

chosen Matata events 

STA Code 
Wavelet 

Type 

Mean Worsened Picking 
Error in S2 Events ( ) (s) 

Median Worsened Picking 
Error in S2 Events ( ) (s) 

Missed P-onsets in S2 
Events, MS2 (%) 

2007 2008 2009 2010 2007 2008 2009 2010 2007 2008 2009 2010 

MARZ 
Mex 0.1 0.1 0.43 0.09 0.05 0.06 0.07 0.09 0.87 0.35 1 0 

Haar 1 1 0.93 0.89 0.24 0.43 0.09 0.21 0 0 0 0 
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Table 6.13: Mode of the picking grades when the BWF and WST were applied to the MARZ recordings of the 

chosen Matata events 

STA Code Wavelet Type 
Mode of the Initial BWF PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

MARZ 

Mex 4 4 4 4 

Haar 4 4 4 4 

 
Mode of the Improved WST PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 
Mex 0 0 1 0 
Haar 0 0 0 0 

 
Mode of the WST PG for S3 Events (0 to 4) 

2007 2008 2009 2010 
Mex 4 4 4 4 
Haar 0 0 0 0 

 

 

6.7.2 Spatial Analysis of the URZ Recordings in 2007-2010 

The WST was applied to the URZ waveforms of 584 events in 2007, 212 events in 2008, 85 

events in 2009 and 131 events in 2010 recorded by a deep-borehole installed sensor (for the QC, 

SNR and events parameters see Table 6.14-Table 6.23).  

Applying the WST to the URZ recording resulted in revising a large number of onsets with a 

portion between 24% and 37.6% (see Table 6.15) and picking quality enhancement (PQE) for 

24.4% to 47.1% of onsets over the period of interest (see Table 6.16; also see Figure 6.9a-c).  

Maximum improvement in automatically picked onsets with the highest rates of onset correction 

and PQE were achieved in year 2009 where the BWF was replaced by the WST (S4=37.6%, 

PQE= 28.2% for the Mexican hat and S4=34.1%, PQE= 47.1% for Haar respectively). The 

onsets revised by the Mexican hat WST had the waveforms with the lowest SNR levels in 2009 

(median SNR= 13.8 dB, see Table 6.21) due to the largest epicentral distances from the URZ 

station (median = 61.7 km, see Table 6.22) and the smallest local magnitudes (median =2, Table 

6.23).  
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The Relationship between the SNR and the P-phase picking performance  

The SNR threshold levels were estimated for the URZ station for 2007- 2010 where the WST 

was applied to the waveforms (see Table 6.14). In 2007 the P-onsets from the waveforms with 

SNR values as large as 5.8 dB were likely to be missed with the BWF and using the WST 

enabled to retrieve the P-onsets from the waveforms with the SNR values as low as 2.7 dB in 

2010. Comparing the threshold values obtained for the S4 and S1 events show that the P-onset 

picked from the BWF waveform with SNR ≥ 15.5 dB would likely be revised and those with 

SNR ≥ 23.1 dB would probably remain unchanged after applying the WST for 2007-2010.  

 

 

Figure 6.15: Box plots obtained for the SNR values of the class S4 events for the (a) Haar and (b) Mexican hat 

WST in 2007-2010. Overlapping notches agreed with the hypothesis that all median values could be the same. 
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Besides, performing a one-way unbalanced Analysis of Variance (ANOVA) on the SNR values 

of the class S4 events in 2007-2010 resulted in large P values for the WST (0.51 and 0.60 for the 

Mexican hat and Haar respectively, see Table 6.24). Variability of the median values obtained 

for the samples of each year is shown in Figure 6.15. The notches for the SNR values of the class 

S4 events were overlapped for the years of interest, i.e. the medians were not significantly 

different from each other at the 95% confidence level.  

Such result suggests that SNR values of the Butterworth filtered waveforms determine if the 

WST would improve the accuracy of the P-phase onsets or not. The SNR of the waveforms at 

each station is a function of the event size (magnitude), fault orientation and epicentral distance 

as well as ambient noise sources, installation quality and type of the sensor.  
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Table 6.14: The SNR threshold levels estimated from the URZ recordings of the chosen Matata events 

SNR Threshold levels - Haar WST in 2007 SNR Threshold levels-Mex WST in 2007 SNR Threshold levels - WST in 2007 

Median of SNR S3= 8.6 dB Median of SNR S3= 5.8 dB SNR_TH1 min (8.6 dB, 5.8 dB)= 5.8 dB 

Median of SNR S4= 16.3 dB Median of SNR S4= 15.5 dB SNR_TH2 min (16.3 dB, 15.5 dB)= 15.5 dB 

Median of SNR S1= 22.3 dB Median of SNR S1= 21.2 dB SNR_TH3  max (22.3 dB, 21.2 dB)= 22.3 dB 
Median of SNR S2= 9.8 dB Median of SNR S2= 24 dB  

SNR Threshold levels -Haar WST in 2008 SNR Threshold levels -Mex WST in 2008 SNR Threshold levels - WST in 2008

Median of SNR S3= 4.5 dB Median of SNR S3= 6.3 dB SNR_TH1 min (4.5 dB, 6.3 dB)= 4.5 dB 

Median of SNR S4= 15.6 dB Median of SNR S4= 15 dB SNR_TH2 min (15 dB, 15.6 dB)= 15 dB 

Median of SNR S1= 22.2 dB Median of SNR S1= 21.3dB SNR_TH3  max (22.2 dB, 21.3 dB)= 22.2 dB 
Median of SNR S2= 9.3 dB Median of SNR S2= 20.5 dB  

SNR Threshold levels - Haar WST in 2009 SNR Threshold levels -Mex WST in 2009 SNR Threshold levels - WST in 2009

NA1 NA  NA 

Median of SNR S4= 14.7 dB Median of SNR S4= 13.8 dB SNR_TH2 min (14.7 dB, 13.8 dB)= 13.8 dB 

Median of SNR S1= 18.2 dB Median of SNR S1= 16 dB SNR_TH3  max (18.2 dB, 16 dB)= 18.2 dB 
Median of SNR S2= 8.7 dB Median of SNR S2= 18.9dB  

SNR Threshold levels - Haar WST in 2010 SNR Threshold levels - Mex WST in 2010 SNR Threshold levels - WST in 2010 

Median of SNR S3= 9.2 dB Median of SNR S3= 2.7 dB SNR_TH1 min (2.7 dB, 9.2 dB)= 2.7 dB 

Median of SNR S4= 19.3 dB Median of SNR S4= 14.4 dB SNR_TH2 min (19.3dB, 14.4 dB)= 14.4 dB 

Median of SNR S1= 23.1 dB Median of SNR S1= 23 dB SNR_TH3  max (23 dB, 23.1 dB)= 23.1 dB 
Median of SNR S2= 9.3 dB Median of SNR S2= 16 dB  

 
 

                                                 
1 In 2009, no event was retrieved by the Haar WST (S3=0%) and only 1 event was retrieved when the Mexican hat WST was applied. Therefore, the median 
SNR values for the S3 class events in 2009 were denoted as “NA”. 
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Table 6.15: Percentage of the class S1, class S2, class S3 and class S4 events picked from the URZ recordings 

of the chosen Matata events after applying the Haar and Mexican hat WST 

STA Code Wavelet Type 
Unchanged Events Class S1 (%) 
2007 2008 2009 2010 

URZ 

Mex 58.3 25.5 57.3 23.8 

Haar 70.5 47.9 50 29.3 

 
Worsened Events Class S2 (%) 
2007 2008 2009 2010 

Mex 18.3 16.5 24.7 11.4 
Haar 5.6 10.4 9.4 11.4 

 
Retrieved Phases Events Class S3 (%) 

2007 2008 2009 2010 
Mex 2.2 4.7 1.2 3 
Haar 1.2 3.8 0 0.8 

 
Revised Phases Events Class S4 (%) 

2007 2008 2009 2010 
Mex 31.3 35.4 37.6 29 
Haar 27.2 24 34.1 25.9 

 

 

Table 6.16: The total improvement, net improvement and the picking quality enhancement for the S1-S4 

Matata events after applying the WST to the URZ recordings 

STA Code Wavelet Type 
Total Improvements, S3-4 (%) 

2007 2008 2009 2010 

URZ 

Mex 33.5 40.1 38.8 32.1 
Haar 28.4 27.9 34.1 26.7 

 
Net Improvement S3-4-S2 (%) 

2007 2008 2009 2010 
Mex 15.2 23.6 14.1 20.6 

Haar 22.7 17.4 24.7 15.3 

 
Picking Quality Enhancement, PQE (%) 
2007 2008 2009 2010 

Mex 26 27.4 28.2 24.4 

Haar 35.6 33 47.1 26 
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Table 6.17: Average and median values of the corrections applied to the class S4 onsets and the picking error 

obtained for the class S3 onsets after applying the WST to the URZ recordings of chosen Matata events 

STA Code Wavelet Type 
Average Correction ( ∗ )(s) Median Correction ( ∗ )(s) 

2007 2008 2009 2010 2007 2008 2009 2010 

URZ  

Mex 0.38 0.39 0.43 0.29 0.09 0.09 0.13 0.07 
Haar 0.49 0.45 0.42 0.25 0.08 0.08 0.11 0.04 

 
Average Error ( ∗ ) (s) Median Error ( ∗ ) (s) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 0.7 0.5 
NA 

(n=1, e=1.73s1) 
0.03 0.15 0.13 

NA 
(n=1, 

e=1.73s1) 
0.03 

Haar 0.63 0.64 NA2 0.1 0.07 0.15 NA2 0.1 

 

Table 6.18: Average and median values of the worsened picking error obtained for the class S2 onsets and 

percentage of missed onsets after replacement the BWF with the WST for the URZ recordings of the chosen 

Matata events 

STA Code 
Wavelet 

Type 

Mean Worsened Picking 
Error in S2 Events ( ) (s) 

Median Worsened Picking 
Error in S2 Events ( ) (s) 

Missed P-onsets in S2 
Events, MS2 (%) 

2007 2008 2009 2010 2007 2008 2009 2010 2007 2008 2009 2010 

URZ  
Mex 0.04 0.14 0.25 0.05 0.04 0.04 0.04 0.04 0 0 0 0 
Haar 0.1 0.4 ∞3 0.2 0.07 0.16 ∞ 0.1 2.7 7.1 9.4 6.1 

 

Table 6.19: Mode of the picking grades when the BWF and WST were applied to the URZ recordings of the 

chosen events 

STA Code Wavelet Type 
Mode of the Initial BWF PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

URZ  

Mex 1 1 4 1 
Haar 1 1 1 1 

 
Mode of the Improved WST PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

Mex 0 0 0 0 

Haar 0 0 0 0 

 
Mode of the WST PG for S3 Events (0 to 4) 

2007 2008 2009 2010 

Mex 4 0,14 2 0 
Haar 0 0 NA5 0 

                                                 
1 Only the onset of one event was retrieved and therefore the mean and median could not represent the picking error.   
2Percentage of retrieved onsets (S3 class events) was 0. 
3 The onsets of class S2 events were totally missed after applying the Haar WST.  
4 The picking grade histogram for the S3 class events was bimodal.  
5 Percentage of retrieved onsets (S3 class events) was 0. 
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Table 6.20: Master scales for the URZ recordings obtained for the chosen Matata events to apply the WST 

 

 

 

 

 

 

 

 

Table 6.21: Average and median of the SNR for the URZ recordings of the class S1-4 Matata events 

STA 
Code 

Wavelet Type 
Average SNR S1 (dB) Median SNR S1 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

URZ  

Mex 23.4 23.3 19.2 24.1 21.2 21.3 16 23 
Haar 24.5 23.4 21 23.6 22.3 22.2 18.2 23.1 

 
Average SNR S2 (dB) Median SNR S2 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 26.2 22 21.8 19.1 24 20.5 18.9 16 
Haar 9.9 8.4 8.2 9.1 9.8 9.3 8.7 9.3 

 
Average SNR S3 (dB) Median SNR S3 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 4 4.6 0.01 2.1 5.8 6.3 NA 2.7 
Haar 3 3.6 NA 9.2 8.6 4.5 NA 9.2 

 
Average SNR S4 (dB) Median SNR S4 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 18 17 15.1 16.7 15.5 15 13.8 14.4 

Haar 18.7 18.7 15.9 19.3 16.3 15.6 14.7 19.3 

 

 

 

 

 

 

STA Code Wavelet Type 
Master Scale ∗

, (Contribution in Improvement %) 
2007 2008 2009 2010 

 
URZ 

Mex 

1 
(42%) 

1 
(37.6%) 

1 
(39.5%) 

1 
(43%) 

0 
(28%) 

2 
(27.1%) 2 

(33.3%) 
0 

(31%) 0 
(24.7%) 

Haar 

3 
(39%) 

2 
(40.7%) 

3 
(46.7%) 

3 
(43%) 

2 
(25%) 

3 
(27.1%) 2 

(23.3%) 

4 
(25.7%) 

1 
(18%) 

4 
(18.6%) 

2 
(20%) 
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Table 6.22: Average and median of the Epicentral Distances between the URZ station and class S1-4 Matata 

events 

STA Code Wavelet Type 
Average DS1 (km) Median DS1 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 

URZ  

Mex 54.4 58 61.1 50.8 52.5 58.5 62.5 47.3 
Haar 54.1 57.8 61.1 49.7 51.8 58.3 62.2 47.1 

 
Average DS2 (km) Median DS2 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 53.2 58.9 61.9 52.6 51.7 58.4 62.3 55.5 
Haar 55.6 59 61.8 59.7 57.4 58.7 61.1 60.7 

 
Average DS3 (km) Median DS3 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 56.9 58.6 59.9 49.5 58.5 59 59.9 45.8 
Haar 53.9 58.3 NA 63.1 51.2 58.9 NA 63.1 

 
Average DS4 (km) Median DS4 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 54.5 58.5 61.3 53.9 54.6 58.6 61.7 56.5 

Haar 54.3 59.5 61.7 53.3 53.4 59.3 62.5 53.8 

 

Table 6.23: Average and median local magnitudes for the class S1-4 Matata events recorded by the URZ 

STA 
Code 

Wavelet Type 
Average MAGS1 (ml) Median MAGS1 (ml) 

2007 2008 2009 2010 2007 2008 2009 2010 

URZ  

Mex 2.3 2.5 2.2 2.5 2.3 2.4 2.1 2.4 
Haar 2.4 2.5 2.2 2.5 2.3 2.4 2.1 2.5 

 
Average MAGS2 (ml) Median MAGS2 (ml) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 2.4 2.5 2.3 2.2 2.4 2.4 2.2 2.3 
Haar 1.8 2 1.9 1.8 1.8 2 1.9 1.7 

 
Average MAGS3(ml) Median MAGS3 (ml) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 2 2.1 1.5 2.6 2 2 1.5 2.6 
Haar 2 2.1 NA 1.6 2.1 2.1 NA 1.6 

 
Average MAGS4 (ml) Median MAGS4 (ml) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 2.2 2.3 2.1 2.3 2.1 2.2 2 2.3 

Haar 2.2 2.4 2.2 2.4 2.1 2.2 2.1 2.4 

 

Table 6.24: The unbalanced one-way Analysis of Variance (ANOVA) results for the SNR of S4 events for 

2007-2010 

STA Wavelet ANOVA Results for the SNR mean values of the class S4 events in 2007-2010 

URZ 

Mex 

Source Sum of Squares Degree of Freedom Mean Squares F statistic P value 
Groups 264.2 3 88.057 0.77 0.51 
Error 37194.4 324 114.798   
Total 37458.6 327    

Haar 

Source Sum of Squares Degree of Freedom Mean Squares F statistic P value 

Groups 219.8 3 73.257 0.62 0.60 

Error 31589.2 269 147.279   
Total 31809 272    
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i. Deciding on the Preferred Wavelet for the URZ station 

Applying the WST with Haar and Mexican hat wavelets resulted in similar amount of corrections 

∗  for the revised onsets during 2007-2010 (Table 6.17). The enhanced picking grades obtained 

for the unchanged (S1) and revised (S4) onsets after applying the WST had their mode values at 

Grade 0 using either wavelet (see Table 6.19). The total improvements (S3-4) using Mexican hat 

WST were constantly larger than that of the Haar WST by 5.1%, 12.2%, 4.7%, and 5.4% for 

2007 to 2010 respectively (see Table 6.16). However, applying the Mexican hat WST in 2007 

and 2009 resulted in large portions of the adversely affected onsets (S2=18.3%, 24.7% 

respectively, see 6.15). Therefore, net improvement values (S3-4-S2) for the Haar WST were 

higher for these two years. The adverse effect of the WST using both wavelets on the picked 

onsets were compared .Whilst no onset was missed due to the Mexican hat WST, 2.7%, 7.1%, 

9.4% and 6.1% of onsets were missed by the picker after applying the Haar WST in 2007-2010 

respectively. Figure 6.16, shows unchanged and worsened P-onsets when the Mexican hat and 

Haar WST were applied to the URZ waveform of event 3191339 respectively. 

The SNR values of the waveforms with worsened onsets after applying the Haar WST were 

analyzed by a one-way unbalanced ANOVA. The P value of 0.47 was consistent with the 

assumption of having similar median values for all the SNR of the S2 events in 2007-2010.  

On the other hand, since the lowest median SNR for the worsened and missed events after the 

Haar WST (8.7 dB) was greater than the largest median SNR of the retrieved events (5.8 dB), 

applying the Haar WST may likely result in missing a P-onset that could be picked from the 

BWF waveform with a reasonable accuracy (see Table 6.14). Moreover, the Mexican hat WST 

had smaller worsened picking errors E  (with a small and constant median of 0.04s) compared to 

those of the Haar WST (see Table 6.18) 

Overall, comparing the adverse effect of the Haar WST with that of the Mexican hat WST on the 

onsets of 2007-2010 suggests that the Mexican hat WST would be a better alternative for the 

BWF. The Mexican hat WST had the highest contribution in onset revision and retrieval 

(between 37.6% and 43%, see Table 6.20) when it was performed on scale 1 with characteristic 

frequency of 12.5 Hz ( 12.5	Hz).  
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Figure 6.16: Effect of the WST on the P-phase onset of the event 3191339(a) the raw waveform recorded by the URZ vertical channel. (b) The 

Butterworth filtered waveform with the automatically and manually picked P-onsets: The picking error was 0.04s. (c)The Mexican hat WST waveform 

on scale 2 with the automatic pick: the event was considered as a class S1 for the Mexican hat WST. The Haar WST waveforms on scales (d) 3 and (e) 4: 

pre-arrival noise was emphasized and as a result, the onset was missed by the GeoNet picker.
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6.7.3 Spatial Analysis of the OPRZ Recordings in 2007-2010 

The WST was applied to the OPRZ waveforms of 570 events in 2007, 310 events in 2008, 94 

events in 2009 and 151 events in 2010 with manually picked P-onsets. The total and net 

improvements as well as other QC parameters are given in Table 6.25to Table 6.32. 

Replacing the BWF for the recordings of station OPRZ did not change the onset accuracy for 

large portions of the picked onsets (see Table 6.25). The maximum portions of unchanged onsets 

were obtained in 2009 with 68.1% for the Mexican hat and 89.4% for the Haar WST. The Haar 

and Mexican hat unchanged (S1) events in 2009 had the largest median of the SNR values 

compared to those of the other event classes in 2007-2010 (see Table 6.31). The largest median 

SNR values can be attributed to epicentral distances with the smallest median values for the 

unchanged (S1) events of 2009 (see Table 6.32).  

Despite of small portions of revised onsets during 2007-2010 (3.5% to 17.2%) the WST resulted 

in retrieving a large percentage of the missed onsets. The largest onset retrieval for the Mexican 

hat WST was 32.2% and for the Haar WST was 25.2% which observed in 2008 (see Table 6.25), 

where the associated waveforms had high SNR levels (median between 20.1 dB to 29.3 dB; see 

Table 6.31). The epicentral distances between the OPRZ station and the selected events of 2007-

2010 were mostly shorter than those of the other stations (see Table 6.32). Thus, the mean and 

median of epicentral distances were smaller and the waveforms recorded by OPRZ had higher 

SNR values compared to their counterparts recorded by the other stations (see Table 6.32). 

Therefore, the SNR was not the main reason for inaccurately picked or missed onsets. In spite of 

the high SNR levels, the automatic picking did not perform as well as it was expected due to the 

side effects of the BWF (see Figure 6.7) and the set parameters of the LTA/STA detector. 

 

i. Deciding on the Preferred Wavelet for the OPRZ Station 

Applying the WST with either wavelet to the OPRZ recordings provided a good filtering 

alternative without the side effects of the BWF. However, the Mexican hat WST resulted in 

larger total improvements compared to the Haar WST during 2007-2010 (see Table 6.26). In 

addition, the Mexican hat’s net improvement was larger than that of the Haar WST in 2007, 2009 
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and 2010, but the Haar WST had a 12.3% larger net improvement in 2008 because of the higher 

portion of worsened onsets with the Mexican hat compared to the Haar WST. 

No P-onset was missed with the Mexican hat WST (see Table 6.28). However, a couple of P-

onsets were missed with the Haar WST because the elevated STA/LTA was smaller than 

threshold value of 8 at the P-arrival time. However, the initial picks using the BWF did not 

match the actual P-phase arrival times since the STA/LTA reached the detection level at the S-

phase arrival time rather than the P-phase onset. Therefore, these onsets should be considered as 

unchanged (S1) rather than worsened (S2). Overall, the adverse effect of the WST with either 

wavelet on the picked onset was comparable.  

The corrections applied to the S4 events had comparable average values with either wavelet 

during 2007-2010. However, the median correction value with the Mexican hat WST in 2007 

(3.17s) was much larger than that of the Haar WST (0.12s) (see Table 6.27).  

The picking errors for the retrieved onsets had smaller average and median values for the Haar 

WST compared to that of the Mexican hat WST during 2007-2010 (see Table 6.27). 

Furthermore, the picking quality for the retrieved onsets was higher with the Haar WST (with a 

Picking Grade (PG) of 0) compared to the Mexican hat WST (with a PG of 4, see Table 6.29). 

Finally, the Haar WST resulted in higher rates of Picking Quality Enhancement compared to the 

Mexican hat WST (see Table 6.26).  

Although in 2008 the WST with the Haar wavelet provided a superior filtering scheme compared 

to the Mexican hat WST, selecting the more efficient wavelet for the other years would include a 

few compromises as explained. Therefore, the wavelet should be selected based on the priority of 

the quality parameters for these years. For instance, obtaining the ratio between the S3 and S4 

events 3
4  with either wavelet helps to outline the role of the retrieved and revised onsets in 

the total improvement at the OPRZ station during the period of interest. As can be seen from 

Table 6.33, the values of 3 4 in 2007-2010 were equal or greater than unity that confirmed the 

dominating role of the retrieval for the OPRZ station. From this perspective and considering the 

values of the picking errors of the retrieved onset with either wavelet the Haar wavelet should 

result in greater picking improvements for the recordings of the OPRZ.  
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Table 6.25: Percentage of the class S1, class S2, class S3 and class S4 events picked from the OPRZ recordings 

of the chosen Matata events after applying the Haar and Mexican hat WST 

STA Code Wavelet Type 
Unchanged Events Class S1 (%) 
2007 2008 2009 2010 

OPRZ 

Mex 55.8 36.4 68.1 43.7 
Haar 74.7 60.3 89.4 56.9 

 
Worsened Events Class S2 (%) 
2007 2008 2009 2010 

Mex 8.1 21.6 10.6 7.9 
Haar 1 3.5 2.1 3.3 

 
Retrieved Phases Events Class S3 (%) 

2007 2008 2009 2010 
Mex 31.4 32.2 13.8 31.1 
Haar 20.7 25.2 4.2 23.2 

 
Revised Phases Events Class S4 (%) 

2007 2008 2009 2010 
Mex 4.7 9.7 7.4 17.2 
Haar 3.5 11 4.2 16.5 

 

Table 6.26: The total improvement, net improvement and the picking quality enhancement for the S1-S4 

Matata events after applying the WST to the OPRZ recordings 

STA Code Wavelet Type 
Total Improvements, S3-4 (%) 

2007 2008 2009 2010 

OPRZ 

Mex 36.1 41.9 21.3 48.3 

Haar 24.2 36.1 8.5 39.7 

 
Net Improvement S3-4-S2 (%) 

2007 2008 2009 2010 
Mex 28.1 20.3 10.6 40.4 

Haar 23.2 32.6 6.4 36.4 

 
Picking Quality Enhancement, PQE (%) 

2007 2008 2009 2010 
Mex 13.4 21.1 10.1 17.1 

Haar 8.2 14.8 14.9 16.5 

 

Table 6.27: Average and median values of the corrections applied to the class S4 onsets and the picking error 

obtained for the class S3 onsets after applying the WST to the OPRZ recordings of chosen Matata events 

STA Code Wavelet Type 
Average Correction ( ∗ )(s) Median Correction ( ∗ )(s) 

2007 2008 2009 2010 2007 2008 2009 2010 

OPRZ 

Mex 2.7 3.4 1.65 0.7 3.17 3.78 0.4 0.1 
Haar 2.6 2.7 2.2 0.74 0.12 3.46 1.6 0.06 

 
Average Error ( ∗ ) (s) Median Error ( ∗ ) (s) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 1.06 0.6 1.14 0.98 0.3 0.18 0.47 0.09 
Haar 0.10 0.08 0.11 0.09 0.05 0.04 0.01 0.04 
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Table 6.28: Average and median values of the worsened picking error obtained for the class S2 onsets and 

percentage of missed onsets after replacement the BWF with the WST for the OPRZ recordings of the chosen 

Matata events 

STA Code 
Wavelet 

Type 

Mean Worsened Picking 
Error in S2 Events ( ) (s) 

Median Worsened Picking 
Error in S2 Events ( ) (s) 

Missed P-onsets in S2 
Events, MS2 (%) 

2007 2008 2009 2010 2007 2008 2009 2010 2007 2008 2009 2010 

OPRZ 
Mex 0.09 0.09 0.5 0.05 0.07 0.08 0.1 0.04 0 0 0 0 
Haar 0.03 0.26 0.05 0.2 0.04 0.04 0.05 0.05 0.35 0 0 0 

 

Table 6.29: Mode of the picking grades when the BWF and WST were applied to the OPRZ recordings of the 

chosen events 

STA Code Wavelet Type 
Mode of the Initial BWF PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

OPRZ 

Mex 4 4 3 1 
Haar 4 4 4 4 

 
Mode of the Improved WST PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

Mex 0 0 0 0 

Haar 0 0 0 0 

 
Mode of the WST PG for S3 Events (0 to 4) 

2007 2008 2009 2010 

Mex 4 4 4 4 
Haar 0 0 0 0 

 

Table 6.30: Master scales for the OPRZ recordings obtained for the chosen Matata events to apply the WST 

 

 

 

 

 

 

 

 

STA Code 
Wavelet 

Type 

Scale ∗
,  (Contribution in Improvement %) 

2007 2008 2009 2010 

 
OPRZ 

Mex 

3 
(59.2%) 

3 
(41%) 

3 
(40%) 

1 
(35.6%) 

2 
(14.6%) 

1 
(32.3%) 

1 
(30 %) 

3 
(23.3%) 

2 
(23.3%) 

Haar 

4 
(38.4%) 3 

(73.2%) 

2 
(37.5%) 

3 
(50%) 

5 
(26.1%) 

3 
(25%) 

4 
(16.7%) 

3 
(23.2%) 

5 
(15%) 

5 
(12.5%) 

1 
(16.7%) 
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Table 6.31: Average and median of the SNR for the OPRZ recordings of the class S1-4 Matata events 

STA Code Wavelet Type 
Average SNR S1 (dB) Median SNR S1 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

OPRZ 

Mex 31.8 28 33.1 27.8 31.4 28.1 33.4 24 
Haar 30.9 28.9 32.1 26.8 29.9 27.8 32.1 23.7 

 
Average SNR S2 (dB) Median SNR S2 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 31.3 34.3 28.5 26.7 30.8 32.4 25.7 27.5 
Haar 31.5 29.6 25.7 16.5 28.2 29.2 25.7 10.1 

 
Average SNR S3 (dB) Median SNR S3 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 29.2 25 24.7 21.7 28.6 25.3 21.6 20.6 
Haar 30.6 26.5 25.5 23.8 29.3 27.5 26.1 20.1 

 
Average SNR S4 (dB) Median SNR S4 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 28 27.4 32.3 22.4 26.8 26.7 22.8 21 

 Haar 29.5 29.1 25.2 21.3 26.7 28.6 21.6 20 
 

 

Table 6.32: Average and median of the Epicentral Distances between the OPRZ station and class S1-4 Matata 

events 

STA Code Wavelet Type 
Average DS1 (km) Median DS1 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 

OPRZ 

Mex 17.9 19.4 12 25.4 17.5 19.6 10.7 28.7 
Haar 18.5 20.5 14.3 25.6 17.8 21.5 11 24.5 

 
Average DS2 (km) Median DS2 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 22.7 22.3 24 31.4 21.9 22 21.4 34.5 
Haar 23.6 23.7 24.3 34.8 22.4 22 24.3 35.5 

 
Average DS3 (km) Median DS3 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 20.2 23.2 23.4 28.1 19.4 23.6 23.2 31.4 
Haar 20.9 23 25.8 29.2 19.9 23.3 24.4 33.3 

 
Average DS4 (km) Median DS4 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 24.8 24.4 24.2 35.1 22.8 24.2 27.4 37 

Haar 26 24.4 30.7 35.7 24.4 28.7 28.7 37.1 

 

 

Table 6.33: The Mexican hat and Haar  in 2007-2010 

STA Wavelet 2007 2008 2009 2010 

OPRZ Mex 6.7 3.3 1.8 1.8 
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6.7.4 Spatial Analysis of the TGRZ Recordings in 2007-2010 

The BWF was replaced by the WST to pre-process a total of 735 waveforms (namely, 435 events 

in 2007, 143 events in 2008, 78 events in 2009 and 79 events in 2010) recorded by the TGRZ 

station (see Table 6.34- Table 6.44containing the QC, SNR and the events parameters). 

The percentage of the revised onsets was reasonably large with values ranging from 19.2%-

40.5% when the BWF was replaced by the WST for the TGRZ during 2007-2010 (see Table 

6.35). The highest revision rates were obtained in 2010 (40.5% and 38% for the Mexican hat and 

Haar WST respectively; Table 6.35). Comparing the parameters of the revised events in 2010 

with those of the revised events in 2007-2009 showed that they had the largest average and 

median distances from the TGRZ station. However, the SNR values corresponding to the revised 

events of 2010 had the highest average and median values compared to those of the revised 

events of 2007-2009 (see Table 6.42 and Table 6.43) which was a result of the largest mean and 

median magnitudes for these events (Table 6.44).  

The BWF replacement also resulted in retrieving outstanding portions of the missed onsets with 

portions from 12.9% to 29.5% (see Table 6.34). The highest retrieval rates were obtained in 2009 

with values of 29.5% and 28.2% for the Mexican hat WST and Haar WST respectively. The 

retrieved events of 2009 had the largest mean and median SNR values compared to those of the 

retrieved events in the other years. The highest SNR for the retrieved events of 2009 can be 

attributed to the smallest mean and median epicentral distances in 2009 compared to those of 

2007, 2008 and 2010 (see Table 6.42 and Table 6.43).  
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Table 6.34: Percentage of the class S1, class S2, class S3 and class S4 events picked from the TGRZ 

recordings of the chosen Matata events after applying the Haar and Mexican hat WST 

STA Code Wavelet Type 
Unchanged Events Class S1 (%) 
2007 2008 2009 2010 

TGRZ 

Mex 44.4 36.4 43.6 29.1 

Haar 56.8 47.5 50 39.2 

 
Worsened Events Class S2 (%) 
2007 2008 2009 2010 

Mex 10.5 12.6 7.7 12.6 
Haar 3.2 5.6 2.6 6.3 

 
Retrieved Phases Events Class S3 (%) 

2007 2008 2009 2010 
Mex 12.9 21 29.5 17.7 
Haar 13.1 21 28.2 16.4 

 
Revised Phases Events Class S4 (%) 

2007 2008 2009 2010 
Mex 32.2 30.1 19.2 40.5 
Haar 26.9 25.9 19.2 38 

 

 

Table 6.35: The total improvement, net improvement and the picking quality enhancement for the S1-S4 

Matata events after applying the WST to the TGRZ recordings 

STA Code Wavelet Type 
Total Improvements, S3-4 (%) 

2007 2008 2009 2010 

TGRZ 

Mex 45 51 48.7 58.2 
Haar 40 46.9 47.4 54.4 

 
Net Improvement S3-4-S2 (%) 

2007 2008 2009 2010 
Mex 34.4 38.5 41 45.5 

Haar 36.7 41.2 44.9 48.1 

 
Picking Quality Enhancement, PQE (%) 

2007 2008 2009 2010 
Mex 9.7 11.9 11.5 15.2 

Haar 15.4 22.4 17.9 30.4 

 

Table 6.36: Average and median values of the corrections applied to the class S4 onsets and the picking error 

obtained for the class S3 onsets after applying the WST to the TGRZ recordings of chosen Matata events 

STA Code Wavelet Type 
Average Correction ( ∗ )(s) Median Correction ( ∗ )(s) 

2007 2008 2009 2010 2007 2008 2009 2010 

TGRZ 

Mex 0.21 0.18 0.09 0.1 0.06 0.07 0.05 0.075 
Haar 0.31 0.18 0.1 0.16 0.06 0.06 0.05 0.08 

 
Average Error ( ∗ ) (s) Median Error ( ∗ ) (s) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 0.16 0.1 0.1 0.12 0.03 0.65 0.05 0.08 
Haar 0.25 0.08 0.04 1.1 0.04 0.06 0.01 0.02 
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Table 6.37: Average and median values of the worsened picking error obtained for the class S2 onsets and 

percentage of missed onsets after replacement the BWF with the WST for the TGRZ recordings of the chosen 

Matata events 

STA Code 
Wavelet 

Type 

Mean Worsened Picking 
Error in S2 Events ( ) (s) 

Median Worsened Picking 
Error in S2 Events ( ) (s) 

Missed P-onsets in S2 
Events, MS2 (%) 

2007 2008 2009 2010 2007 2008 2009 2010 2007 2008 2009 2010 

TGRZ 
Mex 0.04 0.04 0.03 0.05 0.04 0.04 0.04 0.04 0 0 0 0 
Haar 0.08 0.045 0.21 0.06 0.075 0.04 0.21 0.08 0 0 0 0 

 

 

Table 6.38: Mode of the picking grades when the BWF and WST were applied to the TGRZ recordings of the 

chosen events 

STA Code Wavelet Type 
Mode of the Initial BWF PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

TGRZ 

Mex 1 1 1 1 
Haar 1 1 1 1 

 
Mode of the Improved WST PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

Mex 0 0 0 0 

Haar 0 0 0 0 

 
Mode of the WST PG for S3 Events (0 to 4) 

2007 2008 2009 2010 

Mex 0 0 0 1 
Haar 0 0 0 0 
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Table 6.39: The SNR threshold levels estimated for the events of 2007-2010 

SNR Threshold levels - Haar WST in 2007 SNR Threshold levels-Mex WST in 2007 SNR Threshold levels - WST in 2007 
Median of SNR S3= 4.1 dB Median of SNR S3= 4.0 dB SNR_TH1 min ( 4.1 dB,4 dB)=4 dB 

Median of SNR S4= 15.3 dB Median of SNR S4= 14.8 dB SNR_TH2 min (15.3dB, 14.8 dB)= 14.8 dB 
Median of SNR S1= 20.5 dB Median of SNR S1= 20.2 dB SNR_TH3  max (20.5 dB, 20.2 dB)= 20.5 dB 
Median of SNR S2= 8.8 dB Median of SNR S2= 29.3 dB  

SNR Threshold levels -Haar WST in 2008 SNR Threshold levels -Mex WST in 2008 SNR Threshold levels - WST in 2008

Median of SNR S3= 5.9 dB Median of SNR S3= 4.8 dB SNR_TH1 min (5.9dB, 4.8 dB)= 4.8dB 

Median of SNR S4= 15.6 dB Median of SNR S4= 12.8 dB SNR_TH2 min (15.6dB, 12.8 dB)= 12.8 dB 

Median of SNR S1= 16.7 dB Median of SNR S1= 16.2 dB SNR_TH3  max (16.7 dB, 16.2 dB)= 16.7 dB 

Median of SNR S2=11.3 dB Median of SNR S2= 17.7 dB  
SNR Threshold levels - Haar WST in 2009 SNR Threshold levels -Mex WST in 2009 SNR Threshold levels - WST in 2009

Median of SNR S3= 9.8 dB Median of SNR S3= 10.9 dB SNR_TH1 min (9.8 dB, 10.9 dB)= 9.8 dB 

Median of SNR S4= 13.9 dB Median of SNR S4= 11.9 dB SNR_TH2 min (13.9 dB, 11.9 dB)= 11.9 dB 

Median of SNR S1= 17.5 dB Median of SNR S1= 18.1 dB SNR_TH3  max (17.5dB, 18.1 dB)= 18.1 dB 

Median of SNR S2= 8.9 dB Median of SNR S2= 19.8 dB  
SNR Threshold levels - Haar WST in 2010 SNR Threshold levels - Mex WST in 2010 SNR Threshold levels - WST in 2010

Median of SNR S3= 3.9 dB Median of SNR S3= 3.4 dB SNR_TH1 min (3.9 dB, 3.4 dB)= 3.4 dB 

Median of SNR S4= 15.9 dB Median of SNR S4= 15.7 dB SNR_TH2 min (15.9 dB, 15.7 dB)= 15.7 dB 

Median of SNR S1= 13.4 dB Median of SNR S1= 12.5 dB SNR_TH3  max (13.4 dB, 12.5 dB)= 13.4 dB 

Median of SNR S2= 8 dB Median of SNR S2= 18.6 dB  

 

Table 6.40: Updated  the events classes, total and net improvements and picking error using the Haar WST for the TGRZ recordings of 2010. 

Year/Wavelet 
Actual S1 

(%) 
Actual S2 

(%) 
Actual S3 

(%) 
Actual S4 

(%) 
Actual Total 

Improvement (%) 
Actual Net 

Improvement (%) 
Actual PQE 

(%) 
Actual Average 

∗  (s) 
Actual Median ∗  

(s) 

2010/HAAR 

41.8% 6.3% 13.9% 38% 51.9% 45.6% 32.9% 0.03 s 0.02 s 

∆S1 (%) ∆S2 (%) ∆ S3 (%) ∆S4 (%) 
∆ Total 

Improvement (%)
∆ Net 

Improvement (%) 
∆ PQE (%) ∆ Average ∗  (s) ∆ Median ∗  (s) 

+2.6%↑ 0% -2.5%↓ 0% -2.5%↓ -2.5%↓ +2.5%↑ -1.07 s ↓ 0 s 
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Table 6.41: Master scales for the TGRZ recordings obtained for the chosen Matata events to apply the WST 

 

 

 

 

 

 

 

 

Table 6.42: Average and median of the SNR for the TGRZ recordings of the class S1-4 Matata events 

STA Code Wavelet Type 
Average SNR S1 (dB) Median SNR S1 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

TGRZ 

Mex 20.9 18.9 20.9 15 20.2 16.2 18.1 12.5 
Haar 22 18.4 20.2 16.5 20.5 16.7 17.5 13.4 

 
Average SNR S2 (dB) Median SNR S2 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 27.1 20.4 21 20.1 29.3 17.7 19.8 18.6 
Haar 10.6 12.6 8.9 7.5 8.8 11.3 8.9 8 

 
Average SNR S3 (dB) Median SNR S3 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 3.8 5.1 15.2 2.6 4.0 4.8 10.9 3.4 
Haar 3.9 5.7 15.3 4.2 4.1 5.9 9.8 3.9 

 
Average SNR S4 (dB) Median SNR S4 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 15.9 14.5 12.7 18.5 14.8 12.8 11.9 15.7 

 Haar 16.2 16.3 15.8 19.0 15.3 15.6 13.9 15.9 

 

 

 

 

 

 

 

STA Code Wavelet Type 
Scale ∗

,  (Contribution in Improvement %) 
2007 2008 2009 2010 

TGRZ 

Mex 

1 
(43.4%) 

0 
(34.2%) 

1 
(44.7%) 

1 
(50%) 

0 
(38.3%) 

1 
(32.3%) 0 

(34.2%) 
2 

(21.7%) 2 
(27.4%) 

Haar 

2 
(32.8%) 2 

(35.8%) 
1 

(43%) 

3 
(32.6%) 

1 
(32.8%) 

2 
(30.2%) 

3 
(18.4%) 

1 
(34.3%) 

2 
(27%) 

1 
(21%) 
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Table 6.43: Average and median of the Epicentral Distances between the TGRZ station and class S1-4 Matata 

events 

STA Code Wavelet Type 
Average DS1 (km) Median DS1 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 

TGRZ 

Mex 46.3 48.2 40.9 51.5 46.7 48.5 37.9 49 
Haar 46.3 47.6 40.4 52.4 46.7 47.9 38 49.7 

 
Average DS2 (km) Median DS2 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 46.2 47.5 39.1 52.2 46.7 48.6 37.4 50.1 
Haar 46.1 48.1 49.2 56 46.4 49.2 49.2 63.3 

 
Average DS3 (km) Median DS3 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 47.5 46.7 38.6 53.7 47.5 48.8 35.7 60.4 
Haar 47.5 46.5 38.8 50.4 47.4 48.8 35.8 49.5 

 
Average DS4 (km) Median DS4 (km) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 47.3 47.1 47.5 56.3 47.2 47.4 48.1 62.5 

Haar 47.5 47.8 46.3 56.7 47.2 47.9 45.5 62.2 

 

Table 6.44: Average and median local magnitudes for the class S1-4 Matata events recorded by the TGRZ 

STA 
Code 

Wavelet Type 
Average MAGS1 (ml) Median MAGS1 (ml) 

2007 2008 2009 2010 2007 2008 2009 2010 

TGRZ 

Mex 2.4 2.4 2.3 2.3 2.3 2.3 2.1 2.1 
Haar 2.4 2.4 2.2 2.4 2.4 2.3 2.1 2.3 

 
Average MAGS2 (ml) Median MAGS2 (ml) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 2.7 2.4 2.1 2.3 2.6 2.3 2.1 2.3 
Haar 2.1 2 1.9 2.1 2. 2. 1.9 2. 

 
Average MAGS3(ml) Median MAGS3 (ml) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 1.9 1.9 2.1 2.3 1.9 1.9 1.9 2.2 
Haar 1.9 1.9 2.1 2.1 1.9 1.9 1.9 2.2 

 
Average MAGS4 (ml) Median MAGS4 (ml) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 2.3 2.2 2.1 2.6 2.2 2.3 2 2.5 

Haar 2.3 2.3 2.2 2.5 2.2 2.3 2.1 2.5 

 

i. The Relationship between the SNR and the P-phase picking performance  

The SNR thresholds for the GeoNet P-phase picker performance were obtained for the TGRZ 

station in 2007-2010 (see Table 6.39). It would be likely to miss P-onsets from waveforms with 

SNR values as large as 4 dB in 2007, 4.8 dB in 2008, 9.8 dB in 2009 and 3.4 dB in 2010 (see 

SNR_TH1 levels in Table 6.39). The largest detection threshold of 9.8 dB in 2009 justifies 

missing a large number of onsets by applying the BWF and the highest rate of onset retrieval 

after the BWF replacement (see Table 6.34). The P-onsets picked from the BWF waveforms 
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with SNR ≥ 11.9 dB would be probably revised when the WST is applied and the P-onsets from 

waveforms with SNR ≥ 22.1 dB would likely remain unchanged after applying the WST for 

2007-2010. The SNR threshold obtained from the waveforms of the revised events (SNR_TH2) 

in 2007-2009 had smaller values compared to the one obtained from the waveforms of the 

unchanged events (the SNR_TH3). Such a relationship confirmed that the P-picker performance 

was improved after the BWF replacement for the waveforms with lower SNR values and 

remained unchanged as the SNR was increased.  

Conversely, in 2010 the SNR_TH2 (15.7dB) was larger than the SNR_TH3 (13.4 dB), i.e. the 

efficiency of the AIC P-picker was not necessarily improved when low SNR waveforms were 

filtered by the WST. As a result it would be likely to have a revised onset rather than an 

unchanged onset for the waveforms with SNR levels higher than the threshold obtained from the 

waveforms of the unchanged events (SNR ≥ SNR_TH3=13.4 dB). The revised events of year 

2010 had a larger median and mean magnitudes compared to the unchanged events of 2010 (see 

Table 6.44). As a result, although the median and mean epicentral distances were larger for the 

revised events compared to those of the unchanged events (see Table 6.43) the mean and median 

SNR values were higher for the waveforms of the revised events. The seismic pulse of larger 

events has lower frequency contents compare to those generated from the smaller events. 

Besides, the path between the event’s focus and the recording station filters the waveforms as it 

travels through the earth layers (Smith and Grandy 1985). Consequently, the time-scale 

properties of the event‘s waveform and coda depend on the magnitude and epicentral distances 

(see Figure 6.17 where the time-scale properties of two TGRZ waveforms recorded for two 

events (Table 6.45) of different sizes were compared).  

 

Table 6.45: Parameters of the events 3309604 and 3404056 recorded by the TGRZ station 

Event ID STA 
Lat. 

(Deg.) 
Lon. 

(Deg.) 
Depth 
(km) 

Mag. 
Origin Time 
YY/mm/dd  
hh:MM:ss 

Distance 
(km) 

Azimut
h (Deg.) 

SNR 
(dB) 

3309604 TGRZ -37.9 176.9 5 3.7 2010/5/19  15:42:21 64.7 283.6 30.1 

3404056 TGRZ -37.8 176.7 5 2.2 2010/11/8  5:43:24 43.1 277.6 11.4 
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Figure 6.17: Comparing the time-scale properties and the efficiency of the Mexican hat WST for the TGRZ 

waveforms for the events 3309604 and 3404056 (Table 6.45): (a) The original recording for the event 3404056, 

(b) the Mexican hat wavelet coefficients on a dyadic lattice and (c) the BWF waveform with the manual and 

automatic P-phase onsets. The WST waveforms on (d) scale 0 and (e) scale 1 with the minimum picking 

errors of 0.02s and -0.02s respectively. (f) The original recording for the event 3309604 (f), (g) the Mexican 

hat wavelet coefficients , (c) the BWF waveform with the manual and automatic P-phase onsets and (d) the 

WST waveform on scales 2 with the minimum picking errors of 0.05s. While the WST for the event 3404056 

did not change the picking performance it improved the accuracy of the picked onset for the event 3309604 

when performed on scale 2. 

 

The TGRZ waveform for the magnitude 2.2 event 3404056 had a smaller SNR value of 11.37 dB 

compared to that of the event 3309604 with larger magnitude of 3.7. Comparing the Mexican hat 

wavelet coefficients of both events showed that smaller event 3404056 had its larger coefficients 
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concentrated in the lower scales (higher frequencies). On the contrary, large coefficients were 

shifted to higher scales (lower frequencies) for the waveform of the larger event 3309604.  

 

 

Figure 6.18: Analysis the GeoNet P-picker’s performance for the BWF and WST waveforms of the events 

3309604 and 3404056: (a) the BWF and WST waveforms for the magnitude-2.2 event 3309604: matching 

WST waveforms were obtained on the scales 0 and 1. (b) The STA/LTA values obtained for the BWF and 

WST waveforms. The detection threshold was exceeded faster and with larger values for the WST 

waveforms. (c) The AIC curves for the WST and the BWF waveforms: The AIC reached the minimum value 

at later with the WST compared to where the minimum was obtained using the BWF. Therefore, despite of 

the early detection the P-onset accuracy remained almost unchanged. (d) The BWF and WST waveforms of 

the magnitude-3.7 event 3404056: the WST waveform on scale 2 yielded the minimum picking error (e) The 

STA/LTA values obtained for the BWF and WST waveforms. Similar to (b) the WST improved the detection 

response. (f) The AIC curves for the WST and the BWF waveforms: unlike (c) the WST resulted in an earlier 

and smaller AIC minimum. Therefore, the WST waveform on scale 2 resulted in a more accurate P-onset. 
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The P-picker’s performance was studied for both events 3309604 and 3404056 as demonstrated 

in Figure 6.18. The STA/LTA (Figure 6.18b and Figure 6.18e) and the AIC values (Figure 6.18c 

and Figure 6.18f) were obtained for the BWF and WST waveforms for each event. From Figure 

6.18b and Figure 6.18e, one can see that the WST improved the STA/LTA properties 

independent of the SNR values of the BWF waveform. However, the overall improvement of the 

GeoNet P-phase picker also depends on the efficiency of the noise and signal’s AR-modeling 

that is determined by the AIC values.  

From Figure 6.18c, it can be seen that the AIC minimum values of the WST waveforms were 

reached later than the AIC minimum of the BWF waveform. Therefore, in spite of the earlier 

STA/LTA detection for the WST waveforms the overdue AIC minimum values resulted in an 

unchanged P-onset. The reason for the deteriorated signal and noise discrimination is the higher 

frequency content of the low SNR waveform from the smaller event 3309604. As a result the 

WST on low scales could emphasize the pre-arrival noise vibrations as well as the seismic arrival 

and makes it difficult to find the exact separation point of the noise and the signal. Conversely, 

for the larger event 3404056 the matching WST was obtained on scale 2 (Figure 6.18d). The 

lower frequency waveform of the event 3404056 was well spotted by the Mexican hat wavelet 

on scale 2. Therefore, earlier STA/LTA detection and the AIC minimum improved the accuracy 

of P-onset when the BWF was replaced.  

 

ii. Deciding on the Preferred Wavelet for the TGRZ station 

The average picking error for the retrieved onsets had a large value of 1.1s in 2010 (see Table 

6.36). Such a large average corresponds to the cases where the retrieved onset needs to be 

reviewed by the expert and therefore, the WST could not improve the picker’s efficiency. In 

order to obtain the actual total and net improvement, the retrieved onsets with large errors were 

considered as unchanged onsets. The updated percentages of the event classes as well as the QC 

parameters for the events of 2010 are given in Table 6.40. 

Although the total improvements achieved by the Mexican WST were higher than those of the 

Haar WST in 2007-2010 with values of 1.3% to 6.3% , the Haar net improvements were slightly 
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bigger than those of the Mexican hat WST in 2007-2009 and almost similar in 2010 (with a 

difference of 0.1%).  

The WST with both wavelets resulted in similar average and median corrections during 2007-

2010 (see Table 6.36). 

The WST with either wavelet did not result in missing any onset that could be picked when the 

BWF was applied to the waveforms (see Table 6.37). The worsened picking errors had small and 

similar the mean and median values for the Mexican hat WST during 2007-2010. The Haar WST 

resulted in worsened picking errors with small and similar mean and median values except for 

year 2009 where the worsened picking error had large mean and median values of 0.21s (see 

Table 6.37).   

The Mexican hat WST waveforms containing the adversely affected onsets had higher median 

SNR levels compared to those containing the unchanged onsets (see Table 6.42). For the P-

onsets that were adversely affected due to earlier picks from the WST waveforms it can be hard 

to determine whether the enlarged picking errors are due to the wavelet’s capability in spotting 

the emergent arrivals or they are solely byproducts of the Mexican hat WST.  

On the other hand, adversely affected events obtained by the Haar WST in 2007, 2008 and 2010 

had the median SNR values between the median SNR of the retrieved and revised events. As the 

median SNR of the adversely affected events was not less than the retrieval SNR threshold, 

applying the WST may adversely affect a P-onset that could be picked by a reasonable accuracy 

when the BWF was used. However, the Haar worsened events in 2009 had the smallest mean and 

median SNR (8.9 dB) compared to those of the other event classes obtained by the Haar WST in 

2009. Having the largest mean and median epicentral distances (see Table 6.43) as well as the 

smallest mean and median magnitudes (see Table 6.44) can justify obtaining the lowest SNR 

levels for the Haar worsened events of 2009. Figure 6.19, demonstrates an example of adversely 

effected onset of the small event 3046015 after the Haar WST to the TGRZ waveform. 

The WST with either wavelet enhanced the picking quality for the revised onsets as well as the 

unchanged onsets by reducing mode of picking grades from 1 to 0 during 2007-2010. However, 

Haar WST constantly resulted in higher percentage of PQE compared to the Mexican hat WST 

(see Table 6.35and Table 6.38). The WST with either wavelet should provide an appropriate 
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filtering alternative for the TGRZ recording. While choosing the Haar WST has resulted in 

slightly higher percentages for the actual net improvement compared to those of the Mexican hat 

WST during 2007-2009, the adverse effect of the Mexican hat WST was smaller and SNR-

related compared to that of the Haar WST. Performing Mexican hat mostly on scale 1 and 0 with 

characteristic frequencies of 12.5Hz and 25Hz respectively had the highest contribution in 

picking performance enhancement at the TGRZ (see Table 6.41).  
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Figure 6.19: Effect of the Haar and Mexican hat WST on the P-onset of the small event 3046015: The event waveform recorded by the TGRZ station 

had a low SNR of 9.5 dB. (a) The Haar WST waveforms on scales 1 and 3 where the picking error was minimized together with the BWF normalized 

waveform. The Haar WST picking error was 0.16s larger than that of the BWF picking error and therefore the P-onset was adversely affected. (b) The 

STA/LTA detector response for the BWF and WST waveforms: STA/LTA reached the detection threshold earlier for the WST waveforms compared to 

the BWF waveform. (c) The AIC curves for the BWF and the WST waveforms. The AIC was minimized earlier for the BWF waveform compared to the 

WST waveforms and therefore, the separation point between the signal and noise was closer to the manually picked P-onset. (d) The Mexican hat WST 

on scale 1 matched the shape of the waveform which improved the STA/LTA response as well as the noise-signal modeling. (e) Similar to the Haar WST 

the STA/LTA reached the detection threshold earlier when BWF was replaced for the Mexican hat WST (f) The AIC curves with the BWF (black) and 

the WST (blue): Matching time and frequency characteristics of the Mexican hat on scale 1 improved the accuracy and quality of the picked onsets. 
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6.7.5 Spatial Analysis of the KARZ Recordings in 2007-2010 

The WST with Haar and Mexican hat wavelets were applied to the KARZ waveforms associated 

with 287, 96, 37 and 56 manually picked onsets in 2007, 2008, 2009 and 2010 respectively (see 

Table 6.46-Table 6.54 for the estimated QC, SNR and events parameters). 

 

Table 6.46: Percentage of the class S1, class S2, class S3 and class S4 events picked from the KARZ 

recordings of the chosen Matata events after applying the Haar and Mexican hat WST 

STA Code Wavelet Type 
Unchanged Events Class S1 (%) 
2007 2008 2009 2010 

KARZ 

Mex 37.3 27.1 24.3 19.6 

Haar 53 43.7 46 23.2 

 
Worsened Events Class S2 (%) 
2007 2008 2009 2010 

Mex 11.5 6.2 16.2 12.5 
Haar 2.4 5.2 2.7 16.1 

 
Retrieved Phases Events Class S3 (%) 

2007 2008 2009 2010 
Mex 17.4 21.9 32.4 12.5 
Haar 16.7 20.9 29.7 12.5 

 
Revised Phases Events Class S4 (%) 

2007 2008 2009 2010 
Mex 33.8 44.8 27 55.3 
Haar 27.9 30.2 21.6 48.2 

 

 

Table 6.47: The total improvement, net improvement and the picking quality enhancement for the S1-S4 

Matata events after applying the WST to the KARZ recordings 

STA Code Wavelet Type 
Total Improvements, S3-4 (%) 

2007 2008 2009 2010 

KARZ 

Mex 51 66.6 59.4 67.8 
Haar 44.4 51 51.3 60.7 

 
Net Improvement S3-4-S2 (%) 

2007 2008 2009 2010 
Mex 39.6 60.4 43.2 55.3 

Haar 42 45.8 48.6 44.6 

 
Picking Quality Enhancement, PQE (%) 

2007 2008 2009 2010 
Mex 16 16.7 18.9 32.1 

Haar 23.3 32.3 32.4 50 
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Table 6.48: Average and median values of the corrections applied to the class S4 onsets and the picking error 

obtained for the class S3 onsets after applying the WST to the KARZ recordings of chosen Matata events 

STA Code Wavelet Type 
Average Correction ( ∗ )(s) Median Correction ( ∗ )(s) 

2007 2008 2009 2010 2007 2008 2009 2010 

KARZ 

Mex 0.26 0.1 0.07 0.7 0.08 0.08 0.07 0.12 
Haar 0.32 0.18 0.15 0.7 0.06 0.07 0.09 0.12 

 
Average Error ( ∗ ) (s) Median Error ( ∗ ) (s) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 0.06 0.12 0.06 0.09 0.03 0.05 0.07 0.09 
Haar 0.1 0.12 0.63 0.07 0.05 0.1 0.14 0.02 

 

 

Table 6.49: Average and median values of the worsened picking error obtained for the class S2 onsets and 

percentage of missed onsets after replacement the BWF with the WST for the KARZ recordings of the chosen 

Matata events 

STA Code 
Wavelet 

Type 

Mean Worsened Picking 
Error in S2 Events ( ) (s) 

Median Worsened Picking 
Error in S2 Events ( ) (s) 

Missed P-onsets in S2 
Events, MS2 (%) 

2007 2008 2009 2010 2007 2008 2009 2010 2007 2008 2009 2010 

KARZ 
Mex 0.06 0.03 0.06 0.06 0.04 0.04 0.05 0.06 0 0 0 0 
Haar 0.05 0.13 0.05 0.1 0.03 0.06 0.05 0.1 0 0 0 0 

 

 

Table 6.50: Mode of the picking grades when the BWF and WST were applied to the KARZ recordings of the 

chosen events 

STA Code Wavelet Type 
Mode of the Initial BWF PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

KARZ 

Mex 4 4 4 4 
Haar 4 4 4 4 

 
Mode of the Improved WST PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

Mex 0 0 1 2 

Haar 0 0 0 0 

 
Mode of the WST PG for S3 Events (0 to 4) 

2007 2008 2009 2010 

Mex 4 4 4 4 
Haar 0 0 0 0 
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Table 6.51: The SNR threshold levels estimated for the chosen Matata events recorded by the KARZ station 

SNR Threshold-Haar WST 2007 SNR Threshold-Mex WST 2007 SNR Threshold-WST 2007 

Median of SNR S3=6.4 dB Median of SNR S3= 6.3 dB SNR_TH1 min (6.3 dB, 6.4 dB) 
=6.3 dB 

SNR Threshold-Haar WST 2008 SNR Threshold-Mex WST 2008 SNR Threshold -WST 2008 

Median of SNR S3=6.3 dB Median of SNR S3=6.3 dB SNR_TH1 6.3 dB 

SNR Threshold-Haar WST 2009 SNR Threshold-Mex WST 2009 SNR Threshold-WST 2009 

Median of SNR S3= 8.4 dB Median of SNR S3=7.9 dB SNR_TH1 min (8.4dB, 7.9 dB) 
= 7.9 dB 

SNR Threshold-Haar WST 2010 SNR Threshold-Mex WST 2010 SNR Threshold-WST 2010 
Median of SNR S3=8.2 dB Median of SNR S3=8.2 dB SNR_TH1 .2 dB 

 

Table 6.52: Master scales for the KARZ recordings obtained for the chosen Matata events to apply the WST 

 

 

 

 

 

 

 

Table 6.53: Average and median of the SNR for the KARZ recordings of the class S1-4 Matata events 

STA Code Wavelet Type 
Average SNR S1 (dB) Median SNR S1 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

KARZ 

Mex 19.9 16.2 18.5 21.8 16.7 15.4 15.8 16.1 
Haar 20.1 16.9 20 18.2 17.7 15.2 16.9 15.9 

 
Average SNR S2 (dB) Median SNR S2 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 23.3 21.1 20.3 19 19.4 18.5 14.7 17.8 
Haar 15.9 11.4 11.8 21.7 13.5 9.2 11.8 17.8 

 
Average SNR S3 (dB) Median SNR S3 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 6.3 6.3 7.9 8.2 7 6.9 8.4 7.8 
Haar 6.4 6.3 8.4 8.2 7 6.9 8.5 7.8 

 
Average SNR S4 (dB) Median SNR S4 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 17.7 15.4 20.1 18.4 15.5 14.5 14.6 17.4 

 Haar 18.1 15.5 17.6 19 15.7 14.8 11.3 18.7 
 

STA Code Wavelet Type 
Scale ∗

,  (Contribution in Improvement %) 
2007 2008 2009 2010 

 
KARZ 

Mex 

1 
(40%) 

1 
(47%) 

1 
(63.6%) 

1 
(39.5%) 

2 
(27.2%) 2 

(26.6%) 
0 

(27.3%) 

3 
(18.4%) 

0 
(26%) 

2 
(18.4%) 

Haar 

2 
(36%) 

2 
(34.7%) 

1 
(36.8%) 

2 
(29.4%) 

3 
(33.6%) 

3 
(26.5%) 

2 
(26.3%) 

1 
(29.4%) 

1 
(12.5%) 

1 
(18.4%) 

3 
(21.1%) 

4 
(20.6%) 
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Table 6.54: Average and median azimuth angles between the KARZ station and class S1-4 Matata events 

STA Code 
Wavelet 

Type 
Average AZS1 (◦) Median AZS1 (◦) 

2007 2008 2009 2010 2007 2008 2009 2010 

KARZ 

Mex 247.7 241.9 239 249 249.1 242.5 238.7 252.9 
Haar 248.1 242.4 238.8 250 247.9 242.5 238.8 251.9 

 
Average AZS2 (◦) Median AZS2 (◦) 

2007 2008 2009 2010 2007 2008 2009 2010
Mex 249.6 242.9 238.9 249.5 251.6 243.2 238.8 251.4 
Haar 248.1 244.6 237.8 246.5 244.2 242.9 237.8 249.6 

 
Average AZS3 (◦) Median AZS3 (◦) 

2007 2008 2009 2010 2007 2008 2009 2010
Mex 246.8 242.8 239.3 245.4 244.3 242.9 239 242.2 
Haar 246.8 242.8 239.4 245.4 244 242.9 239 242.2 

 
Average AZS4 (◦) Median AZS4 (◦) 

2007 2008 2009 2010 2007 2008 2009 2010

Mex 247.7 242.8 239 248.1 246.4 242.1 238.7 251.9 

Haar 247.7 242.4 239.2 248.5 247.2 241.5 238.9 252 

 

 

i. Effect of Radiation Pattern on the P-phase picking performance  

The BWF replacement at the KARZ station resulted in the largest rates of revised onsets (55.3% 

and 48.2% for the Mexican hat and Haar WST respectively; see Table 6.46) with the maximum 

applied corrections in 2010 (average of 0.7s and median of 0.12s for both wavelets, see Table 

6.48). The revised events of 2010 had the highest median SNR values of 17.4 dB and 18.7 dB for 

the Mexican hat and Haar WST respectively. Besides, only in 2010, the revised events had 

higher median SNR than that of the unchanged events (see Table 6.53). Median of azimuth 

angles for the revised events of 2010 was 252◦ which was significantly different from those of 

2007-2009. Despite the high SNRs, the effect of radiation pattern resulted in having emergent P-

arrivals and hence, time differences between the manual and automatic picks (see Table 6.54; 

also see example of Figure 6.10). 



 

265 
 

 

Figure 6.20: Histograms of the (a) SNR and the (b) azimuth angles for the adversely affected onsets using the 

Mexican hat WST in 2007: waveforms with SNR > 20 dB (specified by the black-dashed rectangle in (a)) were 

matched the sources at the azimuth angles between 250◦ and 255◦ (specified by the black sector in (b)). 

 

Effect of radiation pattern was also observed in adversely affected onsets using the Mexican hat 

WST in 2007. The adversely affected waveforms had the largest mean and median SNR values 

of 23.3dB and 19.4dB respectively (see Table 6.53). Studying the histogram of the SNR values 

and the azimuth angles revealed that the waveforms of adversely affected onsets of 2007 with the 

SNRs higher than 20 dB were from the epicenters at the azimuth angles between 250◦ and 255◦ 

(see Figure 6.20). The associated emergent P-onsets were emphasized by the WST and detected 

earlier than the manual picks. Therefore, in spite of the enlarged picking errors, the Mexican hat 

WST had a corrective effect on the aforementioned onsets and the actual portion of the adversely 

affected event would be less than the estimated rate of 11.5% (see Table 6.46). Therefore, the 

actual net improvement obtained for the Mexican hat would be higher than that of the Haar WST 

in 2007. 
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Figure 6.21: Adversely affected onset when the Mexican hat WST applied to the high SNR (24.5dB) 

waveform of event 2731655: The filtered waveform by the (a) Mexican hat wavelet scale thresholding and (b) 

the Butterworth filter: The minimum WST picking error between the automatic and manual picks were 

obtained on scale 1 (0.07s) which was larger than the Butterworth picking error value of 0.02s. (c) The 

original waveform with the marked BWF pick, WST pick and the manual pick. The Mexican hat WST 

uncovered the emergent P-phase and therefore, the P-onset was picked earlier than the manually picked 

onset when the GeoNet P-picker was applied to (a). 

 

Figure 6.21, shows an example of an emergent P-onset recorded by the KARZ station for of the 

event 2731655. The P-onset was classified as an adversely affected S2 onset due to an increased 

picking error after applying the WST (Figure 6.21). In spite of the high SNR of 24.5dB, the 

radiation effect at the KARZ station (at the relative azimuth of 251.6◦) resulted in an emergent P-
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phase arrival. In practice, the accuracy of the P-onset was enhanced after the BWF replacement. 

This was due to the fact that unlike the BWF, the Mexican hat WST on scale 1 discovered the 

emergent P-phase (see Figure 6.21a-b) and thus, the P-phase onset was picked prior to the 

manual pick. Although the corresponding WST picking error (0.07s) was larger than that of the 

BWF (0.02s) the accuracy of the picked onset was enhanced and in fact the WST outperformed 

the BWF and the manual analysis.  

 

ii. The Relationship between the SNR and the P-phase picking performance  

Since the retrieved events had the smallest SNR levels and similar median azimuth angles it was 

possible to obtain the SNR thresholds of the GeoNet P-picker performance at the KARZ station 

in 2007-2010. The BWF could likely result in missing onsets from the waveforms with SNR 

values as large as 6.3 dB in 2007 and 2008 , 7.9 dB in 2009 and 8.9 dB in 2010 (see Table 6.51).  

 

iii. Deciding on the Preferred Wavelet for the KARZ station 

The WST with the Mexican hat resulted in higher total improvement rates compared to those of 

the Haar WST. The total improvement differences ranged from 6.6% to 15.6% during 2007-

2010.The Mexican hat net improvements were higher than those of the Haar WST in 2007 (see 

Section “i. Effect of Radiation Pattern on the P-phase picking performance”), 2008 and 2010 but 

2.4% smaller than that of the Haar WST in 2009 (see Table 6.46 and Table 6.47). Corrections 

applied to the onsets of the S4 events had similar mean and median values using either wavelet 

during 2007-2010 (see Table 6.48).  

The retrieved onsets with both wavelets had small median picking errors during 2007-2010 (see 

Table 6.48).  

The adverse effect of the WST with either wavelet had small average and median values for the 

worsened picking errors (see Table 6.49).  

On the other hand, the portion of enhanced picking quality was 7.3% to 17.9% higher with the 

Haar WST compared to those of the Mexican hat WST during 2007-2010. The retrieved picks 
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using the Haar WST had a good quality with the mode values of zero for the picking grades 

during 2007-2010. Conversely, the Mexican hat WST retrieved the onsets with lower qualities 

and the mode values of 4 for the picking grades in 2007-2010 (see Table 6.47 and Table 6.50). 

Performing the Mexican hat WST on scale 1 constantly had the highest contribution to the 

picking improvements during 2007-2010. However, the master scales 2 and 3 for the Haar WST 

in 2007-2008 were changed to the master scales 1 and 2 in 2009-2010 (see Table 6.52).  

In conclusion, the Mexican hat WST is more likely to provide a superior net improvement with a 

minimal adverse effect but would compromise the picking quality enhancement that can be 

achieved by the Haar WST.  

 

6.7.6 Spatial Analysis of the LIRZ Recordings in 2007-2010 

The WST was applied to the LIRZ waveforms of 497 events in 2007, 122 events in 2008, 56 

events in 2009 and 88 events in 2010 ( see Table 6.55-Table 6.62 for SNR values, QC and event 

parameters). Replacing the BWF with the WST resulted in revising of a minimum of 22.1 % of 

the chosen P-onsets in 2008 and a maximum of 46.6 % in 2010 for the LIRZ recordings of 2007-

2010. The WST led to revision and retrieval of the smallest portion of 49.2% of onsets in 2008 

and the largest portion of 67% in 2010 (see Table 6.56-Table 6.57; also see Figure 6.8d-f and 

Figure 6.9d-f).  

 

i. The Relationship between the SNR and the P-phase picking performance  

The SNR thresholds for the GeoNet P-phase picker performance were obtained for the LIRZ 

station in 2007-2010 (see Table 6.55). Applying the BWF would likely result in missing the P-

phase onsets from waveforms with SNR as large as 10 dB in 2007, 8.3 dB in 2008, 9.3 dB in 

2009 and 8.7 dB in 2010. Obtaining large SNR thresholds for the LIRZ waveforms with the 

missed P-onsets justifies high rates of retrieval (19.3% - 33%) after the BWF replacement.  



 

269 
 

On the other hand, applying the WST would possibly revise the P-onset from the BWF 

waveform with SNR ≥ 16.5 dB. The onsets picked from waveforms with SNR ≥ 22.1 dB would 

probably remain unchanged after applying the WST for 2007-2010. 

The WST resulted in the largest improvement in the picking grade (from 4 to 0) for the revised 

events of 2009 with the lowest median SNR values compared to those of the other years.  

The median values of SNR for revised events in 2007-2010 (see Table 6.62) were compared by 

performing a one-way unbalanced ANOVA. The large P values for the Mexican hat and Haar 

WST suggested that the median SNR value is not significantly different for the years of interest 

(2007-2010). Similar results were obtained when the SNR values of the unchanged events were 

analyzed. Such findings confirm the role of the SNR values of the BWF waveforms in the 

automatic picking enhancement after the BWF replacement. 
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Table 6.55: The SNR threshold levels estimated for the chosen Matata events of 2007-2010 recorded by the LIRZ station 

SNR Threshold levels - Haar WST in 2007 SNR Threshold levels-Mex WST in 2007 SNR Threshold levels - WST in 2007 
Median of SNR S3= 10 dB Median of SNR S3= 10 dB SNR_TH1 10 dB 

Median of SNR S4= 16.6 dB Median of SNR S4= 16.5 dB SNR_TH2 min (16.6 dB, 16.5 dB)= 16.5dB 
Median of SNR S1=18 dB Median of SNR S1= 18.6 dB SNR_TH3  max (18 dB, 18.6 dB)= 18.6 dB 
Median of SNR S2= NA Median of SNR S2= NA  

SNR Threshold levels -Haar WST in 2008 SNR Threshold levels -Mex WST in 2008 SNR Threshold levels - WST in 2008
Median of SNR S3= 8.3 dB Median of SNR S3= 8.3 dB SNR_TH1 8.3 dB 
Median of SNR S4= 16.3 dB Median of SNR S4= 17 dB SNR_TH2 min (17 dB, 16.3 dB)= 16.3dB 
Median of SNR S1= 17.7 dB Median of SNR S1= 15.9 dB SNR_TH3  max (17.7 dB, 15.9 dB)= 17.7dB 
Median of SNR S2= 13 dB Median of SNR S2= 21.2 dB  

SNR Threshold levels - Haar WST in 2009 SNR Threshold levels -Mex WST in 2009 SNR Threshold levels - WST in 2009 
Median of SNR S3= 9.4 Median of SNR S3= 9.3 dB SNR_TH1 min (9.3 dB , 9.4 dB)= 9.3dB 

Median of SNR S4= 13.3 dB Median of SNR S4= 12.4 dB SNR_TH2 min (12.4 dB , 13.3 dB)= 12.4dB 
Median of SNR S1= 17.8 dB Median of SNR S1= 22.1 dB SNR_TH3  max (17.8 dB , 22.1 dB)= 22.1dB 
Median of SNR S2= 15 dB Median of SNR S2= 21 dB  

SNR Threshold levels - Haar WST in 2010 SNR Threshold levels - Mex WST in 2010 SNR Threshold levels - WST in 2010 
Median of SNR S3= 8.7 dB Median of SNR S3= 8.7 dB SNR_TH1 8.7 dB 
Median of SNR S4= 16.1 dB Median of SNR S4= 15.8 dB SNR_TH2 min (16.1 dB , 15.8 dB)= 15.8 dB 

Median of SNR S1= 13.1 dB Median of SNR S1= 15 dB SNR_TH3  max (13.1 dB , 15 dB)= 15 dB 

Median of SNR S2= 13.1 dB Median of SNR S2= 12.8 dB  
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Table 6.56: Percentage of the class S1, class S2, class S3 and class S4 events picked from the LIRZ recordings 

of the chosen Matata events 

STA Code Wavelet Type 
Unchanged Events Class S1 (%) 
2007 2008 2009 2010 

LIRZ 

Mex 25.7 30.3 32.1 17 

Haar 37.4 43.4 35.7 29.5 

 
Worsened Events Class S2 (%) 
2007 2008 2009 2010 

Mex 10.4 14.7 5.3 15.9 
Haar 2.8 7.4 3.61 15.9 

 
Retrieved Phases Events Class S3 (%) 

2007 2008 2009 2010 
Mex 29.6 27 30.3 20.4 
Haar 33 27 32.1 19.3 

 
Revised Phases Events Class S4 (%) 

2007 2008 2009 2010 
Mex 34.4 27.9 32.1 46.6 
Haar 26.8 22.1 28.6 35.2 

 

Table 6.57: The total improvement, net improvement and the picking quality enhancement for the S1-S4 

Matata events after applying the WST to the LIRZ recordings 

STA Code Wavelet Type 
Total Improvements, S3-4 (%) 

2007 2008 2009 2010 

LIRZ 

Mex 64 54.9 62.5 67 
Haar 59.8 49.2 60.7 54.5 

 
Net Improvement S3-4-S2 (%) 

2007 2008 2009 2010 
Mex 53.7 40.2 57.1 51.1 

Haar 56.9 41.8 57.1 38.6 

 
Picking Quality Enhancement, PQE (%) 
2007 2008 2009 2010 

Mex 7.6 9.8 8.9 13.6 

Haar 16.5 24.6 25 39.8 

 

Table 6.58: Average and median values of the corrections applied to the class S4 onsets and the picking error 

obtained for the class S3 onsets after applying the WST to the LIRZ recordings of chosen Matata events 

STA Code Wavelet Type 
Average Correction ( ∗ )(s) Median Correction ( ∗ )(s) 

2007 2008 2009 2010 2007 2008 2009 2010 

LIRZ 

Mex 0.78 0.28 0.4 0.24 0.09 0.1 0.15 0.09 
Haar 0.88 0.27 0.23 0.35 0.1 0.08 0.05 0.13 

 
Average Error ( ∗ ) (s) Median Error ( ∗ ) (s) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 0.32 0.3 0.21 0.42 0.05 0.09 0.09 0.07 
Haar 0.47 0.32 0.35 0.38 0.45 0.08 0.09 0.11 
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Table 6.59: Average and median values of the worsened picking error obtained for the class S2 onsets and 

percentage of missed onsets after replacement the BWF with the WST for the LIRZ recordings of the chosen 

Matata events 

STA Code 
Wavelet 

Type 

Mean Worsened Picking 
Error in S2 Events ( ) (s) 

Median Worsened Picking 
Error in S2 Events ( ) (s) 

Missed P-onsets in S2 
Events, MS2 (%) 

2007 2008 2009 2010 2007 2008 2009 2010 2007 2008 2009 2010 

LIRZ 
Mex 0.06 0.05 0.05 0.2 0.04 0.05 0.05 0.06 0.2 0 0 0 
Haar 0.29 0.13 0.25 0.43 0.06 0.08 0.25 0.13 0.4 0 0 0 

 

Table 6.60: Mode of the picking grades when the BWF and WST were applied to the LIRZ recordings of the 

chosen events 

STA Code Wavelet Type 
Mode of the Initial BWF PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

LIRZ 

Mex 1 1 4 1 
Haar 4 1 4 4 

 
Mode of the Improved WST PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

Mex 0 0 0 0 
Haar 0 0 0 0 

 
Mode of the WST PG for S3 Events (0 to 4) 

2007 2008 2009 2010 

Mex 0 4 4 4 
Haar 0 0 0 0 

 

Table 6.61: Master scales for the LIRZ recordings obtained for the chosen Matata events to apply the WST 

 

 

 

 

 

 

STA Code Wavelet Type 
Scale ∗

,  (Contribution in Improvement %) 
2007 2008 2009 2010 

 
LIRZ 

Mex 

1 
(45.3%) 

1 
(47%) 

1 
(63.6%) 

2 
(44.1%) 

0 
(25.8) 

2 
(28.3%) 

2 
(23 %) 1 

(28.8%) 0 
(23.8%) 

0 
(17.1%) 

Haar 

3 
(28%) 

1 
(35%) 

3 
(41.2%) 

2 
(31.3%) 

2 
(25.7%) 

2 
(23.3%) 

2 
(23.5 %) 

3 
(27.1%) 

1 
(21.9%) 

4 
(16.7%) 

1 
(17.6%) 

4 
(20.8%) 
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Table 6.62: Average and median of the SNR for the LIRZ recordings of the class S1-4 Matata events 

STA Code Wavelet Type 
Average SNR S1 (dB) Median SNR S1 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

LIRZ 

Mex 18.6 15.9 22.1 15 16.6 14.9 16 15.2 
Haar 19.5 19.2 20.8 14.5 18 17.7 17.8 13.7 

 
Average SNR S2 (dB) Median SNR S2 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex NA 23.2 19.7 13.9 NA 21.2 21 12.8 
Haar 12.5 12.4 15 14.5 NA 13 15 13.1 

 
Average SNR S3 (dB) Median SNR S3 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 12.9 8.1 8.7 7.7 10 8.3 9.3 8.7 
Haar 12.8 8.2 9 8 10 8.3 9.4 8.7 

 
Average SNR S4 (dB) Median SNR S4 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 17.8 18.8 14.5 16.2 16.5 17 12.4 15.8 

 Haar 18.3 18.8 16.1 16.4 16.6 16.3 13.3 16.1 

 

ii. Deciding on the Preferred Wavelet for the LIRZ station 

The total improvements by the Mexican hat WST were 4.2%, 5.7%, 1.8%, and 12.5% larger than 

those of the Haar WST in 2007 to 2010 respectively (see Table 6.57). The net improvements 

using either wavelet were similar for 2007-2009 but the Mexican hat net improvement in 2010 

was 12.5% higher than that of the Haar WST.  

The Mexican hat WST resulted in larger corrections in the revised onsets of 2009, although the 

amounts of corrections were similar by either wavelet in the other years. The picking error for 

the retrieved onsets had similar median values using either wavelet (see Table 6.58).  

The picking grades had similar improvements for the revised and unchanged onsets using either 

wavelet (see Table 6.60). However, the Haar WST constantly had higher PQE rates compared to 

the Mexican hat WST (see Table 6.57). The higher PQE can be due to the higher time resolution 

provided by the Haar wavelet compared to that of the Mexican hat wavelet.  

Applying the Mexican hat and Haar WST resulted in only one and two missed onsets in 2007 

respectively and produced no missed picks in the other years (see Table 6.59). Figure 6.22, 

shows the only missed P-phase when the Mexican hat WST was applied to the LIRZ recording 

of the event. The initial picking error had a large value of 3.32s when the BWF was applied 

(Figure 6.22a). Replacing the BWF with the Haar WST on scales 3 ( =9.27 Hz) gave the 

picking error of 3.38 s which was yet larger than the BWF picking error; Figure 6.22b).  
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Figure 6.22: The adverse effect of the WST on P-phase onset of the event 2724269 recorded by LIRZ: (a) The 

BWF waveform with the automatically and manually picked P-onsets. The picking error was 3.32 s. (b) The 

Haar WST resulted in a larger picking error of 3.38 s and therefore the event is considered a class S2. (c) The 

Mexican hat WST removed the noise and retrieved the P-onset where the analyst picked the onset. However, 

the P-onset was missed as the length of the pre-arrival data was not suitable to estimate the LTA for the 

STA/LTA detector associated with the GeoNet picker. 
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The pick was totally missed after applying the Mexican hat WST although the Mexican hat WST 

perfectly recovered the P-phase from the recorded noise. While the edge of the P-phase on the 

Mexican hat WST waveform was enhanced exactly where the onset was picked by the analyst, 

the onset was missed by the detector (Figure 6.22c). The P-onset was manually picked at 6.63s 

but the length of Long Term Average (LTA) window was set to be 7.5s in the detector associated 

with the GeoNet P-picker. Subsequently, the LTA included part of the P-phase coda and 

therefore, the STA/LTA did not reach the preset threshold value of 8 to confirm the occurrence 

of the seismic phase. Lack of enough data points prior to the correct P-phase onset for estimating 

the LTA was most likely related to the GeoNet standalone detector (Rastin, Unsworth et al. 

2010) that separates the event waveform with respect to the event’s start point and passes it to 

the P-phase picker.  

The adversely affected onsets had larger median and mean picking errors with the Haar WST 

compared to the Mexican hat WST. In total, the Mexican hat WST with the master scales 1 and 2 

during 2007-2010 (see Table 6.61) provided a safer preprocessing scheme for the LIRZ 

recordings.  
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6.7.7 Spatial Analysis of the EDRZ Recordings in 2007-2010 

The number of manually picked P-onsets from the EDRZ recording was 6010 in 2007, 237 in 

2008, 59 in 2009 and 111 in 2010 (see Table 6.63-Table 6.70 for the QC and the SNR values). 

Large onset retrieval rates with a minimum of 29.7% in 2010 and a maximum of 50.8% in 2009 

were obtained after the BWF replacement for the chosen EDRZ recordings. Furthermore, large 

corrections were applied to the onsets of 18.6% - 40.1% of the chosen events in 2007-2010 (see 

Table 6.63).  

 

i. The Relationship between the SNR and the P-phase picking performance  

The SNR thresholds obtained from the EDRZ recordings of 2007-2010 showed that applying the 

BWF could possibly lead to miss onsets from the waveforms with SNR values as large as 10.6 

dB in 2007, 8.3 dB in 2008 ,10.9 dB in 2009 and 9dB in 2010 (see Table 6.69). The largest SNR 

threshold for the retrieved events of 2009 (10.9 dB) explains the achieved maximum retrieval 

rate after applying the WST to the associated waveforms. The WST would likely improve the 

onsets from waveforms with SNR ≥ 13.1 dB and would probably leave onsets from the 

waveforms with SNR ≥ 19.2 dB unchanged for 2007-2010. 

The SNR values for unchanged and revised events of 2007-2010 (see Table 6.70) were compared 

by a one-way unbalanced ANOVA. Due to the large P value for the unchanged events with 

either wavelet, the ANOVA failed to reject the null hypothesis of having all the SNR values of 

unchanged events in 2007-2010 drawn from distributions with the same mean. Such results 

suggest that the SNR of the waveforms determined if the WST would change the picking 

performance or not.  

However, performing the ANOVA on SNR values of the revised events showed that at least for 

one of the years the SNR of revised events had a different mean value. Rejection of the mean 

similarity assumption for the revised events implies that there could be other factors rather than 

the SNR of the BWF waveforms to determine if the WST could improve the accuracy of the P-

onsets.  
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Table 6.63: Percentage of the class S1, class S2, class S3 and class S4 events picked from the EDRZ recordings 

of the chosen Matata events after applying the Haar and Mexican hat WST 

STA Code Wavelet Type 
Unchanged Events Class S1 (%) 
2007 2008 2009 2010 

EDRZ 

Mex 23.6 16.9 20.3 17.1 

Haar 30.8 20.2 20.3 23.6 

 
Worsened Events Class S2 (%) 
2007 2008 2009 2010 

Mex 15.1 11 10.2 17.1 
Haar 18 13.5 10.2 20 

 
Retrieved Phases Events Class S3 (%) 

2007 2008 2009 2010 
Mex 31 32.1 45.8 29.7 
Haar 30.2 33.7 50.8 30.9 

 
Revised Phases Events Class S4 (%) 

2007 2008 2009 2010 
Mex 30.3 40.1 23.7 36 
Haar 21 32.5 18.6 25.4 

 

Table 6.64: The total improvement, net improvement and the picking quality enhancement for the S1-S4 

Matata events after applying the WST to the EDRZ recordings 

STA Code Wavelet Type 
Total Improvements, S3-4 (%) 

2007 2008 2009 2010 

EDRZ 

Mex 61.3 72.1 69.5 65.8 
Haar 51.1 66.2 69.5 56.4 

 
Net Improvement S3-4-S2 (%) 

2007 2008 2009 2010 
Mex 46.2 61.2 59.3 48.6 

Haar 33.1 52.7 59.3 36.4 

 
Picking Quality Enhancement, PQE (%) 

2007 2008 2009 2010 
Mex 13.4 21.1 10.1 17.1 

Haar 27.4 39.7 18.6 33.6 

 

Table 6.65: Average and median values of the corrections applied to the class S4 onsets and the picking error 

obtained for the class S3 onsets after applying the WST to the EDRZ recordings of chosen Matata events 

STA Code Wavelet Type 
Average Correction ( ∗ )(s) Median Correction ( ∗ )(s) 

2007 2008 2009 2010 2007 2008 2009 2010 

EDRZ 

Mex 0.74 1.05 2.57 0.94 0.12 0.33 0.4 0.26 
Haar 0.61 0.89 2.44 0.79 0.1 0.44 0.3 0.14 

 
Average Error ( ∗ ) (s) Median Error ( ∗ ) (s) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 0.49 0.5 0.1 0.36 0.07 0.15 0.08 0.12 
Haar 0.63 1.55 0.63 1.53 0.08 0.25 0.12 0.11 
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Table 6.66: Average and median values of the worsened picking error obtained for the class S2 onsets and 

percentage of missed onsets after replacement the BWF with the WST for the EDRZ recordings of the chosen 

Matata events 

STA Code 
Wavelet 

Type 

Mean Worsened Picking 
Error in S2 Events ( ) (s) 

Median Worsened Picking 
Error in S2 Events ( ) (s) 

Missed P-onsets in S2 
Events, MS2 (%) 

2007 2008 2009 2010 2007 2008 2009 2010 2007 2008 2009 2010 

EDRZ 
Mex 0.23 0.13 0.63 0.09 0.07 0.06 0.24 0.08 0.32 0 0 0 
Haar 1.1 0.9 0.4 1.1 0.6 0.6 0.08 0.7 0.16 0 0 0 

 

Table 6.67: Mode of the picking grades when the BWF and WST were applied to the EDRZ recordings of the 

chosen events 

STA Code Wavelet Type 
Mode of the Initial BWF PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 

EDRZ 

Mex 4 4 4 4 
Haar 4 4 4 4 

 
Mode of the Improved WST PG for S1 & S4 Events (0 to 4) 

2007 2008 2009 2010 
Mex 0 0 1 2 
Haar 0 0 0 0 

 
Mode of the WST PG for S3 Events (0 to 4) 

2007 2008 2009 2010 
Mex 4 4 4 4 
Haar 0 0 0 0 

 

Table 6.68: Master scales for the EDRZ recordings obtained for the chosen Matata events to apply the WST 

 

 

 

 

 

 

STA Code Wavelet Type 
Scale ∗

,  (Contribution in Improvement %) 
2007 2008 2009 2010 

 
EDRZ 

Mex 

1 
(37%) 

2 
(41%) 

1 
(39%) 

1 
(42.5%) 

2 
(33.2%) 

1 
(30.4%) 

2 
(29.3%) 2 

(30.1%) 3 
(24.4%) 

Haar 

3 
(32.7%) 

3 
(34.4%) 

3 
(46.3%) 

3 
(43.5%) 

4 
(25%) 

4 
(33.1%) 

5 
(22%) 

4 
(22.6%) 

2 
(20.5%) 

5 
(17.2%) 

4 
(14.6%) 

2 
(17.7%) 
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Table 6.69: The SNR threshold levels estimated for the events of 2007-2010 

SNR Threshold levels - Haar WST in 2007 SNR Threshold levels-Mex WST in 2007 SNR Threshold levels - WST in 2007 
Median of SNR S3= 10.6 dB Median of SNR S3= 10.6 dB SNR_TH1 10.6 dB 
Median of SNR S4= 15.5 dB Median of SNR S4= 15.1dB SNR_TH2 min (15.5 dB, 15.1 dB)= 15.1 dB 
Median of SNR S1= 19.2 dB Median of SNR S1= 15.4dB SNR_TH3  max (15.4dB, 19.2dB)= 19.2dB 
Median of SNR S2= 12 dB Median of SNR S2= 14.1 dB  

SNR Threshold levels -Haar WST in 2008 SNR Threshold levels -Mex WST in 2008 SNR Threshold levels - WST in 2008 

Median of SNR S3=8.3 dB Median of SNR S3=8.6 dB SNR_TH1 min (8.3 dB, 8.6 dB) =8.3 dB 
Median of SNR S4= 13.4 dB Median of SNR S4= 13.3 dB SNR_TH2 min (13.3 dB, 13.4 dB)= 13.3 dB 
Median of SNR S1= 15.9 dB Median of SNR S1= 15.7 dB SNR_TH3  max (15.7 dB, 15.9 dB)= 15.9 dB 
Median of SNR S2= 14.9dB Median of SNR S2= 16.1 dB  

SNR Threshold levels - Haar WST in 2009 SNR Threshold levels -Mex WST in 2009 SNR Threshold levels - WST in 2009
Median of SNR S3= 11.1 dB Median of SNR S3= 10.9 dB SNR_TH1 min (11.1 dB, 10.9 dB)= 10.9 dB 
Median of SNR S4= 13.1 dB Median of SNR S4= 13.1 dB SNR_TH2 13.1 dB 
Median of SNR S1= 15.5 dB Median of SNR S1= 12.3 dB SNR_TH3  max (15.5 dB, 12.3 dB)= 15.5 dB 
Median of SNR S2= 12.1 dB Median of SNR S2= 13.4 dB  

SNR Threshold levels - Haar WST in 2010 SNR Threshold levels - Mex WST in 2010 SNR Threshold levels - WST in 2010
Median of SNR S3= 9.1 dB Median of SNR S3= 9dB SNR_TH1 9 dB 
Median of SNR S4= 13.6 dB Median of SNR S4= 13.7 dB SNR_TH2 min (13.6 dB, 13.7 dB)= 13.6 dB 
Median of SNR S1= 16.2 dB Median of SNR S1= 17.3 dB SNR_TH3  max (16.2 dB, 17.3 dB)= 17.3 dB 
Median of SNR S2= 12 dB Median of SNR S2= 12.5 dB  
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Table 6.70: Average and median of the SNR for the EDRZ recordings of the class S1-4 Matata events 

STA Code Wavelet Type 
Average SNR S1 (dB) Median SNR S1 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

EDRZ 

Mex 18.1 17.5 18.7 16.9 15.4 15.7 12.3 17.3 
Haar 20.8 19.5 19 17.2 19.2 15.9 15.5 16.2 

 
Average SNR S2 (dB) Median SNR S2 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 19 17.8 16 13.9 14.1 16.1 13.4 12.5 
Haar 12.5 14.7 11.7 11.8 12 14.9 12.1 12 

 
Average SNR S3 (dB) Median SNR S3 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 
Mex 13.6 9.4 12 9.9 10.6 8.6 10.9 9 
Haar 13.4 8.6 12.9 10 10.6 8.3 11.1 9.1 

 
Average SNR S4 (dB) Median SNR S4 (dB) 

2007 2008 2009 2010 2007 2008 2009 2010 

Mex 16.2 13.8 13 13.6 15.1 13.3 13.1 13.7 

 Haar 16.9 14.2 13 14.6 15.5 13.4 13.1 13.6 

 

ii. Deciding on the Preferred Wavelet for the EDRZ Station 

The WST resulted in similar improvement rates in 2009 using either wavelet. However, the 

Mexican hat WST had higher net and total improvement rates for the other years compared to 

those obtained by the Haar WST. The largest total and net improvements (71.2% and 62.1% 

respectively) were obtained by applying the Mexican hat WST to the event waveforms of 2008 

(see Table 6.64). 

Retrieved picking errors for the missed onsets had similar median values when either wavelet 

was used for the WST. Besides, the applied corrections using both wavelets were comparable 

during the 2007-2010 (see Table 6.65).  

The picking grade had higher improvement rate using the Haar WST compared to the Mexican 

hat WST. Furthermore, the PQE values were larger for the WST when the Haar WST was used 

(see Table 6.64 and Table 6.67).  

A few onsets were missed after the WST by either wavelet in 2007. However, no onset was 

missed when the WST was used in 2008-2010 (see Table 6.66). Adversely affected onsets had 

larger median and mean picking errors when the Haar WST was used in 2007, 2008 and 2010. 

Only in 2009, median of the adverse picking error with the Mexican hat WST (0.24s) was 0.16s 

larger than that of the Haar WST. The largest median obtained for the adverse picking error 
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using the Mexican hat WST (0.24s) was 0.46s smaller than the maximum median for the adverse 

picking error using the Haar WST (0.7s).  

Overall, the Mexican hat WST with the master scales 1 and 2 (see Table 6.68) should provide a 

superior alternative preprocessing scheme for the EDRZ recordings.  

 

6.8. Assessing the WST Efficiency with the Preferred Wavelets in 2007-2010 

After applying the WST with the preferred wavelets, the temporal variations of the net 

improvement, onset retrieval-revisal and the picking quality enhancement as well as those of the 

associated QC parameters (i.e., median of the corrections, retrieved and worsened picking errors) 

were studied to assess the efficiency of the WST at each station (see Figure 6.5). In this section, 

we present the results of the spatio-temporal analysis.  

 

6.8.1 Spatio-Temporal Net Improvement at the Key Stations 

Replacing the BWF by the WST with the Mexican hat wavelet resulted in the largest net 

improvement of the automatic P-onset picking for the EDRZ and KARZ recordings of 2008 with 

rates of 61.2% and 60.4% respectively and the LIRZ recordings of 2009 with a rate of 57.1%. 

Conversely, the smallest net improvement during 2007-2010 was obtained for the Mexican hat 

WST waveforms of the URZ in 2009 with a rate of 14.1%.  

In order to measure the temporal variation of the net improvement values at each station, the 

difference between the maximum and minimum net improvement rates ∆  in 2007-2010 was 

estimated (see Figure 6.5). The value of ∆  was found to be the smallest for the URZ station 

(∆ 9.5% , and the largest for the OPRZ station (∆ 30% . Obtaining the smallest ∆  

for the URZ recordings confirms that the effect of the event parameters (hypocenters and 

magnitudes) in the net improvement at the URZ station was not as strong as it was for the other 

key stations. This can be related to the borehole installation of the Guralp CMG-3TB at the URZ 

station (Rastin, Unsworth et al. 2012). The borehole installation can filter the ambient noise and 

hence improve the quality of the recorded signals (Romanowicz and Mitchell 1999; Barton 2007; 
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Rastin, Unsworth et al. 2012). In addition, the borehole installation can reduce the surface 

attenuation and distortion of seismic waves (Shearer and Orcutt 1987; Abercrombie 1997; 

Romanowicz and Mitchell 1999). The consistent SNR values obtained for the waveforms of the 

revised events in 2007-2010 confirmed the effective role of the borehole in eliminating the 

surface attenuation and site effects that maintained a stable relationship between the SNR values 

and the effect of WST on the onsets accuracy (see “Section 6.7.2”). In spite of the reduced 

ambient noise, path and site effects at the URZ station, the steady contribution of the Mexican 

hat WST to the accuracy and quality enhancement of the picked onsets indicated the efficiency 

of the alternative filtering scheme.  

 

6.8.2 Spatio-Temporal Onset Retrieval and Picking Error at the Key Stations 

Applying the Mexican hat WST resulted in the largest onset retrieval rate of 45.8% from the 

EDRZ recordings in 2009 compared to those obtained at the other stations with the preferred 

wavelets in 2007-2010. The next largest retrieval rates were obtained for the stations MARZ 

(with Haar), KARZ (with Mexican hat) and LIRZ (with Mexican hat) in 2009 (with values of 

34.4%, 32.4% and 30.3% respectively). The smallest retrieval rate was obtained for the URZ 

recordings of 2009 with a value of 1.2% (see Figure 6.23).  

Moreover, the temporal variance of the onset retrieval was measured by obtaining the difference 

between maximum and minimum retrieval rates ∆  at each station. The parameter ∆  had the 

smallest value at the URZ station ∆ 3.5% 	 and the largest values at the OPRZ and MARZ 

stations (with values of 20.3% and 21% respectively, see Figure 6.23). Having the smallest onset 

retrieval rate and temporal range (∆ ) for the URZ recordings re-confirmed the continual high 

quality of the URZ recordings due to the deep-borehole installation.  
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Figure 6.23: The maximum and minimum onset retrieval rates (denoted by “MAX S3” and “MIN S3” 

respectively) and the corresponding differences (“MAX S3- MIN S3”) as the temporal retrieval ranges ∆  

obtained at the key stations when the WST was applied using the preferred wavelets to the chosen recordings 

of 2007-2010. 

 

On the contrary, obtaining a large temporal retrieval range (∆  for a station of interest suggests 

the temporal dependence of the P-phase picking performance on the WST during 2007-2010. 

Such dependence could be the result of an increase in surface attenuation due to changes of the 

epicentral distances specifically for the paths and sites in the Volcanic Zone with the low seismic 

quality factor Q (Lowrie 2007) (e.g. the KARZ station in 2009 with the largest retrieval rate of 

32.4% for the Mexican hat WST where the retrieved events had the smallest median of distances 

and the highest median of SNRs compared to the retrieved events of the other years). 

Furthermore, the BWF filtering side-effects as well as the picker’s parameters alterations could 

produce a large ∆  (e.g. the station OPRZ, see Figure 6.7).  

In order to measure the onset retrieval’s efficiency, the extremum values of median picking error 

∗  and their corresponding differences (∆ ∗ ) were found at the key stations during 2007-2010. 

The maximum ∗  had the largest values of 0.15s and 0.13s for the URZ and the EDRZ 

recordings respectively. The maximum ∗  had values less than 0.1s (10 samples) at the other 

stations (see Figure 6.24a).  
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Figure 6.24: (a) The maximum and minimum median picking error ∗  indicated as “MAX ERR” and “MIN 

ERR” respectively and (b) the temporal range of ∗  ,	∆ ∗  ,obtained at the key stations after applying the 

WST with the preferred wavelets to the chosen waveforms of 2007-2010. 

 

The parameter ∆ ∗  represents the temporal range of the median picking error at each station. 

The values ∆ ∗  were small ranging from 0.03s to 0.06s for all the stations with the large 

contributions to the retrieved onsets (see Figure 6.24b). Obtaining small temporal variation for 

∗  indicates that the WST with the chosen wavelet at each station can potentially retrieve the 

onsets both accurately and precisely.  

 

6.8.3 Spatio-Temporal Onset Revision and the Median Corrections at the Key stations 

The largest onset revisal rates were obtained for the recordings of stations KARZ and LIRZ in 

2010 with values of 55.5%, 46.6% respectively. Temporal range of onset revision rate, ∆ , was 
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obtained as the difference between the largest and smallest revision rates at each station. The 

largest value for ∆  was obtained for the KARZ station. A large ∆  reflects time-dependent 

efficiency of the WST for the KARZ recordings that can be due to the variation in the path, site 

and radiation effects during 2007-2010. The parameter ∆  had the smallest value at the borehole 

installed URZ station as expected.  

Median of the corrections applied to the revised onsets was also used to measure the efficiency 

of the WST in the P-onset revisal at each station. The largest median correction of 3.46s was 

obtained at the OPRZ station in 2008 when the Haar WST was used. The next largest median 

correction was obtained at the EDRZ station when the Mexican hat WST was applied to the 

chosen recordings of 2009. 

 

6.8.4 Temporal Variations of the Worsened Picking Error at the Key Stations  

In addition to define the net improvement to take the adverse effect of the WST into account, the 

temporal variations of the median worsened picking error  was obtained at each station as the 

difference between the largest and smallest  during 2007-2010 and denoted by ∆ , presents 

the values of ∆  at each of the key station when the WST was performed using preferred 

wavelet. Comparing the ∆  values obtained by both (the preferred and the second) wavelets at 

each station showed that the preferred wavelets with the minimal adverse effect also produced a 

smaller temporal variation for  (see Figure 6.25). Therefore, using the preferred wavelet at 

each station should result in a stable performance for the WST.  

 

Table 6.71: The largest and smallest  and ∆  at each station using the WST with the preferred wavelet 

Station Preferred Wavelet Maximum (s) Minimum (s) ∆ (s) 

URZ Mexican hat 0.04 0.04 0 
LIRZ Mexican hat 0.06 0.04 0.02 
EDRZ Mexican hat 0.24 0.06 0.18 
KARZ Mexican hat 0.06 0.04 0.02 
MARZ Haar 0.43 0.09 0.34 
OPRZ Haar 0.05 0.04 0.01 
TGRZ Mexican hat 0.04 0.04 0 
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Figure 6.25: The values of ∆  obtained at each station for the WST using the preferred and the second 

wavelets in 2007-2010. Parameter ∆  was ∞ at the URZ station with the second wavelet (Haar) as all the 

adversely affected onsets were missed (i.e.  = ∞). Although the ∆  for the preferred Haar wavelet at the 

MARZ station was shown to be larger than the Mexican hat ∆ , the actual Haar ∆  was smaller as unlike 

the Mexican hat WST, the Haar WST at did not produce any missed onsets with  = ∞. 

 

6.8.5 Maximum Picking Quality Enhancement  

In addition to the P-onset accuracy enhancement, the WST improved the picking quality with the 

highest rates at the stations MARZ (32.3%) and KARZ (32.1%) in 2010 and URZ (28.2%) in 

2009 (see Figure 6.26). The picking quality was quantified using the rate at which the minimum 

of the AIC curve was approached. Even for the high-quality recordings of the URZ station the 

superior time-frequency resolution of the WST compared to that of the BWF resulted in an 

improved AR-modeling of the noise and signal. As a result of the improved AR-modeling the 

AIC curves obtained for the WST recordings reached smaller minimum values at higher rates 

compared to those of the BWF recordings.  
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Figure 6.26: The maximum PQE at the key stations using the WST with the preferred wavelet for the chosen 

Matata events 

 

6.9. Representing the WST efficiency at the Key stations in 2007-2010 

In order to outline the efficiency of the WST using the preferred wavelet at each station , 

weighted averages for a set of QC parameters during the period of interest were obtained using 

(6.1). 

	
∗ 	,	

                                (6.1), 

where	 	 denotes the weighted average of the QC parameter of interest specified by  

over T=⋃ ,⋯,  with j as an index corresponding to the year of interest e.g. =2007, 

∗ 	, 	  represents the QC parameter of interest obtained at each station ,⋯,  using 

the preferred wavelet ∗  over the th year and N  is the number of manually processed 

waveforms recorded by each station during the th year. Table 6.72, presents the obtained 	  

values obtained for the total and net improvement, PQE, retrieval and revisal rates at each of the 

key stations in 2007-2010. Number of manual picks and their corresponding percentage with 

respect to the total detections at each station in 2007-2010 are also presented.  
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Table 6.72: Representing the efficiency of WST with the preferred wavelet at each of the key stations by estimating weighted averages 	  obtained for 

the QC parameters during 	. 

STA 
Manual Picks (T) 

#1               % 
Total improvement (T) 

#               %  
Net improvement (T) 

#               % 
	 (T) 

#               % 
 (T) 

#               % 
 (T) 

#               % 

URZ 1012 32.88% 356 35.17% 178 17.58% 266 26.28% 28 2.76% 328 32.41% 
LIRZ 763 37.11% 479 62.77% 393 51.50% 67 8.78% 215 28.17% 264 34.60% 
EDRZ 1017 48.80% 659 64.79% 516 50.73% 157 15.43% 325 31.95% 334 32.84% 
PRZ 1125 38.27% 318 28.26% 294 26.13% 132 11.73% 235 20.88% 83 7.37% 

KARZ 476 28.25% 270 56.72% 219 46.00% 138 29.00% 90 18.90% 180 37.81% 
MARZ 1343 43.46% 479 35.66% 344 25.61% 280 20.84% 307 22.85% 172 12.80% 

TGRZ 735 28.08% 353 48.02% 273 37.14% 80 10.88% 123 16.73% 230 31.29% 

 Total Manual Picks #  
Overall improvement 

#               % 
Total Net improvement 

#               % 
Total PQE  

#               % 
Total S3 

#               % 
Total S4 

#               % 

 6471 2914 45.03% 2217 34.26% 1120 17.30% 1323 20.44% 1591 24.58% 

                                                 
1 “#” shows the number of the waveforms. 



 

289 
 

6.10. Summary 

In this chapter we have examined the efficiency of the automatic P-phase picking using the 

Wavelet Scale Thresholding (WST) over the Butterworth filter (BWF) at the pre-processing 

stage of the GeoNet AR-AIC P-phase picker with the Mexican hat and Haar wavelets. This was 

performed with a total of 3312 chosen earthquakes near the Matata region of New Zealand 

including 1749 events in 2007, 811 events in 2008, 324 events in 2009 and 428 events in 2010 

(see Figure 6.1c-f ). The chosen events were detected from 17549 waveforms recorded by the 

key stations. The key stations had the largest total Normalized Detection Numbers (NDN), i.e. 

the highest probability of providing data records for the detected waveforms in 2007-2010 (see 

Table 6.2). The WST was applied to a total number of 6471 waveforms with manually retrieved 

or revised P-onsets. The WST waveforms were passed through the GeoNet P-phase picker and 

the percentages of the unchanged (S1), adversely affected (S2), retrieved (S3), and revised (S4) 

events were obtained.  

A set of Quality Control (QC) parameters (see Section “6.4.1 Quality Control Parameters ") were 

estimated for both Mexican hat and Haar WST to select the preferable wavelet and scales at each 

station as summarized below.  

 

6.10.1 Preferred Wavelets for the Matata Key Stations 

A set of QC parameters including rates of the total (actual) and net improvements, Picking 

Quality Enhancement (PQE), corrections, retrieved and worsened picking errors were used to 

measure the WST efficiency. Comparison between the estimated QC parameters for both 

wavelets using the spatial analysis given in Figure 6.5 indicated that the Mexican hat WST 

should provide a better filtering scheme on scale 1 for the URZ recordings and on scales 1 and 2 

for the LIRZ and EDRZ recordings. The Mexican hat WST for the stations KARZ (on scale 1) 

and TGRZ (on scales 0 and 1) was preferred as it produced a smaller adverse effect compared to 

that of the Haar WST in both stations. Furthermore, the Mexican hat WST yielded higher rates 

for the net improvement compared to those obtained by the Haar WST at the KARZ station. For 

the MARZ recordings of 2007-2010 the Haar WST on scales 3 and 4 outperformed the Mexican 
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hat WST. The BWF replacement at the OPRZ station with the Haar WST on scale 3 provided a 

larger net portion of accurately picked P-onsets compared to that of the Mexican hat WST in 

2008. However, comparing the QC parameters using either wavelet for the other years showed 

that the Haar WST was compromised on the net improvement and corrections while it produced 

picking errors with smaller median values for the retrieved onsets compared to those obtained by 

the Mexican hat WST. Significant portions of the retrieved onsets in the total improvement at the 

OPRZ station during 2007-2010 (see Table 6.33) can justify using the Haar WST over the 

Mexican hat WST as an alternative filtering scheme.  

 

6.10.2 Spatio-Temporal SNR Threshold Levels at the Key Stations 

While applying the BWF could result in missing the P-onsets from the MARZ waveforms with 

SNR values larger than 20 dB (2007-2009) and from the EDRZ and LIRZ waveforms with SNR 

values of 10.9 (2009) dB and 10 dB (2007) respectively, the WST could potentially retrieve the 

P-onset from the URZ waveforms with the smallest SNR of 2.7 dB in 2010. 

The smallest and the largest revised SNR thresholds (i.e. the SNR level to have a revised onset) 

were 11.9 dB for the TGRZ and 16.5 dB for the LIRZ recordings respectively. 

The smallest and the largest unchanged SNR thresholds (i.e. the SNR level to have an unchanged 

onset with either BWF or WST) were 19.2 dB for the EDRZ and 23.1 dB for the URZ recordings 

respectively.  

A one-way analysis of variance (ANOVA) was performed in order to study the potential 

relationship between the SNR values of the BWF waveforms and the picker’s performance for 

the WST waveforms. The ANOVA results for the URZ and LIRZ recordings did not reject the 

assumption of having distributions with similar medians for the SNR values of the revised events 

in 2007-2010. Therefore, the SNR values should determine if the WST improves the accuracy of 

the P-phase onsets. Similar ANOVA results were obtained for the SNR values of the EDRZ 

unchanged events.  

At the KARZ station the effect of radiation pattern made it difficult to find a straightforward 

relationship between the SNR values of the BWF waveforms and the effect of WST on the P-
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phase onsets (see Figure 6.10). The SNR values of the OPRZ recordings did not dominate the 

effect of the WST on the picker’s performance as they were sufficiently high due to the shorter 

epicentral distances. It was found that the picking performance was mainly limited by the BWF 

side effects and the parameters of the picker’s internal detector (See example of Figure 6.7).  

At the TGRZ station, the ideal reverse relationship between the SNR levels of the TGRZ 

waveforms and the picking enhancement with the WST in 2007- 2009 was presented, i.e. the 

WST waveforms with low SNRs (that were yet higher than the obtained threshold for the 

STA/LTA detector) would enhance the accuracy of the BWF onsets and as the SNR increased to 

certain threshold levels the picking performance would remain unchanged. However, it was not 

possible to generalize the relationship between the SNR levels of the BWF waveforms and the 

WST effect on the P-picker’s performance since the picker performance for the TGRZ 

recordings of 2010 was not necessarily remained unchanged for the high SNR waveforms. 

Finally, the SNR study at the MARZ station did not confirm any relationship between having 

high SNR values after the BWF and detectability of the corresponding STA/LTA values by the 

GeoNet picker.  

 

6.11. Spatio-Temporal QC Representatives  

Spatio-temporal QC representatives were obtained as weighted averages of the QC parameters 

during the period of interest at each station with the preferred wavelet. Using these QC 

representatives, the Spatial-Temporal wavelet study at each station is summarized below. 

 

6.11.1 Station EDRZ  

The station EDRZ had the highest percentage of the manual picks with respect to the total 

detection number in 2007-2010 (48.8%, see Table 6.72). Obtaining the largest average rates of 

onset retrieval and total improvement (31.95% and 64.8% respectively, see Table 6.72) at the 

EDRZ station using the Mexican hat WST with the master scales 1 and 2 assured the 

effectiveness of the alternative filtering in the automatic picking enhancement for the recordings 

of this station.  
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6.11.2 Station LIRZ 

The LIRZ station had similar waveform contribution as that of the EDRZ station but a less rate 

of manually picked onsets in 2007-2010. The efficiency of the Mexican hat WST on the master 

scales 1 and 2 for the LIRZ recordings was represented by average total and net improvements of 

62.77% and 51.5% respectively (see Table 6.72). The	 	  values for the LIRZ and EDRZ 

stations were comparable with 3.8 % smaller average retrieval rate and 1.8% enhanced revisal 

rate for the LIRZ compared to those at the EDRZ station. The WST performance was SNR 

dependent as verified by the ANOVA. Therefore, the effect of source, path and site as well as the 

ambient noise and installation quality mainly determine the WST efficiency in the automatic 

onset picking enhancement. 

 

6.11.3 Station MARZ 

For the chosen Matata events the largest rate of the contributed waveforms was recorded by the 

MARZ station (93.3%). Moreover, the MARZ manually processed waveforms had the second 

largest rate of 43.5% after that of the EDRZ station. Therefore, the MARZ net improvement has 

a significant role in automatic phase picking efficiency. Applying the Haar WST to the MARZ 

recordings of 2007-2010 on mainly on scales 3 and 4 resulted in an average total improvement of 

35.7%, including an average retrieval rate of 22.9% and an average revision rate of 12.8% (see 

Table 6.72). Undesirably, the average net improvement obtained for the MARZ recording had 

the second lowest rate of 25.6% after that of the URZ station (17.6%).  

Since the STA/LTA properties of the MARZ recordings were independent of SNR values of the 

BWF waveforms, effect of shape and time-scale resolution of the chosen wavelet in the net 

improvement should dominate the effect of the SNR controlling factors such as event sizes and 

distances at this station. Therefore, performing the WST with a different set of wavelets is 

suggested as a remedial future step to enhance the low average net improvement. 
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6.11.4 Station URZ 

The Mexican hat WST at the URZ station was represented by the smallest average retrieval, total 

and net improvement rates (2.8%, 35.2% and 17.6% respectively, see Table 6.72). The smallest 

retrieval rate was a result of high quality recordings due to the deep-borehole installation. The 

URZ station had the second largest waveform contribution for the chosen events (92.9%). 

However the results of ANOVA indicated that, unlike the MARZ station, the efficiency of the 

WST in the P-onsets accuracy enhancement was determined by the SNR values of the URZ 

recordings. Therefore, the effect of SNR governing factors46 such as event size and epicentral 

distances would be dominant in the 	  values.  

 

6.11.5 Station KARZ 

The station KARZ had the lowest rate of contributed waveforms (50.87%) and the second least 

rate of the reviewed onsets (28.3%). The BWF replacement with the Mexican hat WST on the 

master scale 1 resulted in the highest average revision rate of 37.8% and therefore, the third 

largest average total improvement rate of 56.7% in 2007-2010. In addition to the accuracy 

improvement, the largest average picking quality enhancement 	 of 29% was obtained at the 

KARZ in 2007-2010 (see Table 6.72).  

 

6.11.6 Station TGRZ 

The TGRZ station had a fairly large waveform contribution for the chosen events of 2007-2010 

(79%). The GeoNet P-phase picker with the BWF had a reasonable performance for the TGRZ 

recordings as the manually processed waveforms had the smallest rate of 28.1%. Applying the 

Mexican hat WST on the master scales 1 and 0 resulted in the automatic picking improvement 

represented by an average total improvement of 48% in 2007-2010. The improvement was 

                                                 
46 The effect of ambient noise as an SNR control factor is reduced due to the deep borehole installation of the 

URZ’s broadband sensor.  
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mainly due to the average onset revision with a rate of 31.3% in 2007-2010. The WST with 

either wavelet was shown to improve the STA/LTA regardless of the SNR values after the BWF. 

The choice of the wavelet was found to affect the quality of the noise-signal modeling. 

Therefore, applying other wavelets of different shapes and time-scale characteristics may 

increase the values obtained for 	  using the Mexican hat wavelet.  

 

6.11.7 Station OPRZ 

The OPRZ station contributed waveforms for 88.7% of the chosen events in 2007-2010. A 

portion of 38.3% of the waveforms was manually reviewed. Applying the Haar WST had the 

smallest adverse effect on the onsets recorded by the OPRZ station and therefore the difference 

between average net and total improvements in 2007-2010 was trivial (2.1%, see Table 6.72). 

However, the average total improvement 3 4	  had the smallest rate of 28.26% when the 

Haar WST applied to the OPRZ recording of 2007-2010. The average total improvement was 

mainly based on the WST capability in retrieving the missed onsets from the high SNR OPRZ 

recordings represented by a reasonable rate of 20.8%. This confirms the efficiency of the Haar 

WST at the pre-processing stage without the side-effects of the BWF that were the main cause of 

the automatic phase picking failure. The retrieval rate may also be further improved by changing 

the detector’s settings. The average onset revision rate at the OPRZ station was represented by 

the smallest value of 7.4%. Neither the STA/LTA detection nor the AR-modeling quality was 

significantly improved by applying the WST with the Haar wavelet to the high SNR OPRZ 

recordings. Consequently, large portions of the OPRZ onsets remained unchanged in 2007-2010. 

While there is no need to enhance the SNR values of the OPRZ recordings, the effect of the other 

wavelets could be investigated as to enhance the OPRZ average total improvement.  

 

To sum up, studying the effect of the WST on the automatic picking performance using the 

chosen Matata waveforms of 2007-2010 indicated that having a set of suitable mother wavelets 

and scales selected, the WST would enable the accurate and reliable retrieval and revision of the 

P-phase onsets of the small and shallow Matata earthquakes with VZ epicenters and paths. Using 
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the BWF at the pre-processing stage prior to the AR-AIC P-phase picker resulted in missed or 

inaccurately picked P-onsets from 6471 waveforms (36.9% of the total) detected from the key 

stations recordings for the chosen Matata events in 2007-2010. Replacing the BWF by the WST 

with the preferred wavelet at each station resulted in an overall onset improvement for 45% of 

the waveforms (2914 waveforms) including a total retrieval rate of 20.4% and revisal rate of 

24.6% in 2007-2010. Furthermore, regardless of the accuracy enhancement, the quality of 17.3% 

of the picked onsets was improved due to the BWF replacement.  

The WST outperformed the BWF because its superior time-frequency localization compared to 

that of the BWF enhanced the STA/LTA properties (the initial detected onset) and/or the AR 

modeling quality (the final refined onset) at each station without the side effects of the BWF. 

Therefore, the WST efficiency varied from one station to another based on the factors controlling 

the detection and/or AR modeling quality at each site. For the stations URZ, EDRZ and LIRZ 

where the SNR values of the recordings determined the effect of the WST on the onsets, the 

effect of source, path and site as well as the ambient noise and installation quality controlled the 

WST efficiency. 

However, for the stations MARZ and TGRZ, OPRZ and KARZ where the STA/LTA did not 

depend on the SNR, the effect of the chosen wavelet and/or the picker’s preset parameters should 

potentially dominate the effect of the SNR controlling factors.  

Overall, the WST should serve to minimize the side effects of the BWF on the recordings, lower 

the detection’s SNR threshold and increase the contribution of the automatic phase picking to the 

earthquake locator and the official earthquake catalogs. Because replacing the BWF with the 

appropriate WST is a relatively simple change in the real-time processing stream before the 

chosen picker, the research reported in this chapter potentially has wide application in automatic 

earthquake processing in modern systems such as SeisComP3.  
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Chapter 7.Conclusions & Future Research Directions 

7.1. Conclusions 

The purpose of this thesis was to assess and improve the quality/performance of the current 

GeoNet automatic signal processing methods for the New Zealand Seismograph Network 

(NZSN).  

In chapter 1, the fundamentals of seismology and Seismic Data Processing (SDP) at the station 

and network levels were reviewed to understand the NZ seismic activity, causes of NZ 

earthquakes and current GeoNet SDP methods. 

In chapter 2, the Fourier and Wavelet Transforms used in seismic signal processing were 

reviewed. Limitations of the Fourier Transform in dealing with localized feature of a signal and 

the advantages of the Wavelet Transform to perform Multi-resolution Analysis (MRA) for 

seismic signals were explained. 

In chapter 3, stable long-term noise models for the NZ National Seismographic stations of the 

North Island were obtained by applying the PQLX data quality control (DQC) tool to recordings 

of 5 years (2005-2009). The noise model at each station was represented by the mode of the 

probability density function (PDF) for the power spectral density (PSD) values at each period. 

Such an accurate noise baseline provided a reference model that should serve to prioritize the 

network maintenance issues. 

The PDF mode low-noise model (MLNM) for the whole of the North Island was then 

determined from the minimum of all the noise modes at each period. It was found that the noise 

levels around the period of 1.28s in the noise models are 38 to 55 dB higher than that of the 

NLNM for the stations located close to the coastlines. However, at the TOZ, TLZ, MRZ, BKZ, 

MWZ, OUZ, TSZ, URZ, and WCZ stations located further away from the coastlines these 

differences range from 28 to 34 dB.  
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It was shown that the maximum and minimum difference levels between the North Island 

MLNM and the noise mode models and their corresponding periods at each station provided a 

quick assessment tool for the ambient noise sources, vault construction and insulation. 

Studying the daily changes of the noise PDF modes highlighted that the noise power in the 0.1 s-

1 s period interval was higher from 7 a.m. to 8 p.m. NZ local time. It was found that borehole 

installation at the URZ station decreased the maximum variations as it filtered the noise in 

periods longer than 0.17 s- l s. No strong diurnal dependency for the noise at the periods up to 30 

s was observed.  

Study the monthly variations of the noise PDF modes highlighted that cultural noise power levels 

increased from October to May (spring-summer) for the TSZ, TOZ, VRZ, URZ, WAZ, WEL, 

and HIZ stations. Besides, the microseism peak value in the (1-4) s band was observed during the 

southern hemisphere winter. Studying the long-period noise variation (period>35s) suggested 

evaluating installations at the stations KUZ, OUZ, and PUZ.  

Furthermore, it was found that tilt and temperature fluctuations resulted in a difference of 13 to 

33.4 dB between the horizontal and vertical noise models for the surface vault instruments in the 

North Island. 

The results confirmed that the PDF PSD noise model provided a suitable data quality measure 

that serves to evaluate the cultural noise condition and the earthquake detection capability as well 

as the installation design. The results were published in an article in the BSSA (Bulletin of the 

Seismological Society of America)1. 

In chapter 4, performance of the GeoNet P- and S-phase pickers were assessed by comparing 

their outputs to real and synthetic waveforms of the 2008 Matata earthquakes. Noise-free 

synthetic seismograms at 85 hypothetical stations were used to quantify effect of the radiation 

pattern on the pickers’ performance. It was found that the picked S-phase onsets had larger 

deviations from the mean picked compared to those of the P-phase onsets. Besides, deviation of 

the P-phase onsets did not affect the corresponding deviation of the S-phase onset. It was 

                                                 
1 J. Rastin, C. P. Unsworth, K. R. Gledhill, and D. E. McNamara, “A Detailed Noise Characterization and Sensor 
Evaluation of the North Island of NZ Using the PQLX Data Quality Control System”, BSSA, February 2012 , Vol. 
102, No. 1, pp. 98–113; doi:10.1785/0120110064.  
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demonstrated that that the radiation pattern did not result in large picking errors or missed phase 

onsets at the locations of the key stations with the highest number of identified phases for the 

chosen Matata earthquakes.  

The effect of noise on the P- & S -pickers’ performance was then studied at three signal-to-noise 

ratio (SNR) levels of 20, 10, and 3dB. Using the SNR values that take account for the 

background noise, distance and magnitude effects simplified the waveform synthesizing and the 

validation.  

It was found that the P- & S -pickers had a consistent performance at the epicentral distance of 

40 km and azimuth angles 0, 21 and 339 for increasing noise level. These points corresponded 

to 3 sea-based locations. The costs of Ocean Bottom Seismometers (OBS) and the added sea 

noise should be taken into account for validating the hypothesis.  

The simulation results were finally validated by the real waveforms of the 2008 Matata 

earthquakes recorded by the key stations. Spatial and quality criteria were considered to have 

accurately estimated epicenters for the chosen events. The simulation results were 100% 

consistent for the waveforms recorded by the MARZ, OPRZ and LIRZ. However, the considered 

SNR discretization resulted in a lower consistency at the hypothetical equivalent of the TGRZ 

station. Results of this study confirmed that quantifying effects of the radiation pattern and noise 

on the picking performance helps to find the locations where the radiation pattern and noise have 

minor impacts. Furthermore, the results demonstrated that an efficient seismic noise-reduction 

scheme is essential to increase the contribution of the automatic P-phase onsets in the location 

solutions estimated by the GeoNet locator. This study was published in a BSSA article2.  

In chapter 5, it was demonstrated that replacing the conventional Butterworth filtering scheme of 

GeoNet by an appropriate wavelet scale thresholding (WST) scheme has the potential to improve 

the GeoNet P‐phase picker’s performance by up to 70%. The WST efficiency was assessed by 

the key stations’ recordings of the offshore Matata earthquakes in 2008 and was customized for 

each station. Haar and Mexican hat mother wavelets were chosen for the WST based on their 

properties (shape, symmetry, orthogonality and support). The Geonet picker consisting of a 

                                                 
2 S. J. Rastin, C. P. Unsworth, R. Benites and K. R. Gledhill, “Using Real and Synthetic Waveforms of the Matata 
Swarm to Assess the Performance of New Zealand GeoNet Phase Pickers” Bulletin of the Seismological Society of 
America (BSSA), August 2013, Vol. 103, No. 4, pp. 2173-2187; doi: 10.1785/0120120059 
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STA/LTA detector and an AIC based noise-signal modeling was used to quantify the WST 

efficiency. The P-phase picking errors obtained using the BWF and WST were used to define 

four different event classes. (Namely, S1 -unchanged onsets; S2 -adversely affected onsets; S3 -

retrieved and S4 with revised onsets). It was found that Mexican hat WST resulted in the largest 

portion of 70.3% for retrieved and revised P-onsets when applied to the EDRZ recordings. It was 

found that the next largest portion for S3 and S4 events was obtained for the KARZ recording 

(66.7%). For the stations EDRZ and KARZ, the master scales, i.e., the scales with the highest 

contribution in improving the picking error were scales 1 and 2. It was found that Haar WST for 

OPRZ revised and retrieved more than 50% of the onsets with the lowest adverse effect of 2.1%. 

Consistently, Haar WST resulted in remarkable portions of S3 (retrieved) events for TGRZ and 

LIRZ stations (with 25.5% and 20%, respectively). Such results confirmed that pre-processing 

the chosen waveforms with WST was a good alternative to the current Butterworth filtering due 

to its superior frequency localization. Results of this spatial wavelet study were published in a 

BSSA article3.  

In chapter 6, the spatial study for the 2008 Matata events was extended to a “spatio- temporal” 

study using 2007-2010 Matata earthquakes where the automatic P-phase picking showed 

substantial improvement. The chosen events were detected from 17,549 waveforms recorded by 

the key stations. The key stations had the highest probability of providing data records for the 

detected waveforms in 2007-2010. The WST was applied to a total number of 6471 waveforms 

with manually retrieved or revised P-onsets. Seven main Quality Control (QC) parameters were 

derived in order to optimally select either the Mexican hat or the Haar wavelet as the preferred 

wavelet and the master scales at each station. Performing a spatial analysis on the estimated QC 

parameters showed that the Mexican hat WST was preferred for URZ (at scale 1), LIRZ and 

EDRZ (at scales 1 and 2), KARZ (at scale 1) and TGRZ (at scales 0 and 1). On the other hand, 

the Haar WST was the preferred choice for the stations MARZ (scales 3 and 4) and OPRZ (scale 

3).  

                                                 
3 S. J. Rastin, C. P. Unsworth, and K. R. Gledhill, “Applying Haar and Mexican Hat Wavelets to Significantly 
Improve the Performance of the New Zealand GeoNet P‐Phase Picker for the 2008 Matata Region Swarm”, Bulletin 
of the Seismological Society of America (BSSA), April 2014, Vol. 104, No. 3, pp. 1567-1577 ; 
doi:10.1785/0120130120  
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A spatio-temporal study of the SNR threshold levels confirmed that WST could potentially 

retrieve the P-onset from the URZ waveforms with the smallest SNR of 2.7 dB in 2010 and that 

Butterworth filtering (BWF) resulted in missing P-onsets from the MARZ waveforms with SNR 

values larger than 20dB.  

In addition, spatio-temporal QC representatives were obtained as weighted averages of the QC 

parameters during the period of interest at each station with the preferred wavelets. It was found 

that the Mexican hat WST resulted in the largest average total improvement and onset retrieval 

(64.8% and 32%, respectively) for the EDRZ recordings with the highest rate of manually picked 

onsets. The largest average onset revision and picking quality enhancement with the Mexican hat 

WST were obtained at the KARZ station (37.8% and 29%, respectively). However, the Mexican 

hat WST resulted in the smallest average onset retrieval and its associated temporal variation for 

the URZ station that we hypothesise was due to the high quality data recorded by the only deep-

borehole sensor at this station. The efficiency of the Mexican hat WST was represented by 

significant average total and net improvements at the LIRZ station (62.77% and 51.5%, 

respectively) and by average total improvement of 48% at the TGRZ station. 

It was found that the Haar WST retrieved the MARZ missed onsets with a total average rate of 

22.9% which is significant as the MARZ station contributed waveforms for 93.3% of the chosen 

events. In addition, Haar WST had the smallest adverse effect at the OPRZ station. The average 

total improvement of 28.26% was mainly based on retrieving the missed onsets from the high 

SNR recordings.  

Overall, the improved time-frequency localization of the WST resulted in improving a number of 

2914 onsets out of a total number of 6471 onsets (including 1323 retrieved and 1591 revised 

onsets) by enhancing either initial detection capability or noise-signal modeling quality (or both) 

at each station. For the stations URZ, EDRZ and LIRZ where the SNR values of the recordings 

determined the effect of the WST on the onsets, the effect of source, path and site as well as the 

ambient noise and installation quality controlled the WST efficiency. However, for the stations 

MARZ and TGRZ, OPRZ and KARZ where the STA/LTA did not depend on the SNR, the 

effect of the chosen wavelet and/or the picker’s preset parameters should potentially control the 

WST efficiency. 
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7.2. Future Research  

A list of suggestions based on the obtained results in this thesis is now presented.  

1. Obtaining the noise models and the MLNM for NZSN of the South Island: 

Applying the method of Chapter 3 to obtain the mode noise models and the MLNM in the 

South Island is essential to assess the ambient noise, the installation quality and identify 

the instrumentation problems. Comparing the mode noise models and the Brune’s 

spectral model (Brune 1970; Ellen, Fadi et al. 2004; Vassallo, Bobbio et al. 2008) makes 

it possible to evaluate the earthquake detection capability of the NZSN4.  

2. Developing automated Data Quality Control routines using the quality control parameters 

of MUSTANG, the IRIS new DQC system: 

Later in 2015 the NZSN data is sent to the IRIS for the quality measurements using 

MUSTANG and the QC parameters are measured at each station. Studying the 

MUSTANG QC parameters should serve to develop the DQC routines to automatically 

assess the instrument and installation and organize the maintenance tasks for the NZSN. 

Automatic identification of the faulty sensors and removing the unsuitable recordings 

should improve accuracy of the automatically generated earthquake catalogues and 

reduce the time needed for the manual analysis.   

3. Using a set of temporary Ocean Bottom Seismometers (OBSs) to test the high-

performing hypothetical sea-based stations of Figure 4.11:  

As mentioned previously, the cost of OBS and the sea noise are the main concerns for 

validating the hypothesis by measuring the pickers’ performance at hypothetical sea-

based stations. However, installing a set of temporary OBSs provides a cost-effective 

solution to measure the P- & S-pickers’ performance at the hypothetical sea-based 

stations. Furthermore, it would be possible to evaluate the sea-noise by applying the PDF 

PSD method to the recordings of the temporary OBSs and quantify the effect of sea-

                                                 
4 The detection thresholds obtained by means of the noise models can be validated using the detection probability 
estimation method explained by Kværna et al (Kværna and Ringdal 2013). 
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based noise on the detection threshold and to compare the sea-based and in-land detection 

thresholds.  

4. Obtaining a threshold SNR level at the key stations: 

As discussed in chapter 4, the considered SNR discretization using the SNR levels of 20, 10 

and 3 dB for validating the simulations results of the GeoNet pickers’ performance 

assessment may result in low consistency. To prevent this issue, we suggest considering a 

finer SNR discretization and obtaining a threshold SNR level at each station where the 

phases started being unidentified. The threshold SNR level should serve to simplify and 

improve the validation procedure.  

5. Implementing the WST for the GeoNet Rapid picking system: 

The WST can be implemented within the SeisComP3-based GeoNet Rapid picking system. 

The real-time application of the WST on the NZSN waveforms enables to assess and 

improve the WST realization and to establish customized wavelet-based filters to preprocess 

the NZSN recordings. 
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