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Abstract
The Maltese islands, approximately 315 km2 in area with a high population density, face
high levels of water stress due to low amounts of rainfall and a dependence on ground-
water abstraction. Up till now, in-situ borehole readings are the only utilised method
to monitor the quantitative status of groundwater in Malta. This study investigates an
innovative, cost-effective approach to groundwater monitoring in an island environment;
by computing cross-correlations and autocorrelations of ambient seismic noise recorded
by two types of seismic stations in the Maltese islands: six broadband from the Malta
Seismic Network (MSN) and six short-period from the FASTMIT network. Six years
of seismic noise data was utilised from the broadband stations, and a year-long dataset
was available from the short-period stations. Interstation distances in this study ranged
from 3-35 km. The MSNoise program was used for the data management and processing.
Seismic velocity changes (δv/v), which are possibly induced by changes in groundwater
level, were detected using the Moving-Window Cross-Spectral (MWCS) technique. Both
types of stations can provide similar sensitivity to the δv/v when taking into consideration
appropriate filters (0.1-1 Hz and 0.3-3 Hz for the broadband and short-period stations
respectively).

The results demonstrate that seasonal and annual changes in the groundwater levels can
be detected by changes in seismic velocity. The method works for both cross-correlation
(maximum δv/v variation of ∼0.3%) and autocorrelation functions (maximum δv/v vari-
ation of ∼2%) of ambient seismic noise, the latter being an order of magnitude more
sensitive. Seasonal and annual variations of the δv/v from autocorrelations of some sta-
tions were found to be more pronounced than from cross-correlations. Clear seasonal
variations in δv/v were observed as a result of cross-correlations between short-period
stations as well as short-period and broadband stations. The quality of the δv/v deteriorates
at longer interstation distances when seasonal variations in the δv/v are less obvious. Pre-
sumably, this is because longer interstation paths tend to traverse more complex geology,
different types of aquifers, or even the sea.

Generally, the comparison of the δv/v with groundwater level readings from nearby
boreholes show highly encouraging similarities in the seasonal variations, indicating that
δv/v may be used as a proxy for monitoring groundwater levels in the Maltese islands in
regions where borehole measurements are sparse.
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1. Introduction
1.1. The global groundwater crisis
Groundwater accounts for 97% of global liquid freshwater, making it the largest non-frozen
freshwater resource in the world (Elshall et al., 2022). Subsurface water is classified as
groundwater when it fully saturates the pores, cracks and fissures of underground rocks
found below the water table (Giordano et al., 2009). Under ordinary hydraulic gradients,
these permeable and saturated geological formations, or aquifers, can transmit significant
quantities of water vertically downwards, and horizontally (Freeze and Cherry, 1979).
Groundwater is a crucial natural resource that approximately half of the global population
depends on for drinking water (Velis et al., 2017). However, studies have documented
an unsustainable decrease in groundwater resources on the regional scale, such as in the
Euro-Mediterranean region (Xanke and Liesch, 2022), as well as on the global scale
(Famiglietti, 2014; Konikow, 2011; Wada et al., 2010).

The ongoing global population increases and climate change impacts on the hydro-
logical cycle have led to groundwater depletion to become a more significant global issue
(Gude and Maganti, 2021). Furthermore, global water demand is set for a 20-30% increase
by 2050 (Boretti and Rosa, 2019). This increase in water demand has led to land subsidence
and reduced groundwater storage in aquifers globally (e.g., Galloway and Burbey, 2011).
Figure 1.1 shows the extent of the groundwater table decline in centimetres/year according
to a study conducted from 1990–2014 (United Nations (UN), 2021). The most significant
decline has occurred in arid regions such as in Mexico, parts of USA, North Africa, Saudi
Arabia, India, China, and Australia. This corresponds with the sudden intensification of
groundwater abstraction in arid and semi-arid regions during the 20th century (Margat
and Van der Gun, 2013). Unsustainable groundwater abstraction for irrigation purposes
accounts for approximately 70% of the total global freshwater withdrawal (Food and Agri-
cultural Organisation (FAO), 2020), which makes it a major player in global groundwater
table decline.

1.2. Groundwater monitoring
One of the main goals of sustainable groundwater resource management is to locate and
access groundwater while ensuring permanent availability of groundwater resources for

1



1.2. GROUNDWATER MONITORING CHAPTER 1. INTRODUCTION

Figure 1.1.: Global groundwater table decline. The map shows the average from 1990-2014 in
cm/yr (UN, 2021). The highest groundwater table decline, in brown and red, is mainly indicative
of unsustainable groundwater abstraction in the said regions.

an indefinite period (Margat and Van der Gun, 2013; van der Gun, 2021). Therefore,
this relates to the day-to-day operations that aim at locating, quantifying, and controlling
groundwater abstraction (UN, 2022). To do so, groundwater must be monitored for vari-
ations in its hydrogeological characteristics, such as changes in groundwater level at a
detailed spatial and temporal resolution (Asefa et al., 2004).

Groundwater is typically monitored using a piezometer, which is a device that can
measure groundwater level as a function of varying water pressure in underground rock
pores. Piezometric networks, which consist of a number of wells tapping into a groundwa-
ter body, act as essential tools to the monitoring of both the quantitative and qualitative
status of groundwater (Kavusi et al., 2020). Measuring the variations in groundwater level
from wells provides the most direct and accurate measurement of the quantitative status of
the groundwater body (Zhou et al., 2013). These groundwater level variations are specific
to the location of the piezometric wells in the network (Healy and Cook, 2002). However,
a large number of sampling points (piezometric wells) would be required to adequately
monitor the water level changes of a groundwater body (Zhou et al., 2013). This could
incur significant costs to set up and maintain, and require extensive planning to design the
optimal monitoring network (Gemitzi and Lakshmi, 2018; Kavusi et al., 2020).

To conduct effective groundwater monitoring, making use of more than one ground-
water data in tandem can be beneficial. Alternative groundwater monitoring techniques
use the Global Positioning System (GPS, e.g., Bawden et al., 2001; Ji and Herring, 2012;
King et al., 2007), Interferometric Synthetic-Aperture Radar (InSAR, e.g., Chaussard et al.,
2017; Galloway and Hoffmann, 2007; King et al., 2007), and gravity measurements from
satellites such as the Gravity Recovery and Climate Experiment satellite (GRACE, e.g.,
Ramillien et al., 2008; Rodell et al., 2009; Xanke and Liesch, 2022; Xiao et al., 2017).
Using GPS for monitoring surface displacements can measure groundwater changes at

2



1.2. GROUNDWATER MONITORING CHAPTER 1. INTRODUCTION

good temporal resolution, but at a limited spatial resolution (Bawden et al., 2001; Ji and
Herring, 2012; King et al., 2007). On the other hand, surface displacements measured
by InSAR indicate groundwater changes at a high spatial resolution, but weak temporal
resolution (Chaussard et al., 2017; Galloway and Hoffmann, 2007; King et al., 2007).
Utilising the GRACE satellite for obtaining gravity measurements has proven its sensitiv-
ity to changes in water masses at large wavelengths only, but not at the more important
shorter wavelengths that are related to local changes (e.g., Rodell et al., 2009; Xiao et al.,
2017). Another disadvantage of this technique is that the gravity measurements suffer
non-uniqueness between aquifer depths and water mass (e.g., Rodell et al., 2009; Xiao
et al., 2017).

Despite the significant costs involved, groundwater monitoring is important because
it allows for early identification of negative trends, and the introduction of remediation
strategies before the state of the groundwater body deteriorates any further (United Na-
tions, 2022). The use of on-the-ground geophysical techniques to obtain spatio-temporal
groundwater data can be a complementary option to monitoring groundwater via borehole
readings, if the latter are absent in the region in question (Kirsch, 2006).

1.2.1. Quantitative groundwater monitoring in the Maltese islands

Figure 1.2.: A map of the Mediterranean region. The red box indicates the location of the Maltese
islands.

As a result of more frequent drought periods and higher temperatures due to the changing
climate, southern European islands such as Rhodes and Crete are projected to face more
pronounced water supply issues (Sauter et al., 2013). The Maltese islands, an island nation
in the centre of the Mediterranean (Figure 1.2), is deemed as the European country facing

3



1.2. GROUNDWATER MONITORING CHAPTER 1. INTRODUCTION

the highest stress on its water resources (Hallett et al., 2017). Malta has a semi-arid climate
with ≈550 mm of annual rainfall (Hartfiel et al., 2020). The Maltese islands consist of three
main islands; Malta, Gozo, and Comino (see Figure 2.5), and cover a total area of ≈315
km2. In 2018, Malta had a very high population density of 1867 persons/km2 (National
Statistics Office (NSO), 2019a). In the same year, a record 2.6 million tourists visited the
islands before the COVID-19 outbreak (NSO, 2019b). The main population, industrial and
tourism activity take place in Malta. These reasons have led to Malta’s strong dependence
on groundwater abstraction and desalinisation plants (Sapiano, 2020). In 2021, 59% of
the public water supply was produced by desalinisation (WSC, 2021). Moreover, 80% of
the water used in the Maltese agricultural sector is directly abstracted from groundwater
resources (Fenech et al., 2019), via boreholes or underground galleries (Hallett et al., 2017).
The re-use of treated greywater for irrigation purposes has been recently introduced to
alleviate pressures on the groundwater resources (Sapiano, 2022; Sustainable Energy and
Water Conservation Unit (SEWCU), 2015). Sapiano (2020) provides an overview of the
integrated water management approach employed up till now in the Maltese islands to
safeguard water resources in a sustainable manner.

The groundwater monitoring network of the Maltese islands is managed by the Water
Services Corporation (WSC) and the Energy and Water Agency (EWA). The latter records
the groundwater levels from a network of boreholes according to the obligations of the Wa-
ter Framework Directive (WFD) and the Groundwater Directive (GWD). These directives
identify this parameter as the primary metric of quantitative groundwater status (SEWCU,
2015). The first Water Catchment Management Plan (WCMP) (SEWCU, 2011) in Malta
utilised a monitoring network of gauging boreholes and their respective groundwater level
measurements to assess the quantitative status of the mean sea-level aquifer (MSLA)
system (see Section 2.3.2). Manual readings of water level were conducted in some of
these stations since the 1940’s, using dip tape measurements. Since the late 1990s, water
level data was collected every 30 minutes utilising water level shaft encoders fitted with
data loggers (Thalimedes, OTT (2011)), which serve as automated water level monitoring
equipment (SEWCU, 2011). The recorded data was downloaded regularly to eventually
produce water level plots in the temporal scale (SEWCU, 2015). In 2021, the EWA em-
ployed pressure transducers called divers, that can monitor the groundwater’s real-time
quantitative status. These divers measure water level, depth, temperature and electrical
conductivity (vanEssen, 2022). The divers measure total water depth by calculating the
hydrostatic pressure of the water above a pressure sensor diaphragm (vanEssen, 2022).
These instruments can store a maximum of 144000 readings with backup (vanEssen, 2022).
Once these divers are retrieved, data is downloaded and converted from centimetres of
water column (cmH2O) to metres using appropriate equations.
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1.2. GROUNDWATER MONITORING CHAPTER 1. INTRODUCTION

1.2.2. Motivation for the study
In recent years, EWA started to look for innovative, cost-effective ideas to enhance its
groundwater monitoring and management. One approach derives from the cross-correlation
of ambient seismic noise (Campillo, 2006; Shapiro and Campillo, 2004). Such alternative
methods can assess the groundwater over a greater extent and may provide a broader
picture of the subsurface groundwater level and dynamics. This technique detects changes
in the seismic wave speeds that may vary through seasonal water content in rocks. Water-
saturated rocks experience an increase in pore pressure, which in turn leads to the opening
of cracks in the rock (Christensen and Wang, 1985). The cracks reduce the contact area
between different grains of rock leading to a decrease in seismic velocity (Christensen and
Wang, 1985). Thus, variations in the seismic wave speeds reflect changes in the medium
through which the waves are passing such as from changes in groundwater content (e.g.,
Meier et al., 2010; Sens-Schönfelder and Wegler, 2006).

This phenomenon has been observed at different locations such as in the mountain re-
gion of the Himalayas (Illien et al., 2021), San Gabriel Valley Basin, California (Clements
and Denolle, 2018), and the Reykjanes geothermal reservoir in Iceland (Sánchez-Pastor
et al., 2019). Further studies which have been conducted in other regions will be discussed
in the following sections. Malta is different from these locations because it is a small island
with no lakes, rivers, mountain regions, geothermal reservoirs, or watersheds. Moreover,
rainfall is relatively low, and the islands are surrounded by saline water, which to a certain
extent, interacts with the groundwater. Studies are yet to determine whether variations in
groundwater on small islands, particularly in the Mediterranean region, can be detected
through seismic data.

In this study, ambient seismic noise data recorded by the seismic networks on the Mal-
tese Islands are analysed to determine temporal changes in seismic velocity. These changes
were compared to time series of groundwater level measurements from nearby boreholes to
investigate the correlation between them. Effectively, this would mean that the signal pro-
cessing technique used in this study can be utilised in groundwater management together
with conventional borehole readings. While the in-situ borehole readings provide accurate
site-specific data on water levels, the proposed technique would provide a more regional
approach to quantitative groundwater monitoring. Finally, this study may help the relevant
authorities to monitor illegal abstraction of groundwater in the Maltese islands, since sud-
den groundwater level changes may be detected in a specific location over a particular time.

This dissertation is structured in the following manner; a literature review highlighting
similar studies that have been conducted, a description of the data, methodology, and the
different tests that have been carried out, and the analysis of the results followed by a
discussion about the main outcomes of the study.
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2. Literature review
In this chapter, the different types of seismic waves and ambient seismic noise, the cross-
and autocorrelation techniques and how such methods relate to changes in groundwater
levels will be discussed. Additionally, Malta’s geology and hydrogeology will be described.

2.1. Seismic waves
Seismic waves are vibrations that propagate through the ground. These waves typically
originate from earthquakes, volcanic eruptions, or man-made explosions that release elastic
energy throughout the Earth. Earthquake seismology has been one of the most effective
tools in mapping out the Earth’s internal structure and understanding plate tectonics
(Fowler, 2005). Earthquake distribution dictates where the most seismic energy is observed
in the Earth (Khilyuk et al., 2000), whilst seismic wave paths provide an understanding of
the Earth’s interior (Fowler, 2005). Seismic waves travel at different speeds, depending on
the elastic moduli and the density of the rocks through which the elastic waves are passing.
(Fowler, 2005; Stein and Wysession, 2003). The two types of elastic waves are body waves,
which travel through the Earth, and surface waves, which contain the remaining seismic
energy that travels through the surface layers (e.g., Fowler, 2005).

Figure 2.1.: The seismogram of an earthquake that was recorded on one of the seismic stations
of the Maltese islands. (a) The seismogram of a M 6.9 earthquake that occurred 35 km south
of Methóni, Greece. The arrivals of the body waves (P- and S-waves) and the surface waves
are labelled. (b) A zoom-in on the ambient seismic noise recorded by the station before the
earthquake, highlighted by the red box in (a).
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2.1. SEISMIC WAVES CHAPTER 2. LITERATURE REVIEW

The two types of body waves are primary waves (P-waves) and secondary waves
(S-waves) (e.g., Shearer, 2009). P-waves are longitudinal waves, where the particles
propagating along the ray path vibrate in parallel to the direction that the wave is travelling
(Lowrie, 2007; Milsom and Eriksen, 2011). This translates to the compression and rar-
efaction of the medium through which the wave is passing (Fowler, 2005; Shearer, 2009).
Contrastingly, S-waves are transverse waves, where the particle motion is perpendicular to
the direction of propagation (Fowler, 2005). This leads to the shearing or rotation of the
medium through which the wave is passing, but not a change in volume of the medium
(Fowler, 2005). P-waves are the fastest seismic waves, and the first to be recorded by a
seismometer when an earthquake occurs. S-waves travel slower than P-waves, and hence
are picked up by a seismometer at a later arrival time (Lowrie, 2007), as shown in Figure
2.1a.

Surface waves are also split into two types, called Rayleigh waves and Love waves
depending on the particle motion in the wavefront (e.g., Lowrie, 2007). The main dif-
ference between these surface waves is that for laterally homogenous media Rayleigh
waves are radially (vertically) polarised, while Love waves are transversely (horizontally)
polarised (e.g., Shearer, 2009). Due to their polarization, Rayleigh and Love waves are
recorded on the vertical and horizontal components of a seismograph, respectively (Fowler,
2005). Rayleigh waves can occur at any free surface while Love waves are guided by a
low seismic velocity layer overlying a high-velocity medium (e.g., Shearer, 2009). Figure
2.2 shows how Rayleigh waves propagate as a retrograde ellipse in the vertical plane,
meaning that the elliptical motion of the particle is opposite to the direction of propaga-
tion (Fowler, 2005; Telford et al., 1990). Love wave motion is transverse to the propagation.

Figure 2.2.: Seismic surface waves propagation. Rayleigh and Love waves and their respective
particle motions during their propagation (Fowler, 2005).

When compared to body waves, surface waves exhibit larger amplitudes and longer
durations (Fowler, 2005; Shearer, 2009). Surface waves travel at lower velocities, and so
they arrive after P- and S-waves on the seismograph (Fowler, 2005; Shearer, 2009), as
shown in Figure 2.1a.
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2.1.1. Ambient seismic noise
Ambient seismic noise is constituted by a series of random, continuous signals (e.g.,
Bonnefoy-Claudet et al., 2006; Groos, 2010; Yang and Ritzwoller, 2008) in the Earth’s
surface and shallow rock layers. These waves could be caused by both natural and an-
thropogenic sources (Asten, 1978; Asten and Henstridge, 1984; Bonnefoy-Claudet et al.,
2006; Groos, 2010; Gutenberg, 1958). Ambient noise is ever-present and independent
of earthquake sources (Yang and Ritzwoller, 2008). Figure 2.1b shows an example of
ambient seismic noise recorded on the seismometer before an earthquake occurred. Natural
sources of ambient seismic noise are ocean wave action striking the coast, tides, local and
large-scale meteorological conditions (e.g., cyclones over the oceans), air pressure changes,
and turbulent winds that may cause the vibrations of trees and buildings. Anthropogenic
sources include road traffic, industrial machinery, explosions, and underground reservoir
exploitation (Asten, 1978; Asten and Henstridge, 1984; Bonnefoy-Claudet et al., 2006;
Groos, 2010; Gutenberg, 1958).

Urban seismic noise, which varies in the spatial and temporal domain, consists of
anthropogenic time-dependent signals being superimposed with naturally sourced signals
(Groos and Ritter, 2009). Naturally sourced noise (microseisms) exhibits variations depend-
ing on natural phenomena, while anthropogenic or cultural noise (microtremors) varies
according to the hourly, daily, and weekly variations in human activity (Bonnefoy-Claudet
et al., 2006). Seismic stations on islands tend to record significant levels of ambient seismic
noise, particularly noise of marine origin (Hedlin and Orcutt, 1989), such as in case of the
Maltese islands (e.g., Bozionelos et al., 2019; Galea et al., 2021).

Natural sources of ambient noise generally contain seismic waves with a frequency of
less than 1 Hz (Asten, 1978; Gutenberg, 1958). Microseismic noise from ocean gravity
waves (Hasselmann, 1963; Longuet-Higgins, 1950), have been recorded on broadband
stations worldwide in the frequency band of 0.05-0.3 Hz (Davy et al., 2015). Ocean
microseisms are observed at 0.5-1.2 Hz (Asten, 1978; Asten and Henstridge, 1984) and are
split into primary and secondary microseisms. Primary microseisms are represented by a
smaller amplitude hump in the spectrum at 10-20 s period, which peak at around 14 s and
have the same period as ocean swells (Davy et al., 2015; Gualtieri et al., 2013). Primary
microseisms are generated by the interaction of swell waves with the sloping seafloor along
the coast (Davy et al., 2015; Hasselmann, 1963). On the other hand, secondary microseisms
exhibit approximately half the period of ocean waves at around 3-10 s (Davy et al., 2015;
Gerstoft and Tanimoto, 2007). At 7 s, secondary microseisms have the strongest noise
peak when compared to primary microseisms (Gualtieri et al., 2013). Swell waves of
similar periods that are travelling in directions opposite to each other may interfere and
cause second-order pressure fluctuations which induce secondary microseisms (Longuet-
Higgins, 1950). At frequencies between 1 – 5 Hz, noise can be both natural and cultural,
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while at frequencies higher than 5 Hz, noise is of cultural origin (Asten, 1978; Gutenberg,
1958). Generally, 1 Hz is considered as the spectral boundary between natural and cultural
noise (Bonnefoy-Claudet et al., 2006). An exact border frequency that separates the noise
wave field is not possible because this is site specific, depending on the local geological
conditions and the predominant noise sources (Groos, 2010). For example, the ambient
noise field can be dominated by cultural sources at 0.5-1 Hz in a soft subsoil setting (e.g.,
Groos and Ritter, 2009). However, on hard rock settings, anthropogenic signals can only
be observed at frequencies of around 1 Hz or higher (Bonnefoy-Claudet et al., 2006).

2.1.2. Correlation of ambient seismic noise
It has been shown that the cross-correlation function (CCF) between two time series of
random ambient noise recorded from two seismic stations at the same time corresponds to
the Green’s function of the medium between the sensors (Campillo and Paul, 2003; Clarke
et al., 2011; Lobkis and Weaver, 2001; Sabra et al., 2005a; Shapiro et al., 2005; Wapenaar
and Fokkema, 2006; Weaver and Lobkis, 2004). If one of the sensors is considered to be
an impulsive source, the retrieval of the Green’s function between two sensors yields the
impulse response of the Earth recorded at the other sensor (Grobbe et al., 2021). Cross-
correlation of ambient seismic noise is a powerful tool for imaging the Earth’s interior on a
local, regional or global scale (e.g., Agius et al., 2022; Bensen et al., 2007; Lin et al., 2007,
2008; Moschetti et al., 2007; Sabra et al., 2005b; Shapiro et al., 2005; Yang and Ritzwoller,
2008; Yang et al., 2007; Yao et al., 2006). The delay times of the Green’s function may
vary because of either a sudden change in the position of the noise source or scatterers, or
changes in the medium velocity (Lecocq et al., 2014). With this method, real-time data
from seismic stations can be utilised for the continuous monitoring and investigation of
the medium between the sensors (Lecocq et al., 2014). As an example, the noise recorded
by two stations in Gozo, XLND and FM04 (Figure 2.3a), is represented by the 30-minute
time segments shown in blue and red in Figure 2.3b. Performing cross-correlation of these
time series yields the Green’s function or the impulse response. This is represented by the
zoomed CCF in Figure 2.3c. The noise travelling from stations FM04 to XLND produces
a negative time lag, or arrival time, while noise travelling from stations XLND to FM04
produces a positive time lag. Figure 2.3d shows the CCF processing for a whole day. The
grey shading consists of 96 individual grey lines or CCFs on top of eachother. This is
because the daily CCF stack consists of 96 CCFs from 30-minute time windows at a time
step of 15 minutes (see Section 4.6). The black line in Figure 2.3d is the 1-day stack of all
the grey lines.

Another approach is autocorrelation, which is the same as cross-correlation, but the
noise recorded by a single station is correlated with itself (Gubbins, 2004). Thus, the CCF
from an autocorrelation represents the ground below the station.
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Figure 2.3.: Cross-correlation of ambient seismic noise recorded by two stations in Gozo, to
yield a Green’s function. The black and yellow arrows on the map in (a) represent the cultural
and natural noise, respectively. The red oval shape describes the medium being sampled when
cross-correlating noise recorded from stations XLND and FM04. The noise recorded by both
stations is represented by the 30-minute time segments shown in blue and red in (b). Performing
cross-correlation of these time series yields the Green’s function or the impulse response. This is
represented by the zoomed CCF in (c). Figure (d) shows the CCF processing for a whole day.
The grey shading consists of 96 individual grey lines or CCFs on top of eachother. The black line
is the 1-day stack of all the grey lines.
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2.1.3. Analysing changes in seismic velocity over time
The analysis to determine changes in seismic velocity over time entails comparing the
"current" CCF to a reference CCF, where the former represents the situation at a certain
time period and the latter describes an averaged background representation of the medium
being studied (Clarke et al., 2011). Two methods that obtain variations in seismic velocity
from CCFs are Passive Image Interferometry (Sens-Schönfelder and Wegler, 2006; Wegler
et al., 2009) and Moving-Window Cross-Spectral (MWCS) technique (Clarke et al., 2011;
Ratdomopurbo and Poupinet, 1995), which operate in the time and frequency domain
respectively (Clarke et al., 2011). While Wegler et al. (2009) discussed that both domains
have developed popular applications with similar sensitivities, the fact that the MWCS
method operates in the frequency domain acts as an advantage (Clarke et al., 2011). This
is because the coherent signal bandwidth in the CCF can be distinctly interpreted in the
frequency domain (Clarke et al., 2011).

Recently, techniques using ambient seismic noise have demonstrated its applicability
in varying contexts, such as imaging and monitoring of the subsurface. Studies investigat-
ing changes in seismic velocity to analyse the crustal dynamics of the Earth have been
conducted, such as in the context of volcanoes (Duputel et al., 2009; Sens-Schönfelder
and Wegler, 2006), and in response to volcanic eruptions (Brenguier et al., 2014, 2016,
2008b; Rivet et al., 2015), earthquakes (Brenguier et al., 2008a; Taira et al., 2015; Wang
et al., 2017; Wegler et al., 2009; Wegler and Sens-Schönfelder, 2007), ice sheet melts (Mor-
dret et al., 2016), landslides (Larose et al., 2015; Mainsant et al., 2012), and wastewater
injection (Yang et al., 2022). Several factors are known to alter seismic wave speeds at
shallow depths, such as seasonal variations from air temperature changes (Hillers et al.,
2015; Mao et al., 2019; Meier et al., 2010; Tsai, 2011), precipitation (Meier et al., 2010;
Obermann et al., 2014; Sens-Schönfelder and Wegler, 2006; Tsai, 2011; Wang et al., 2017),
and long-term seasonal variations of climatic origin (Lecocq et al., 2017). Essentially,
variations in the speed at which these waves travel are determined by the medium through
which the wave is passing, whose properties may depend on changes in groundwater con-
tent (Sens-Schönfelder and Wegler, 2006; Meier et al., 2010). In fact, changes in seismic
velocity can act as a complementary tool to groundwater level monitoring in medium-sized
aquifers (e.g., Clements and Denolle, 2018).

2.2. Ambient seismic noise for groundwater monitoring
Groundwater is formed by the infiltration of water into aquifers, from either surface water
bodies, precipitation or surface runoff (Giordano et al., 2009). The groundwater table
(labelled as GWT in Figure 2.4), which refers to the depth at which subsurface rocks are
completely saturated with water, acts as a border between the upper vadose (unsaturated)
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zone and lower phreatic (saturated) zone (Hiscock and Bense, 2021). The vadose zone
extends from the soil surface to the water table below (Holden and Fierer, 2005). Although
pores in the vadose zone are filled with both air and water, the water found between soil
particles in the vadose zone is not regarded as groundwater (Giordano et al., 2009).

Figure 2.4.: The vadose and phreatic zones (MIT OpenCourseware, 2021). The groundwater
table (GWT) refers to the depth at which subsurface rocks are completely saturated with water,
and acts as a border between the upper vadose (unsaturated) zone and lower phreatic (saturated)
zone (Hiscock and Bense, 2021). The water found between soil particles in the vadose zone is
not regarded as groundwater since the particles are filled with both water and air (Giordano et al.,
2009).

Seasonal evaporation and precipitation vary the soil moisture in the vadose zone,
while simultaneous groundwater table fluctuations occur because of drainage, abstraction,
and inundation (Fokker et al., 2021). Varying pore pressures at deeper rock layers are a
consequence of these groundwater table fluctuations, where such pressures can be mea-
sured using conventional piezometric wells at a local scale (Fokker et al., 2021). However,
adopting a regional approach on investigating subsurface pore pressure variability can be
achieved with the use of seismic methods (Fokker et al., 2021), which can complement
conventional borehole reading methods.

Computing the cross-correlation of ambient seismic noise recorded by two sensors
may utilise real-time data from seismic stations, which allows for the continuous sampling
and investigation of the medium between the sensors (Lecocq et al., 2014). Changes in
the seismic velocity are indicative of changes in groundwater in underground rocks due
to changes in pore pressure (Grêt et al., 2006). Water saturation in rocks will lead to an
increase in pore pressure (Christensen and Wang, 1985). In turn, this leads to the opening
of cracks in the rock which reduces the contact area between different grains of rock,
leading to a decrease in seismic velocity (Christensen and Wang, 1985).

Analysing the changes in seismic velocity may therefore be plausibly used to monitor
changes in groundwater content. This methodology does not depend on the occurrence of
active seismic sources or earthquake activity to produce results because ambient seismic
noise is continuous and naturally abundant (Clarke et al., 2011; Lecocq et al., 2014).
While wells provide in-situ (or local) groundwater monitoring (Healy and Cook, 2002),
seismic noise presents a volumetric and averaged sampling of the medium through which
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it naturally scatters and is sensitive to hydrogeological changes within the volume. This
allows for a broader representation of the aquifer under investigation when compared to the
localised measurements from wells especially when the aquifer consists of a heterogeneous
permeability structure (Clements and Denolle, 2018).

Numerous studies have tested this technique at different locations such as in the moun-
tain region of the Himalayas (Illien et al., 2021), the Gräfenberg Array, Germany (Lecocq
et al., 2017), the Pont Bourquin landslide in the Swiss Alps (Mainsant et al., 2012), San
Gabriel Valley Basin, California (Clements and Denolle, 2018), the groundwater basins
in California (Mao et al., 2022; Meier et al., 2010), the Gulf Coast Aquifer System of
southern Texas (Kim and Lekic, 2019), the Crépieux-Charmy water exploitation field in
the alluvial plain of the Rhone River, France (Garambois et al., 2019; Voisin et al., 2017),
the Reykjanes Geothermal Reservoir, Iceland (Sánchez-Pastor et al., 2019), Merapi vol-
cano, Indonesia (Sens-Schönfelder and Wegler, 2006, 2011), the volcanic island of O’ahu,
Hawai’i (Grobbe et al., 2021), and across Japan (Wang et al., 2017). Malta is different
from these locations because it is a small island (smaller than Japan and O’ahu, Hawaii)
with no lakes, rivers, mountain regions, geothermal reservoirs, or watersheds. Additionally,
rainfall is relatively low, and the islands are surrounded by saline water, which to a certain
extent, interacts with groundwater. To our knowledge, no similar studies have yet been
conducted on small islands, in particular in the Mediterranean area. In addition, ambient
seismic noise provides a constant and cost-effective source of data that can be continuously
used to monitor groundwater levels in the Maltese islands, and worldwide.

2.3. Geology and Hydrogeology
The geology of the Maltese islands follows a five-layer cake-like sequence, consisting
of the Lower Coralline Limestone (LCL), the oldest formation, followed by Globigerina
Limestone (GL), Blue Clay (BC), Greensand, and the youngest formation Upper Coralline
Limestone (UCL) (Figure 2.5). The LCL is a hard, dense, and semi-crystalline limestone
reaching thicknesses of 140 m in vertical cliffs in south-west Gozo, and 100 m in western
and southern Malta. This is overlain by GL, which outcrops in large areas of southern and
central Malta and Gozo. GL is composed of soft and fine-grained sediment, and reaches
thicknesses of 207 m in southern Malta, and 23 m in southern Gozo.

The next formation in the sequence is BC, consisting of deep-water formations of
marls, clays, and silty sands, in alternating pale grey and dark grey colours. The BC has
been significantly eroded in the south and east of Malta, and thicknesses of approximately
75 m have been recorded in Northern Gozo and the western coast of Malta. Greensand, un-
derlying the following UCL formation, is coarse, thickly bedded, bioclastic limestone rich
in glauconite. Although it is generally observed as a layer that is a few centimetres thick, a
noticeable thickness of approximately 11 m is found in Gozo. The youngest formation, the
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UCL, is like the LCL in terms of the content of coralline algae and colour. The UCL can be
observed as either highly competent, but also at times more fractured. Outcrops of the UCL
occur in all the islands, where they are the most developed in east-central Gozo, at Comino,
and in the west and north of Malta. Comprehensive descriptions on the lithostratigraphical
sequence of the Maltese islands can be found in House (1961), Felix (1973), Pedley et al.
(1978a), Pedley et al. (1978b), Pedley (1987), Alexander (1988), Pedley (1990), Rehfeld
and Janssen (1995), Magri (2006), Baldassini and Di Stefano (2017), and Prampolini et al.
(2018). As can be observed from Figure 2.5, a N-S divide in geological outcrops exists,
distinguished by GL in the south of Malta and the UCL/BC in the west and north of Malta.

Figure 2.5.: Geological outcrop map of the Maltese islands. The top right diagram shows the
colour-coded sequence of geological layers found in the Maltese islands, ranging from the oldest
formation of Lower Coralline Limestone (LCL) to the youngest formation of Upper Coralline
Limestone (UCL) (Continental Shelf Department, 2022).

Groundwater resources in the Maltese islands are of two typologies: the perched
aquifer and the mean sea-level aquifer (MSLA) (Newbery, 1968; Alexander, 1988; Food
and Agricultural Organisation, 2006; Buhagiar, 2007; Sapiano et al., 2008; National Audit
Office, 2012; Sapiano, 2020). The map in Figure 2.6 shows the extent of the two aquifer
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types in the Maltese islands (provided by EWA). The perched aquifer (in orange) occurs
where the BC formation is present in the rock strata, which coincides with where UCL can
be observed in the geological outcrop map in Figure 2.5. The MSLA (in green) is evident
almost throughout the whole extent of the islands.

Figure 2.6.: The extent of the two main aquifer typologies in the Maltese islands; the perched
aquifer in orange and the mean sea-level aquifer (MSLA) in green. The MSLA is evident
throughout the islands. The perched aquifer occurs where the Blue Clay (BC) formation is
present in the rock strata, which coincides with where UCL can be observed in the geological
outcrop map in Figure 2.5.

2.3.1. The perched aquifer
The BC formation acts as an aquitard/aquiclude between the geological strata in the north
(Newbery, 1968; Alexander, 1988). Percolating rainfall gives rise to a perched aquifer
in the UCL layer overlying the BC formation (Newbery, 1968; Buhagiar, 2007; Lewis
et al., 2015) (Figure 2.7). The perched aquifer depth varies from 20-50 m from ground
level, and it does not suffer from saltwater intrusion due to its lack of contact with seawater
(Lewis et al., 2015). This aquifer, which is mainly used for agricultural purposes, exhibits
high porosity (41-45%) and low permeability (0.2-0.5 m/year), which yields a slow rate
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Figure 2.7.: A conceptual model of the perched aquifer and associated processes (Stuart et al.,
2008). The cartoon depicts the perched aquifer found at a depth of 20–50 m below ground
level. This aquifer is underlain by the BC aquitard, and springs develop at the margins of contact
between the BC and UCL formations.

of downward percolation through the aquifer matrix (Lewis et al., 2015). While there
are few surface waters that can be noted in the Maltese islands, springs are observed at
the margins of contact between the BC and UCL formations (Newbery, 1968; Lewis et
al., 2015; SEWCU, 2015). Changes in the water level of the perched aquifer are usually
very small (within a couple of centimetres), and so, until now, water levels from this
aquifer have not been recorded. Plans are underway for EWA to start measuring the flow
rates (m3/hour) from these springs to act as an indicator of the change in water level of
the perched aquifer. Figure 2.7 shows a conceptual model of the perched aquifer and
associated processes (Stuart et al., 2008; SEWCU, 2015).

2.3.2. The mean sea-level aquifer (MSLA)
The MSLA, which is the main aquifer used for the public supply of water, is mainly
confined in the LCL formation at sea-level depths (Stuart et al., 2008; SEWCU, 2015), as
illustrated in Figure 2.8. This aquifer consists of freshwater "floating" on top of seawater in
the form of a Ghyben-Herzberg lens due to water density differences (FAO, 2006; Lewis et
al., 2015). The freshwater extends below sea-level about 36 times, on average, as much as
it extends above sea-level (FAO, 2006). The highest piezometric levels of this aquifer are
observed at 3.387 m above mean sea-level (MSL). Piezometric levels from the central area
of Malta have reached levels as low as 1 m above MSL due to groundwater abstraction
(FAO, 2006; Lewis et al., 2015). Due to the MSL aquifer being prone to seawater upconing
because of unsustainable groundwater abstraction, underground galleries were constructed
to draw groundwater from the thin freshwater lens (Bakalowicz et al., 2003). The MSLA
exhibits low porosity (7-20%) and a higher downward movement rate of 0.5-2.8 m/year,
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when compared to the perched aquifer (Lewis et al., 2015). Figure 2.8 shows a conceptual
model of the MSLA and associated processes (Sapiano, 2020; SEWCU, 2015).

Figure 2.8.: A conceptual model of the Malta mean sea-level aquifer (MSLA) and associated
processes (Stuart et al., 2008).

While the UCL allows rainfall to percolate freely, the impermeable BC formation and
other marly deposits observed in the GL layer reduces water percolation speeds (Buhagiar,
2007; FAO, 2006). Still, seepage into the MSLA through the BC layer is anticipated, either
from rainfall or from the overlying perched aquifer in the UCL (Alexander, 1988; FAO,
2006). This is probably due to the localised, but significant karstic evolution of rock strata
in the Maltese islands, which modified the properties of the BC aquitard to allow this
leakage from the UCL through the BC (FAO, 2006). Water from the perched aquifer may
also contribute to the MSLA at points where the UCL is downfaulted to sea-level (FAO,
2006).

Although the fundamental sedimentary geology is a simple layer cake, normal faulting
has divided the archipelago into a complex sequence of blocks and laterally discontinued
formations (Galea et al., 2021). Whereas similar cross- and autocorrelation methods in
other countries have dealt mostly with confined or well-defined water bodies, in Malta
the changes in geology over short distances, coupled with the presence of two aquifers,
may imply that the analysis and interpretation of CCFs over the whole archipelago is not
straightforward. To this effect, this study acts as a proof-of-concept to determine to what
extent, and with what limitations, the seismic velocity variations may be used as a proxy
for groundwater variations within the Maltese islands.
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3. Data
In this chapter, a description of the seismic stations and the boreholes from which ambient
seismic noise and water level data were recorded will be given. As a pre-processing step,
the seismic data was analysed to establish the filters to be used for the different types of
stations that were available.

3.1. Seismic network data
The seismic data of the Malta Seismic Network (MSN) (Galea et al., 2021) and the "FAglie

Sismogeniche e Tsunamigeniche nei Mari ITaliani" (FASTMIT) experiment (Bozionelos
et al., 2019) was compiled into one dataset. The networks consist of a combination of
eight broadband and six short-period, three-component seismic stations, respectively. All
seismic stations are operated by the Seismic Monitoring and Research Group (SMRG)
within the Department of Geosciences, University of Malta. The short-period stations
were deployed from July 2017 to October 2018 (Bozionelos et al., 2019). Table 3.1 gives
the technical specifications of the seismic stations of both seismic networks. Two of the
broadband stations, HQIM and XROB, were recently installed and not used in this study.
Temporary and permanent stations have network codes MT and ML, respectively. Station
WDD is part of the network MN (Boschi and Morelli, 1994). Almost half of the stations
(MSDA, WDD, XLND, FM01, FM02, FM04, FM06) lie either on the LCL or GL. These
formations are found below the BC formation in the geological strata, i.e., below the
perched aquifer (Pedley et al., 1978a). The remaining stations (CBH9, MELT, QALA,
FM03 and FM05) were installed on the UCL, which lies on top of the BC. The maximum
and minimum station distances between any two stations of the MSN and FASTMIT
experiment are approximately 35 km and 3 km, respectively (Galea et al., 2021). Figure
3.1 shows the location of the seismic stations; the red triangles indicate the stations of
the MSN, whereas the inverted purple triangles indicate the FASTMIT network stations.
The elevation map in Figure 3.1 (provided by EWA) indicates that the highest elevation
(yellower shading) is found in the western part of mainland Malta. The site selection
criteria for the seismic stations were reviewed in a number of studies (Agius et al., 2015;
Bozionelos et al., 2019; Galea et al., 2021).

The broadband stations record data at multiple sampling frequencies such as the HH
(100 sps) and BH (20 sps). The short-period stations only record data at the HH (125 sps)
sampling frequency. To limit the size of the dataset, the BH channels of the broadband
stations were chosen for the processing.
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Table 3.1. Technical specifications of the seismic stations of the Malta Seismic Network (MSN)
and the "FAglie Sismogeniche e Tsunamigeniche nei mari ITaliani" (FASTMIT) network (Bozione-
los et al., 2019; Galea et al., 2021)

Network
code

Station
name

Latitude
(°)

Longitude
(°)

Elevation
(m)

Surface
geology Sensor and Digitizer

MT/ML CBH9 36.0140 14.3314 27 UCL Trillium Compact, Centaur
MT/ML MELT 35.9747 14.3427 98 UCL Trillium 120PA, Centaur
ML MSDA 35.9012 14.4839 48 GL Trillium 120PA, Centaur
ML QALA 36.0349 14.3202 91 UCL Trillium Compact, Centaur
MN WDD 35.8375 14.5246 15 GL STS-2, Quanterra
ML XLND 36.0323 14.2200 6 LCL Trillium Compact, Centaur
MT FM01 35.8276 14.4426 128 LCL Lennartz, RefTek
MT FM02 35.8569 14.4467 95 GL Lennartz, RefTek
MT FM03 35.8845 14.4043 190 UCL Lennartz, RefTek
MT FM04 36.0342 14.2647 105 GL Lennartz, RefTek
MT FM05 35.8959 14.3492 205 UCL Lennartz, RefTek
MT FM06 35.9411 14.4208 6 LCL Lennartz, RefTek

Figure 3.1.: Geological outcrop and elevation map of the Maltese islands (Continental Shelf
Department), with the locations of the seismic stations and the boreholes. The red and inverted
purple triangles indicate the location of the stations of the MSN and FASTMIT network, re-
spectively. The black dots indicate the location of the boreholes from which water level data
was recorded (see Section 3.3). The elevation map indicates that the highest elevation (yellower
shading) is found int the western part of mainland Malta.
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3.2. Spectral analysis
Power spectral density (PSD) provides information on the spectral content present in
the seismic data. PSDs give an estimation of how power is distributed, according to the
frequency of the recorded noise (e.g., McNamara and Buland, 2004). In order to study the
distribution of the PSD of the seismic data, PSD plots were generated for each station per
day. The patterns are compared to global low noise-model (LNM) and high noise-model
(HNM) references. This is a powerful tool to determine the overall performance and
sensitivity to the data of each station. The evaluation of the PSDs is highly important in the
case here because the dataset consists of noise from two types of stations; broadband and
short-period. The different frequencies recorded on a seismograph originate from different
sources such as earthquakes or ambient seismic noise, which generate different spectral
signatures. Analysing the spectral content over a number of weeks or months also gives
insight to seasonal weather changes and cultural noise that could be picked up by seismic
stations.

An example of a 24-hour PSD chart for the station MSDA on 2018-05-01 is shown in
Figure 3.2. The y-axis is the amplitude, or the power of the noise and the x-axis represents
the period. The graphs are built up from stacked curves, each of which representing 30
minutes of data, and the code processes the power for every frequency. The colour bar
on the right of the plot represents the density of the PSD curves, with a lighter colour
depicting higher densities of curves plotted on top of each other. The grey lines in the plot
represent the LNM and the HNM references (Peterson, 1993), which gives an indication of
station performance with respect to ambient seismic noise. Since the BH (20 sps) sampling
stream was used for the broadband stations, the maximum frequency that can be observed
(Nyquist frequency) is 10 Hz. Therefore, the x-axis of the PSD plot starts from 0.1 s. On
this particular day, each PSD curve can be observed to fall within the noise levels, which
indicates satisfactory performance of the station. Since Malta is an island, microseisms
recorded by the seismic stations are dominated by the noise generated by continuous
sea swells that crash into the coast (e.g., Agius et al., 2014). PSD curves peak at 1-2 s
with very little scatter, corresponding to periods of ocean microseisms. A second peak
at around a period of 3 s, with considerable scatter over the day, is visible on all stations
(Figures 3.3 and 3.4), possibly being caused by storm activity reported on the previous
day, with wave action dying down gradually. Cultural and ocean microseism noise typi-
cally correspond to a period of ∼0.1-1 s and ∼1-10 s, respectively (e.g., Agius et al., 2014).
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Figure 3.2.: Power spectral density (PSD) chart for a broadband station. The chart is computed
for the noise recorded by station MSDA on 2018-05-01. The recorded noise in the 0.1-1 s and
1-10 s periods are typical of cultural noise and ocean microseisms, respectively. The colour bar
on the right of the plot represents the density of the PSD curves, with a lighter colour depicting
higher densities of curves plotted on top of each other.
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To check for patterns in the distribution of amplitude of all broadband stations, Figure
3.3 shows PSD charts for broadband stations for the date 2018-05-01. All broadband
stations show the same pattern for the distribution of amplitude. Most microseismic energy
has a period range of 1-10 s, and is of more interest for this study.

Figure 3.3.: PSD charts for all broadband stations: (a) MSDA, (b) QALA, (c) XLND, (d) WDD,
(e) CBH9, and (f) MELT for the day 2018-05-01. See Figure 3.2 for details on colour bars.
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PSD charts for the short-period stations for the same date 2018-05-01 are shown in
Figure 3.4. Again, all stations show the same pattern for the distribution of amplitude, and
the PSD curves peak at 1-2 s with very little scatter. The seismic data of the FASTMIT
stations was recorded in the HH sampling stream (125 sps), which means that the Nyquist
frequency is 62.5 Hz. Therefore, the x-axis of the plot starts at the 0.016 s period. The
cut-off period of these short period stations is at 3-4 s, where the PSD is observed to in-
crease rapidly. This suggests that the instrument is not responsive to the ground vibrations
beyond this period, as expected, and thus is unsuitable below about 0.3 Hz. All the PSD
charts in Figure 3.4 exhibit the same cut-off period. The short-period stations are shown to
be sensitive to the peak at 3 s, which was possibly because of storm activity on the day.

Figure 3.4.: PSD charts for all short-period stations: (a) FM01, (b) FM02, (c) FM03, (d) FM04,
(e) FM05, and (f) FM06, for the day 2018-05-01. See Figure 3.2 for details on colour bars.
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To investigate the difference in the spectral power between summer and winter periods,
the PSDs of two representative dates were compared. Figures 3.5a and b show the PSD
charts for the MSDA station for the days 2017-12-22 and 2018-06-22, respectively. Figures
3.5c and d show the PSD charts for the FM01 station for the same dates. Although the
distributions are quite different from the previous graphs, the microseismic noise still
peaks in the region of 1-5 s. The power distribution of the MSDA station PSD from 1-10 s
(0.1-1 Hz) and the FM01 station PSD from 0.3-3.3s (0.3-3 Hz) is shown to decrease in the
summer months when compared to winter since ocean microseisms are stronger during the
winter months.

Figure 3.5.: Example of spectral difference between winter and summer. PSD charts for the
station MSDA for the day (a) 2017-12-22 (winter) (b) 2018-06-22 (summer) and for the station
FM01 for the day (c) 2017-12-22, (d) 2018-06-22. See Figure 3.2 for details on colour bars.

The PSD analysis was useful in setting up the filter bands to be used for analysing the
seismic data. It was deemed fit to have two filters, one for the broadband and one for the
short-period stations, at 0.1-1.0 Hz and 0.3-3.0 Hz, respectively. The results are discussed
in Chapter 5.

3.3. Borehole data
Water level data was compiled from 2016 till the end of 2021 from a number of boreholes
in Malta and Gozo that are managed by the WSC and EWA. Table 3.2 lists some specifica-
tions about every borehole, such as the borehole ID, name, locality, the elevation of the top

24



3.3. BOREHOLE DATA CHAPTER 3. DATA

Table 3.2. Specifications of the boreholes managed by the Water Services Corporation (WSC)
and Energy and Water Agency (EWA), from which water level data was recorded.

ID Name Locality Elevation
(m)

Water level (m
above MSL)

10035 Buqana Mosta 93 1.910-2.789
10058 Gholja 1 Siġġiewi 152 1.299-2.276
10077 Wied il-Qliegha Rabat 107 1.769-3.387
10078 Gomerino Rabat 159 1.617-2.281
10081 Kandja Siġġiewi 78 0.434-2.548
10089 L-Gharbi Żebbuġ 83 1.232-2.276
10097 Karwija 1 Safi 77 1.003-1.564
10224 Mdawra 1 Burmarrad 9 0.597-1.635
10271 Buskett Rabat 195 1.860-2.645
10300 Hal-Farruġ Luqa 68 2.069-2.774
10353 Hal-Tmiem Żejtun 51 0.279-0.959
10821 Wied Sara Gozo 59 0.617-1.241
10866 Republic Street Gozo 75 0.805-1.403

of the borehole above MSL (m), and the range of water level measurements recorded at
that borehole (in m above MSL). Figure 3.6 shows a map of the locations of the boreholes
from which water level data was recorded.

Figure 3.6.: Map showing the locations of the boreholes (provided by the Energy and Water
Agency). The black dots indicate the locations of the boreholes from which water level data was
obtained. The numbers adjacent to each borehole represent the borehole ID (see Table 3.2).
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Patterns in the seasonal variation of water levels from each borehole were identified.
Lower water levels were generally recorded in the summer months, and higher water levels
in the winter months. Figure 3.7 shows a water level plot (in metres above MSL) for all the
boreholes that were used in this study, where each plot represents data with a 30-day rolling
average. Generally, all the water level plots in Figure 3.7 exhibit similar seasonal variations
from 2016 to the end of 2021. This data does not consider any changes in the water
level from the perched aquifer, but only from the MSLA because the borehole sensors are
all found at the level of the MSLA. The dates of the x-axis represent the first day of the year.

Figure 3.7.: Water level plots (in metres above mean sea-level) for every borehole from 2016 till
the end of 2021. Each plot represents data with a rolling average of 30 days. The dates of the
x-axis represent the first day of the year.

Generally, boreholes located closer to the shore exhibit lower ranges of water level
change data. For example, water level data from borehole 10353 (Hal-Tmiem), 10821
(Wied Sara, Gozo) and 10866 (Republic Street, Gozo) range from 0.279-0.959 m, 0.617-
1.241 m and 0.805-1.403 m respectively. On the other hand, greater water levels above
MSL can be observed inland, in the centre of Malta (farther away from the coast). In
fact, boreholes 10077 (Wied il-Qliegha), 10035 (Buqana), 10300 (Hal-Farrug), and 10089
(L-Gharbi) range from 1.769-3.387 m, 1.910-2.789 m, 2.069-2.774 m and 1.232-2.276
m respectively. However, proximity to the coast is not the sole factor that may affect the
water level data from boreholes, since the extent of groundwater abstraction for agricultural
purposes and its effect on the water level data is not taken into consideration in the present

26



3.3. BOREHOLE DATA CHAPTER 3. DATA

study. For example, Figure 3.8 shows a water level plot of a borehole that is constantly
affected by groundwater abstraction from other nearby boreholes. The episodes of ground-
water abstraction from nearby boreholes are noticeable by the scatter points below the
trend suggestive of a sudden decrease in water level. Most groundwater abstraction occurs
in the summer periods (indicated by the vertical white bands), when rainfall is scarcer.

Figure 3.8.: Example of sudden groundwater level changes due to nearby abstraction. A water
level plot from borehole 10089 (L-Gharbi), which shows the groundwater abstraction that has
been recorded. The alternating light blue and white shading in the plot indicate the winter and
summer periods, respectively. The scatter points below the trend line indicate a sudden decrease
in water level from groundwater abstraction. Most groundwater abstraction occurs in the summer
periods, when rainfall is scarcer. The trend is determined from a 30-day rolling average.

Apart from groundwater abstraction, there are other factors that may affect ground-
water levels. For example, the amount of water from precipitation that percolates into the
underground, shallow rock layers depends on the degree of surface runoff exhibited in the
area. For example, urban regions tend to exhibit lower groundwater recharge rates (and
more surface runoff) when compared to more agricultural ones, due to a higher degree of
impervious areas (Niemczynowicz, 1999). In agricultural areas, the types of agricultural
practices used, and soil properties such as texture, porosity, bulk density and hydraulic
conductivity all determine how much rainwater percolates into groundwater (Owuor et al.,
2016). Agricultural practices and soil properties are variable from one area to another,
which may also contribute to varying levels of surface runoff and hence, water levels from
boreholes. The geological setting of the boreholes is shown in Figure 3.1.
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4. Methods
The MSNoise (Measuring with Seismic Noise) program (Lecocq et al., 2014), was used
for the data management and processing. MSNoise is a complete Python package capable
of extracting signal from noise, and that determines changes in seismic velocity using
ambient seismic noise. To monitor changes in seismic velocities in the Earth’s interior,
MSNoise computes the CCFs of ambient noise time series recorded by seismic stations.
MSNoise then determines small changes in the seismic velocity (delay times) between
the CCFs and a reference CCF (Lecocq et al., 2014). The Python programming language
(version 3.9.13) and the module ObsPy (version 1.3.0) from Beyreuther et al. (2010) were
installed to run MSNoise (version 1.6). The seismic waveforms, stored in the Standard
for the Exchange of Earthquake Data (SEED) format, were compiled in a SeisComp Data
Structure. A Structured Query Language (SQL) database connection was also required, in
this case MySQL, as recommended by Lecocq et al. (2014). Figure 4.1 shows the workflow
steps that were followed in this study.

Figure 4.1.: MSNoise workflow steps, from the scanning of the seismic archive to finally plotting
δv/v (Lecocq et al., 2014)

Here, each step and the configuration used to run MSNoise will be discussed. In
the following sections, plots that were generated by MSNoise that help in visualising
the generated cross- and autocorrelation functions and their quality, will be shown. See
Appendix A for details on the chosen configuration parameters when running MSNoise.

4.1. Data compilation
The first step was to populate the stations table with all the recognised networks, stations
and channels after the data archive was rapidly scanned. The network and channels config-
uration settings were set to all the networks and channels available, and the startdate and
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enddate parameters were set to 2016-01-01 and 2021-12-31 respectively, which spanned
the total extent of seismic noise data availability. In this data discovery step, the identified
files were inserted in the data availability table (Figure 4.2) of the dataset used in this study.
The broadband stations have data availability spanning from 2016 to the end of 2021, while
the short-period FASTMIT stations were only operational for around 14 months from the
end of July 2017 to October 2018. Gaps in the data are generally caused by internet or
power outage, or stations being shutdown for maintenance. The bottom plot of Figure 4.2
shows the number of stations (N ) that have data available during a specific time period,
where almost all the stations had data available from November 2017 to September 2018.

Figure 4.2.: Data availability plot from all the seismic stations from 2016-01-01 to 2021-12-31.
The top plot represents the data availability for each station (red bars), and the bottom plot
represents the number of stations (N ) that have data available during a specific time period.

4.2. Job Definition
The scanning of the seismic archive was then followed by the job definition, where the days
and station pairs that need to be processed for the files in the database are defined. In this
step, MSNoise checks whether other stations are available for each date in the configured
range. The jobs that were defined were inserted in the jobs table of the database. Equation
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4.1 gives the total number of autocorrelation and cross-correlation station pairs (M ) for
the number of stations available (N ):

M =
N(N − 1)

2
+N (4.1)

Therefore, the 12 stations yielded a total of 78 station pairs; 66 cross-correlations and 12
autocorrelations.

4.3. Waveform pre-processing
Before computing the CCFs the waveforms were pre-processed automatically as per
MSNoise workflow (Figure 4.3).

Figure 4.3.: Waveform pre-processing workflow before cross-correlation computations (Lecocq
et al., 2014)

Initially, the daily miniSEED (MSEED) files of each individual station were read and
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the possible combination of station pairs were identified. The station pairs were divided
into separate stations and the station list was created. The file paths were obtained through
the querying of the database. Daily MSEED files were opened for each station. The data
was then checked for alignment on the sampling grid, and for gaps. If the data required
sample alignment, it was first tapered and phase-shifted into the frequency domain using a
Fast Fourier Transform. The data traces were then passed back to the time domain using
an Inverse Fast Fourier Transform. In the unlikely case when the seismic data was split
due to gaps, the split traces were merged to form a continuous single day trace. Moreover,
preprocess_max_gap was set to 10 seconds, which means that gaps of 10 seconds or
less were filled with interpolated values, while gaps greater than 10 seconds were not
interpolated. Traces were padded with zeroes whenever they were shorter than 1 day. If
they were longer than 1 day, traces were cut to fit the relevant start and end of the day. The
data was pre-processed by demeaning (setting the mean of the traces to zero), detrending
(removal of any trends in the data traces), and tapering (preprocess_taper_length at 20
seconds). Each day-long trace was then band-pass filtered (preprocess_highpass and
preprocess_lowpass at 0.01 and 8 Hz, respectively) and downsampled (resampling_method

was set to the Lanczos, or downsampling option). Although decimation is faster than
downsampling, the latter does not only allow data to be downsampled at integer factors
only (like decimation), but also at any factor. Instrument response was then removed from
each trace. Instrument correction was removed by performing bandpass pre-filtering in
the frequency domain (before multiplying with the inverse spectrum). This was done by
setting response_prefilt to 0.005 Hz, 0.006 Hz, 30.0 Hz, and 35.0 Hz respectively. These
four frequencies are the corner frequencies of the frequency taper.

4.4. Processing
In Section 3.2, the broadband and short-period stations exhibited different PSD charts.
This led to specific tests on the type of filters to be used for further processing, particularly
for the cross- and autocorrelations of the short-period stations. Therefore, different filters
were tested and eventually chosen for the different types of stations. Four processing runs
were completed in total. In two of the runs, the data from all the stations was filtered
at 0.1-1 Hz for the cross- and autocorrelations of the broadband stations. In the other
two runs the data was filtered at 0.3-3 Hz, to cater for the cross- and autocorrelations of
the short-period stations. Before deciding on these filters, higher frequencies were also
tested on the data (at 0.5-5 Hz and 0.01-10 Hz). Since a number of processing runs were
completed using different parameters, the following sections will detail the configuration
steps completed for each run.
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Figure 4.4 shows a CCF spectrum against time plot for a cross-correlation between
a broadband (XLND) and short-period (FM04) station, for the two tested filters. While
the PSD charts show the spectrum of the raw data before filtering and processing, these
CCF spectrum plots show the spectral energy of the CCF for each day after filtering and
processing. Each black trace represents a CCFs’ spectrum. The y- and x-axis represent the
date and frequency of the CCF, respectively.

Figure 4.4.: Spectrum against time plot for the cross-correlation between a broadband (XLND)
and short-period (FM04) station at different filters: (a) 0.1-1 Hz (b) 0.3-3 Hz. Each black trace
represents the spectrum of a cross-correlation function (CCF). The y- and x-axis represent the
date and frequency of the CCF respectively.

The next step in the workflow is the computation of the CCFs. An advantage of
MSNoise is that it can run multiple processes in parallel allowing for faster execution of
large datasets. The analysis_duration and cc_samping_rate for cross-correlation were set
to 1 day and 20 Hz respectively. The components to compute (components_to_compute

and components_to_compute_single_station), were set to the vertical component (Z) and
the filtering range were specified for every filter. The cross-correlation and autocorrelation
type were also specified, if they were required to be computed during that specific filter
(cc_type, cc_type_single_station_AC). The maximum lag (maxlag) was set to 120 seconds,
and each window was of 30 minutes length (corr_duration set to 1800 seconds) and an
overlap of 0.5 (i.e., 15 minutes).

Station pairs are processed in a sequential manner. The CCFs were processed accord-
ing to the different filters for each defined 30 minute window. For each of these windows in
the signal, and for each of the filters previously mentioned, windsorizing (Tukey, 1962) of
three times the root-mean-square (RMS) (windsorizing set to 3) was applied to the traces.
This was completed to attenuate the effects of seismic events of varying extents, which
cause parastic signals in the traces (e.g., Lecocq et al., 2014). The amplitudes of the traces
were then whitened in the frequency domain between two configured frequency bounds.
In this case, whitening was performed for all stations, except for auto-correlation, and the
whitening_type was configured as brutal, which amplifies the signal to an amplitude of 1.
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Equation 4.2 shows the cross-correlation (cc) of two time series a(t) and b(t):

cck =
1

N +M − 1

∑
p

apbk+p (4.2)

where k is the lag, N and M represent the lengths of a and b respectively (Gubbins,
2004). The sum is taken over all possible products of N+M+1. Equation 4.3 defines
autocorrelation (ac), which involves the cross-correlation of a time series recorded from a
single station with itself:

ack =
1

2N − 1

∑
p

apak+p (4.3)

The CCF was completed in the frequency domain, once both traces were ready.
Consider that A(f) and B(f) are the Fourier transforms of a(t) and b(t), respectively.
Equation 4.4 defines the correlation function:

C(f) = A∗(f)×B(f) (4.4)

where A∗(f) is the complex conjugate of A(f). An autocorrelation would be com-
puted if a(t) and b(t) were equal. An inverse Fourier transform was applied to C(f) to
get c(t). Data for time lags can be found in the returned function, which corresponds to
the maximum time lag (120 seconds in this case) in the negative (acausal) and positive
(causal) time lags.

Figure 4.5 shows a CCF against time lag plot for the cross-correlation of two broad-
band stations (MSDA and CBH9). This plot shows all the CCFs stacked in one plot for the
respective station pair, and each black trace represents the CCF for a day. The y- and x-axis
represent the date of the CCF and the time lags where the CCF peak, respectively. The
CCFs peak at about ±10 s. All of the following CCF against time lag plots were generated
with the 0.1-1 Hz filter.
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Figure 4.5.: CCF against time lag plot for the cross-correlation of two broadband stations. This
plot shows all the CCFs stacked in one plot for the MSDA-CBH9 station pair. Each horizontal
black line represents the CCF for a day. The y- and x-axis represent the date of the CCF and the
time lags, respectively. The CCFs peak at about ±10 s. This plot was generated with the 0.1-1
Hz filter.

Figure 4.6 shows more examples of CCF against time lag plots for different filters. The
CCF against time lag plots are for the cross-correlation of: a broadband and short-period
station (Figures 4.6a and b), and two short-period stations (Figures 4.6c and d). Figures
4.6a,c, and 4.6b,d were developed with the 0.1-1 Hz and 0.3-3 Hz filter respectively. The
plot of each station pair has CCFs that peak at different time lags. These time lags are
specific to the interstation distance of the station pair. A wider gap between the peaks of
the time lags of the CCFs indicates a longer interstation distance. Although short period
instruments are being used in Figures 4.6, the signal can still be clearly observed. The
CCFs peak at about ±12 s and ±10 s respectively in Figures 4.6a and c. Peaks at 0 s in
Figures 4.6a and c are probably caused by teleseismic earthquakes, and are completely
removed from Figures 4.6b and d when applying the higher 0.3-3 Hz filter.
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Figure 4.6.: CCF against time lag plot for the cross-correlations of broadband and short-period
stations at different filters. The CCF against time lag plots are for the cross-correlation of: (a),(b)
a broadband (XLND) and short-period station (FM03), and (c),(d) two short-period stations
(FM01 and FM06). Figures (a),(c), and (b),(d) were developed with the 0.1-1 Hz and 0.3-3 Hz
filter respectively. The CCFs peak at about (a) ±12 s and (c) ±10 s respectively.

Autocorrelations were also computed by correlating the noise recorded by a single
station with itself (Gubbins, 2004). Figure 4.7 shows CCF against time lag plots for the
autocorrelation of a broadband (MSDA) and short-period station (FM02) at filters 0.1-1
Hz and 0.3-3 Hz, respectively. In this case, the CCFs peak at 0 s since the cross-correlation
type is an autocorrelation.

Figure 4.7.: CCF against time lag plots for the autocorrelation of broadband and short-period
stations. The CCF against time lag plots are for the autocorrelation of: (a) a broadband station
(MSDA), and (b) a short-period station (FM02). To generate these plots, the 0.1-1 Hz and 0.3-3
Hz filters were respectively used. See Figure 4.5 for more details on the CCF curves.

35



4.5. REFERENCE FUNCTION CHAPTER 4. METHODS

Figure 4.8 is an interferogram plot for the cross-correlation of two short-period sta-
tions. This plot is similar to the CCF against time plot (Figure 4.5), with the difference
that the axes of the plots are inverted, and the amplitudes of the CCFs are represented in
colour. Subtle seasonal changes can be seen visually in this plot.

Figure 4.8.: Interferogram for the cross-correlation of two short-period stations (FM01 and
FM05). The CCFs are shown as an image, with the different colours representing the amplitude
of the CCFs.

4.5. Reference function
The reference function represents the stacking of the CCFs specified by the ref_begin

and ref_end. To choose the reference function, Lecocq et al. (2014) proposes that all
CCFs should be plotted and analysed for stable and consistent time spans, which could be
defined as the reference. Taking the whole archive data as the reference involves the risk
of diminishing the REF quality if very strong velocity variations are observed as a result
of, for example, time errors at one of the stations (e.g., Duputel et al., 2009; Mordret et al.,
2010). This was the case for station XLND, which experienced timing errors in its clock
from 2019-08-01 onwards. When setting the reference end date to this date (ref_end),
MSNoise failed to compute past this date on all the other stations because there was no
reference available for that time period of the CCFs. Therefore, it was decided to use the

36



4.5. REFERENCE FUNCTION CHAPTER 4. METHODS

whole data archive as a reference, by setting ref_begin and ref_end to 2016-01-01 and
2022-01-01 respectively. This bug in the code is thought to have been solved in the latest
version of MSNoise.

The interstation distance plots in Figure 4.9 shows all the reference cross- and auto-
correlation functions for the vertical (Z) component for each different station pair. Of
the three components recorded, the Z component recordings were utilised in this study.
This was deemed sufficient to present the discussed technique as a proof of concept, since
most Rayleigh waves can be picked up by the Z component of seismometers. These
reference correlograms were obtained from the whole set of data. Each horizontal black
line represents a reference cross- or auto correlation function for each station pair. The
y-axis of this plot represents the interstation distance (km) of each station pair, and the
x-axis represents the time lag (s). Each reference CCF peaks in the causal and acausal time
lags. As the interstation distance increases, the time lag of the peaks of the reference CCF
also increase. The red, green, and blue lines in the plot indicate the velocity of ballistic
waves to be avoided. The reference correlation functions at an interstation distance of 0 km
are for autocorrelations. It can be observed that the plot is symmetric suggesting that the
ambient seismic noise received by the stations is isotropic, and that the ocean microseism
noise sources are from random and equally distributed sources and directions. This is
likely due to the fact that Malta is an island.

Figure 4.9 compares the reference CCFs from the 0.1-1 Hz filter and from the 0.3-3
Hz filter, both using the Z component. The two plots have similar CCFs, however, the
higher filter seems to eliminate the peaks of the stacked CCFs at 0 s (in Figure 4.9a), which
could be indicative of teleseismic earthquakes. Nonetheless this peak at 0 s does not affect
the further processing.

Figure 4.9.: Reference cross- and autocorrelation curves. Interstation distance (km) against time
lag (s) plots for the vertical component (Z) for filter (a) 0.1–1.0 Hz, (b) 0.3-3 Hz. The red, green
and blue lines indicate the velocity of ballistic waves. The correlation functions at an interstation
distance of 0 km are from the autocorrelations. The symmetry of the plot indicates that noise
received by the stations is isotropic.
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4.6. Stacking
Ideally, a single CCF gives the expected theoretical Green’s function. However, due to
noise in the data, the CCFs are not always clearly observed. Thus, stacking is applied,
whereby CCFs from numerous time windows are stacked together. The stack_method used
was "Linear Mean", which saves the daily CCF as a simple mean CCF of all windows.
The daily CCF stack consists of 96 CCFs from 30-minute time windows at a time step of
15 minutes. This may also not be sufficient, and a moving-window stack encompassing a
number of days may be necessary to enhance the signal of the CCF.

When comparing the daily CCFs in different moving-window stacks with the ref-
erence, a correlation coefficient between the two can be determined (e.g., Lecocq et al.,
2014). Signals can be different between the positive and negative time lags (e.g., Lecocq
et al., 2014; Mordret et al., 2010), as can be observed in the interferogram plot (Figure 4.8).
Changes in the correlation can be smooth, due to a change in the velocity, or dramatic, if
there are changes in the origin of the seismic noise or in the position of some of the scatter-
ers (Wegler and Sens-Schönfelder, 2007). As a result of noisy CCFs, comparing the CCFs
to the reference can yield strong velocity variations between the two (Lecocq et al., 2014).
While a long moving-window stack is recommended to reach a correlation coefficient of
0.96, a moving-window stack that is too long (e.g., 10 days) will drastically decrease the
resolution of the CCF (Lecocq et al., 2014). Being able to control the moving-window
stack length can help in both hiding or highlighting certain important features in the data
(Liu et al., 2010). From the 1, 2, 5, and 10 day default stacking that was tested (mov_stack

= 1,2,5,10), the 2 day stacking was chosen as the most reasonable, to maintain a high reso-
lution. Figure 4.10 shows an example of the CCF against time plot for the MSDA-WDD
cross-correlation for 2016 at a stacking of: (a) 1 day, (b) 2 days, (c) 5 days, and (d) 10
days. The higher the stacking, the smoother the CCFs and the clearer the peaks in the CCFs.

The reconstruction of stable, in time, CCFs determines the accuracy of the seismic
velocity change measurements (Hadziioannou et al., 2009). To tackle this, utilising noise
time series that are long enough ensure that an adequate coherence between an individual
CCF and the reference of a certain threshold, is reached (Lecocq et al., 2014). While a
greater coherence can be achieved when using longer noise time series, the time resolution
is diminished (Lecocq et al., 2014).
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Figure 4.10.: CCF against time lag plots for the different stacking. The CCF against time lag plot
for the MSDA-WDD cross-correlation from 2016 at a stacking of (a) 1 day, (b) 2 days, (c) 5 days,
and (d) 10 days. See Figure 4.5 for more details on the stacked CCF curves.

4.7. Moving-Window Cross-Spectral technique
MSNoise incorporates the Moving-Window Cross-Spectral (MWCS) technique (Clarke
et al., 2011) to calculate the time lag (δt) between the "current" CCF and the reference
within a number of overlapping moving time-windows. Before calculating the difference
between both time series, the "current" and reference CCFs were split into overlapping
windows Nw and preprocessed. The Nw, window length and overlap were chosen accord-
ing to the signal-to-noise ratio and frequency content of the current CCF. Once the moving
time-windows were mean-adjusted and cosine-tapered, the windows were transformed into
the frequency domain from the time domain using the Fourier transform.

Adapted from Clarke et al. (2011), Figure 4.11 illustrates the process of how -δt/t is
calculated using the MWCS technique. Figure 4.11a shows two CCFs plotted on top of
eachother, where the red and black line represent a "current" CCF and a reference CCF for
a time interval from -30 to 30 s. The difference between the two lines in the plot is not
visible to the reader, since the CCFs are similar and the difference between both CCFs is
very small. The black box represents the moving time window, for which δt is calculated.
For the first filtering band of 0.1-1 Hz, the window length mwcs_wlen and overlap length
mwcs_step to perform MWCS were set to 12 s and 4 s, respectively. These parameters
were chosen since a window of width 12 s would encompass one full wavelength (which is
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at most 10 s for the 0.1-1 Hz filter) and each time window would be sampled three times
in total (since three 4 s steps fit in a 12 s window). The same reasoning was followed for
the 0.3-3 Hz filter of the short period stations, where the window length mwcs_wlen and
overlap length mwcs_step to perform MWCS were set to 6 s and 2 s respectively.

Equation 4.5 shows the cross-spectrum (X(v)) between both windowed time-series in
Figure 4.11a:

X(v) = Fref (v) · F ∗
cur(v) (4.5)

where Fref (v) and F ∗
cur(v) are the Fourier transformed windowed current and ref-

erence time series, ∗ represents the complex conjugation and v is the frequency in Hz.
Equation 4.5 can be translated into Equation 4.6 since it is more useful for the complex
cross-spectrum to be represented in terms of its amplitude (| X(v) |) and phase (ϕ(v)):

X(v) =| X(v) | eiϕ(v) (4.6)

Then, the cross-coherence between energy densities C(v) (Equation 4.7) in the fre-
quency domain are used to quantify the similarity between both CCFs, since both windowed
CCFs are assumed to be similar:

C(v) =
| X(v) |√

| Fref (v) |
2
· | Fcur(v) |

2
(4.7)

The overlines in the equation represents the applied smoothing, that consists of a
sliding raised-cosine function with a half-width of 0.1 Hz to the energy density spectra of
the two windowed Fourier- transformed time-series and to the real and imaginary parts of
the complex-valued cross-spectrum. The cross-coherence values range from zero to one,
with one being the maximum value of cross-coherency that can be reached between the
two spectral densities (see Figure 4.13b).

The time lag between each "current" and reference CCF is proportional to frequency,
and is found in the unwrapped phase (ϕ(v)) of the cross spectrum, as shown in Equations
4.8 and 4.9:

ϕj = m · vj (4.8)

m = 2πδt (4.9)

The lower mwcs_low and upper mwcs_high frequency bounds of the linear regres-
sion were set to the lower and upper frequency bounds of each filter, respectively. For
every time window, the small difference (δti, where i represents the ith window) between
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the current and reference CCF is calculated and plotted in Figure 4.11b, as the black
dots. Figure 4.11b is a graph of delay times (y-axis) vs time lags (x-axis), where the
red line is the fitted slope for the set of black points. The slope of this line (m), which
is equal to −δt/t, is calculated as a weighted linear regression (WLS). The output of
the MWCS technique in MSNoise is a text file containing the central time lag, the delay
times measured at each time window (−δt/t), the error and mean coherence of the segment.

Figure 4.11.: The Moving-Window Cross-Spectral (MWCS) technique as illustrated by Clarke
et al. (2011). (a) The red and black lines are the current CCF and the reference CCF respectively,
along the time interval of -30 to 30 s. The difference between the two lines in the plot is not
visible to the reader, since the CCFs are similar and the difference between both CCFs is very
small. The black box represents the moving time window for which δt is calculated. In this
plot, the moving time window is 6 s, and with a 3 s drift. (b) The black points represent each
δt calculation for every moving time window, and the red line is the fitted slope for those set of
points. The slope of this line is equal to −δt/t.

Figure 4.12 shows an example of a δt/t plot generated by MSNoise for the cross-
correlation of XLND-CBH9 for the day 2018-08-01. This plot is the same type of plot as
Figure 4.11b. The blue dots are calculated from the small difference between the "current"
and reference CCF in every moving time window, and the black line (M ) is the slope
calculated from a weighted linear regression. The slope of this line (M ) is the −δt/t.
The red line (M0) is the same as M , but M0 has no offset to have no y-intercept. Both
M and M0 were tested in the δv/v computations, but there was a negligible difference
between the two. Therefore, it was decided that M was to be used (Lecocq, personal
communication). The purple band in the plot is specific to the interstation distance of
the station pair being considered and help with selecting the points for the WLS. The
blue dots within the purple band are expected to be the most stable that follow a linear trend.
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Figure 4.12.: Example of a delay time against time lag plot of the cross-correlation of XLND-
CBH9 for the day 2018-08-01. The blue dots are calculated from the small difference between
the "current" and reference CCF in every moving time window. The black line is the slope (M )
calculated by a weighted linear regression (WLS) through points within the purple band. The red
line is the fit with no intercept (M0). The slope represents the −δt/t value. The blue dots within
the purple band are expected to be the most stable that follow a linear trend.

A zoom-in on the "current" and reference CCFs in the respective time window
shown in Figure 4.11a can be observed in Figure 4.13a. As previously mentioned, the
cross-coherence values range from zero to one, with one being the maximum value of
cross-coherency that can be reached between the two spectral densities (Figure 4.13b).
The min_coh parameter in MSNoise was set to 0.65, which means that MWCS points
below this value were skipped and not used in the following weighted linear regression.
A minimum coherence that is too high may lead to a loss of data points. Contrastingly, a
coherence value that is too low would lead to a higher degree of noise in the processing of
the data. 0.65 was decided to be an adequate value for the minimum coherence (Lecocq,
personal communication). This minimum coherence could have been set to a different
value for the different networks available, but this was not within the scope of the study.
Between the two windowed time series in Figure 4.13a, a linear regression for the phase
displacement is completed at the frequency ranges of 0.1-1 Hz and 0.3-3 Hz that were used
in this study.
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Figure 4.13.: Example of how a delay-time between two windowed cross-correlations is measured.
A plot by Clarke et al. (2011) that shows: a) a zoom-in on the "current" and reference CCFs in
the respective time window shown in Figure 4.11a and b) the calculation of coherency between
two windowed time-series at all frequencies, and c) Linear regression for the phase displacement
between the two windowed time-series at a frequency of interest.

Figures 4.14 and 4.15 show MWCS plots from MSNoise for the cross-correlation
of a broadband and short-period station, and the autocorrelation of a short-period station
respectively. The horizontal green lines in all four subplots indicated the selected time lags
for the δt/t calculation, specific to the interstation distance of the respective station pair
being considered. The vertical red dotted lines indicate the maximum δt (top right) set at
±0.1 s and the minimum coherence (bottom right) set at 0.65. The figure in the top left of
Figure 4.14 shows the horizontally stacked δt against time lag plot of different days for
the cross-correlation of MSDA-FM01. The separated red and blue bands lines in the δt

plot are evident, and these colour bands are representative of the positive and negative time
lags (± δt). The figure in the top right shows the mean and standard deviation of the time
lag for the respective δt plot (left).

The bottom left plot shows the horizontally stacked coherence against time lag plot
of different days. From the mean coherence plot in both figures, a high mean coherence
between the "current" and reference CCF curves is noticed from the whiter horizontal band
at around 0 s lag time between the green horizontal lines. If the mean coherence was low,
then a darker orange band would be expected at 0 s lag time. The figure in the bottom right
shows the mean and standard deviation of the mean coherence for the respective mean
coherence plot (left). Some data points were omitted from the MWCS calculation since
they did not satisfy the 0.65 minimum coherency criteria (Figure 4.15). The advantage of
such MWCS plots are that they show all the data for a specific station pair in one plot.

43



4.7. MWCS TECHNIQUE CHAPTER 4. METHODS

Figure 4.14.: MWCS analysis plot for a cross-correlation of broadband stations. Top left:
Horizontally stacked δt vs time lag of different days. The blue/red colours represent the ± δt,
respectively. Top right: The mean and standard deviation of the time lag for the whole image
(left). Bottom left: Horizontally stacked coherence vs time lag of different days. The red/white
shade represent the mean coherence. Bottom right: The mean and standard deviation of the mean
coherence for the whole image (left). The horizontal green lines in all 4 subplots indicate the
data points used for processing. The green lines are automatically determined depending on the
interstation distance of the MSDA-FM01 station pair. The vertical red dotted lines indicate the
maximum δt (top right) set at ±0.1 s and the minimum coherence (bottom right) set at 0.65.

Figure 4.15.: MWCS plot for an autocorrelation of a short-period station. See Figure 4.14 for
plot details.
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4.8. Plotting the changes in seismic velocity
The final step of the MSNoise workflow is to compute and plot the velocity variations.

Assuming that the seismic velocity change within the region is homogeneous, stretching
in the −δt/t of the "current" CCF relative to the reference is observed. This stretching is
constant over t and is numerically opposite the seismic velocity change (Poupinet et al.,
1984), as shown in Equation 4.10:

δv

v
=

−δt

t
(4.10)

In order to compute the time shift computations, the essential task of choosing ad-
equate minimum and maximum lag times can be done either absolutely or dynamically.
When dtt_lag is set to dynamic, the minimum time lag is determined by the interstation
distance of each used station pair and the velocity of the ballistic waves to be avoided
(dtt_v) (see Figure 4.9). The dtt_lag was set to dynamic, and dtt_v was set to 1.0 km/s.
This set velocity allowed to avoid ballistic waves of a velocity greater than 1.0 km/s. If for
example the interstation distance for a station pair is 10 km, the minimum time lag with
this set velocity would be 10 s. Once the minimum time lag is determined, the width of
the time lag window (dtt_width) was set to 30.0 s. This means that time lags from 10.0 to
40.0 s will be used in the current example, on both the causal and acuasal sides of the CCF
(dtt_sides = both).

Figure 4.16 shows a quick δv/v plot generated by MSNoise, for a cross-correlation of
two broadband stations. The different frames each represent the 1, 2, 5, and 10 days of
stacking that were considered. The blue lines in the plot represent the δv/v of station pair
XLND-WDD, and the orange and green lines signify the mean and median respectively.
Although MSNoise provides this tool to quick view the seismic velocity changes at differ-
ent stacking, custom python code was instead written to visualise the δv/v against water
level results for this study.
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Figure 4.16.: δv/v against time plot for the cross-correlation of two broadband stations. This
plot has been generated by MSNoise The different frames represent the 1, 2, 5, and 10 days
of stacking that were considered. The blue lines in the plot represent the δv/v of station pair
XLND-WDD, and the orange and green lines signify the mean and median respectively.
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5. Results
Time-dependent seismic velocity changes from cross- and autocorrelations of ambient
seismic noise from the MSN and the FASMIT seismic network in Malta will be presented
in this chapter. The velocity changes show seasonal summer-winter variations, with pat-
terns similar to the water level data from nearby boreholes. In total, 66 cross-correlation
and 12 autocorrelation station pairs were generated. A selected number of these results of
different auto- and cross-correlation plots from different combinations of broadband and
short-period stations, and at different interstation distances, will be shown. A 30-, 60-, and
90-day moving average was also tested on the δv/v and borehole data to smoothen out
anomalies that are hard to explain. A 30-day rolling average was eventually selected, so as
to give the best detail on a monthly scale (see Appendix B).

5.1. Cross-correlations
The results illustrated in the following figures show the δv/v (%, primary y-axis) in red
against water level (m, secondary y-axis) in blue. The axis of the δv/v is inverted to help
visualise the relationship between the change in seismic velocity and the changes in water
level from nearby boreholes. As water level increases, the change in δv/v is expected
to be a negative one due to an increase in pore pressure in the grains of underground
rocks. Each red scatter point represents a one-day measure for the δv/v following a 2-day
CCF stacking, and each blue scatter point is from a 30-minute measurement for the water
level data. A 30-day rolling average was applied on all the scatter points respectively.
The intervals in the x-axis mark the first day of the respective month or year. The light
blue shading in the background of the plot indicates the autumn and winter months from
September 21st to March 21st. These months are typically the rainiest in Malta.

Figure 5.1 is an example of δv/v from the cross-correlation between a broadband
(MSDA) and short-period (FM05) station versus the water level above MSL from a nearby
borehole 10035 (Buqana). The CCFs in this plot were filtered at 0.3-3 Hz. The δv/v varies
over a range of ∼0.125%. Unfortunately, since only one year of data is available for the
short period stations, annual variations in cross-correlations of short-period stations cannot
be studied. However, a seasonal variation in the δv/v can still be noted. An increase
in water level at the end of the winter season (between 2018-03 and 2018-04) causes a
negative change in the δv/v. Decreases in the water level, such as in the summer of 2017
and 2018 have caused a positive change in the δv/v.
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Figure 5.1.: Plot showing changes in seismic velocity (δv/v) for station pair MSDA-FM05 and
water level data. The red and blue curves represent a 30-day rolling average of the δv/v (%) and
of the water level (m above MSL) from a nearby borehole 10035 (Buqana), respectively. Each
red scatter point represents a one-day measure for the δv/v following a 2-day CCF stacking, and
each blue scatter point is from a 30-minute measurement for the water level data. The intervals in
the x-axis mark the first day of the respective month. The light blue shading in the background
indicates the winter months, generally the rainiest months in Malta (21st September to 21st
March).

More examples of δv/v of other cross-correlations of broadband with short-period
stations (e.g., MSDA-FM02, MSDA-FM06, MELT-FM06, WDD-FM05, QALA-FM04,
and WDD-FM06) against nearby water level borehole data are shown in Figure 5.2. The
CCFs in these plots were filtered at 0.3-3 Hz. The δv/v varies in the order of ∼±0.05%,
and seasonal variations in the δv/v can be observed in all the plots with a peak generally
towards the end of the winter season. All examples show similar general trends, where
increases in water level in the winter period coincide with a negative change in the δv/v,
while lower water levels in the summer months coincide with a positive change in the δv/v.
This gives confidence in the data processing, particularly for the FASTMIT stations which
only had a one-year recording. Note that, not all peaks in the δv/v correspond with peaks
in the water level data (e.g., at 2018-06 in Figure 5.2f).
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Figure 5.2.: Plots showing changes in seismic velocity (δv/v) from the cross-correlation of
other broadband and short-period station pairs and water level data from nearby boreholes: (a)
MSDA-FM02 (borehole 10089, L-Gharbi), (b) MSDA-FM06 (borehole 10224, Mdwara 1),
(c) MELT-FM06 (borehole 10224, Mdawra 1), (d) WDD-FM05 (borehole 10089, L-Gharbi),
(e) QALA-FM04 (borehole 10866, Republic Street, Gozo), (f) WDD-FM06 (borehole 10089,
L-Gharbi). See Figure 5.1 for details on the plots.
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Seasonal changes were also noted in the δv/v from the cross-correlation of short-
period station pairs. The δv/v against water level plots of FM01-FM05, FM01-FM02,
FM02-FM05, FM02-FM06, FM04-FM06, and FM05-FM06 are shown in Figure 5.3. The
CCFs in these plots were all filtered at 0.3-3 Hz. The δv/v varies in the order of ∼±0.05%
in all the plots. Very good agreement of certain peaks in the borehole levels with peaks in
the δv/v can be observed (e.g., in Figures 5.3b and e).

Figure 5.3.: Plots showing changes in seismic velocity (δv/v) from the cross-correlation of short-
period station pairs and water level data from nearby boreholes: (a) FM01-FM05 (borehole 10271,
Buskett), (b) FM01-FM02 (borehole 10081, Kandja), (c) FM02-FM05 (borehole 10271, Buskett),
(d) FM02-FM06 (borehole 10089, L-Gharbi), (e) FM04-FM06 (borehole 10224, Mdawra 1), and
(f) FM05-FM06 (borehole 10077, Wied il-Qliegha). See Figure 5.1 for details on the plots.
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The cross-correlations between broadband stations did not turn out as good as one
would have expected. The δv/v against water level plots of CBH9-XLND, CBH9-QALA,
CBH9-MELT, and MELT-QALA are shown in Figure 5.4. The CCFs in these plots were
filtered at 0.1-1 Hz. The δv/v has a maximum variation of ∼0.3%. Unfortunately, some of
these stations (XLND, QALA, and MELT) had technical problems during various periods
of 2019-2021 which hindered the processing. The effect of these problems are discussed
in the next chapter. Seasonal variations in the δv/v can still be observed to a certain extent
in Figure 5.4b, and till the end of 2018 in Figures 5.4a and c. Data gaps in the δv/v are evi-
dent in all figures, and an explanation of the cause of these gaps can be found in Section 6.1.

Figure 5.4.: Plots showing changes in seismic velocity (δv/v) from the cross-correlation of
broadband station pairs and water level data from nearby boreholes: (a) CBH9-XLND (borehole
10866, Republic Street, Gozo), (b) CBH9-QALA (borehole 10866, Republic Street, Gozo), (c)
CBH9-MELT (borehole 10078, Gomerino), and (d) MELT-QALA (borehole 10078, Gomerino).
See Figure 5.1 for details on the plots.

5.2. Autocorrelations
Similarly, annual and seasonal variations can be observed in the δv/v from autocorrelation
functions. Figure 5.5 shows plots of δv/v derived from autocorrelations of broadband
stations MSDA, WDD, XLND, CBH9, MELT, and QALA against water level plots from
nearby boreholes. The δv/v has a maximum variation of ∼1% in all the plots. The CCFs
in these plots were filtered at 0.1-1 Hz. Annual and seasonal variations in δv/v are very
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clear in Figures 5.5a-c, and till the end of 2018 in Figures 5.5 and e. Some data gaps and
sudden changes in the δv/v are evident in Figures 5.5d and f, and these will be discussed
in Section 6.1.

Figure 5.5.: Plots showing changes in seismic velocity (δv/v) from the autocorrelation of broad-
band stations and water level data from nearby boreholes: (a) MSDA (borehole 10089, L-Gharbi),
(b) WDD (borehole 10097, Karwija 1), (c) XLND (borehole 10821, Wied Sara), (d) CBH9
(borehole 10866, Republic Street, Gozo), (e) MELT (borehole 10078, Gomerino), and (f) QALA
(borehole 10866, Republic Street, Gozo). See Figure 5.1 for details on the plots.

52



5.2. AUTOCORRELATIONS CHAPTER 5. RESULTS

Seasonal variations are also noted in most of the δv/v from short-period autocorrela-
tions. Figure 5.6 shows plots of δv/v for autocorrelations of short-period stations FM01,
FM02, FM03, FM04, FM05, and FM06 against water level data from nearby boreholes.
The CCFs in these plots were filtered at 0.3-3 Hz. The δv/v has a maximum variation of
∼2% in Figures 5.6b and d. The remaining plots exhibit a maximum variation of ∼0.5%.
The δv/v and water level peaks do not always coincide as they do in, for example, Figure
5.3. Still, the peaks in the δv/v coincide with peaks in the water level at certain points,
such as at 2018-03 in Figure 5.6c.

Figure 5.6.: Plots showing changes in seismic velocity (δv/v) from the autocorrelation of short-
period stations and water level data from nearby boreholes: (a) FM01 (borehole 10081, Kandja),
(b) FM02 (borehole 10081, Kandja), (c) FM03 (borehole 10035, Buqana), (d) FM04 (borehole
10866, Republic Street, Gozo), (e) FM05 (borehole 10078, Gomerino), and (f) FM06 (borehole
10224, Mdawra 1). See Figure 5.1 for details on the plots.

53



6. Discussion
The results demonstrate that seasonal and annual changes in the groundwater levels can
be detected by changes in seismic velocity (δv/v) for small islands such as Malta. This is
important as most studies that have detected seasonal changes in the δv/v so far have been
from large groundwater basins (Clements and Denolle, 2018; Kim and Lekic, 2019; Mao
et al., 2022), complex aquifer systems (Lecocq et al., 2017), volcanoes (Sens-Schönfelder
and Wegler, 2006, 2011), mountain regions (Illien et al., 2021), geothermal fields (Sánchez-
Pastor et al., 2019), groundwater exploitation fields (Garambois et al., 2019; Voisin et al.,
2017), larger islands (Wang et al., 2017), and volcanic islands (Grobbe et al., 2021). Malta
has relatively smaller aquifer systems, it is surrounded by saltwater at close distances, and
it has no rivers, lakes, or mountain regions.

The methods work for both cross- and autocorrelation functions of ambient seismic
noise, the latter being an order of magnitude more sensitive. Two types of stations were
investigated: broadband from the MSN and short-period from the FASTMIT network,
and show that both stations can provide similar sensitivity to the δv/v when taking into
consideration appropriate filters.

The agreement between the temporal variation of δv/v and the borehole water level is
not always consistent. In some cases, the δv/v follows the water level very closely, while
in other cases, the agreement is poor. This could be due to the fact that the borehole was
distant from the region being sampled, and perhaps in a different geological setting, or that
changes in water content were highly localised near the borehole. The water level sensors
are also known to undergo periods of unreliability. One should also take into consideration
the changes in geology of the Maltese islands, characterised by normal faults, which may
also have an effect on the dynamics of the changes in seismic velocity and groundwater
level.

It could also be that water level changes are not the sole reason that the δv/v varies
seasonally, and other geophysical considerations such as from meteorological phenomena
may play a role as discussed in Section 6.6. For these reasons, finding a statistical
correlation between the changes in seismic velocity and the water level data may not
be useful. Nevertheless, the clear seasonal variation of our results gives us confidence
that δv/v may conceptually act as a suitable proxy for monitoring groundwater levels in
the Maltese islands in regions where borehole measurements are sparse. In this chapter,
some further issues related to the performance of the method are discussed, as well as the
comparison of the δv/v with the nearest borehole water level, with interstation distance,
rainfall, seasonal air temperatures, and atmospheric pressure.
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6.1. Station problems: Timing issues, power outage,
station reconfiguration

Before interpreting the results of this study, it is important to first identify any errors in
the performance of the seismic stations throughout the study period. Gaps in the data
availability plot (Figure 4.2) highlight that some stations might have a regular power
problem. This is also reflected in the δv/v computed from the autocorrelations of the
CBH9, QALA, and MELT stations (Figures 5.5d-f), which have a lack of scatter points
during specific time periods. Station CBH9 was switching on and off from January to
June 2019, and was completely switched off up till August 2019. The sudden change in
δv/v from -1.5% to ∼ 0.5% is due to the reconfiguration of station CBH9 that occurred
in the beginning of March 2020. The network code of station CBH9 was switched from
MT to ML at this point. Station QALA was also reinstalled, and this is signified by the
sudden change in δv/v from ∼ -1% to 1% in January 2019. Similarly, station MELT,
apart from being reconfigured and experiencing power cuts, was also flooded due to heavy
rainfall at a point between April 2019 and February 2021. The network codes of stations
QALA and MELT was also switched from MT to ML. Despite the reconfigurations, the
δv/v is still computed after the station, as expected, however it is interesting to see how
small changes to a station can yield significant changes in the δv/v. These may be due to
slight changes in the vertical orientation of the station and the other components, when
reinstalled. Separate reference CCFs might need to be considered for the parts of the δv/v

computed before and after the station reinstallation. One of the limitations of MSNoise is
that the user cannot set individual references when there are timing errors, missing data,
power problems or the reconfiguration of the stations. The user is strictly limited to setting
the start and end date of one individual reference. This limitation is thought to have been
considered in the latest version of MSNoise.

CCF against time plots provide the opportunity to do this by identifying possible
timing errors in the data from the seismic stations. Timing problems can be visually
noted in a single CCF, or noticed when comparing several days, weeks, or months of
CCFs, whereby the CCFs will be asymmetric. The CCF against time lag plot for the
cross-correlation of MSDA-WDD shows consistent day-to-day waveforms and thus, that
none of the stations MSDA or WDD have an unlikely timing problem. The shifted CCFs
in the cross-correlations of MSDA-XLND (Figure 6.1a) and WDD-XLND (Figure 6.1b)
suggest that station XLND has a timing error from mid-2019 till the end of 2021 due to the
shifted CCFs. The same issue has been identified for station MELT (Figures 6.1c and d)
during 2021, and for station QALA (Figures 6.1e and f) in the end of 2020. These timing
problems were confirmed by the network operators and were either due to the GPS antenna
being damaged or obstructed, or because of cabling problems.
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Figure 6.1.: CCF against time lag plots showing examples of timing problems of broadband
stations. The yellow boxes highlight the shifted peaks of the CCFs which are caused by timing
errors. Timing problems can be observed in the cross-correlations of: (a) MSDA-XLND, (b)
WDD-XLND, (c) CBH9-MELT, (d) MELT-QALA, (e) CBH9-QALA, and (f) QALA-WDD.
Station XLND has a timing problem from mid-2019 till the end of 2021. MELT and QALA have
timing problems during 2021, and the end of 2020 respectively. See Figure 4.5 for details of the
plots.

These timing problems can also be noted in the δv/v. In the δv/v plot for the cross-
correlation of CBH9-XLND (Figure 5.4a), the presumed timing problem of XLND can
be noticed from the sudden reduction in number of δv/v scatter points from mid-2019
onwards. Due to the timing problem, either a bad or no solution could have been found in
computing the δt/t, which led to a lack of data points and wrong estimates (decreased δv/v

in summer). Similarly, the timing problem of station MELT in 2021 is noticeable from the
δv/v plot of the cross-correlation of CBH9-MELT (Figure 5.4c). A visible decrease in the
number of δv/v scatter points and an unexpected pattern can be observed in 2021. For this
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reason, when looking at seasonal variations, timing errors in the δv/v were considered.

Interestingly, timing problems cannot be identified in the CCF-time lag plots of auto-
correlations because the CCF cancels out such a negligible error when correlating data of
the same day and station. Thus the δv/v of autocorrelations are still valid and can be used.
In fact, station XLND maintains the seasonal changes throughout the dataset when seen
through its autocorrelation function (Figure 5.5c). At present, the timing problems of all
MSN stations have been resolved. This would ensure that if continuous monitoring of the
δv/v were to be done, clearer seasonal and annual variations in the δv/v may be observed.

6.2. Seasonal variations and amplitude of seismic
velocity changes

In general, the results show a satisfactory quality of the δv/v based on seasonal and annual
variations for both the cross- and autocorrelations of broadband and short-period stations.
It is of note that the cross-correlations between broadband stations did not turn out as good
as one would have expected. This could possibly be due to various reasons such as: timing
and station problems, long distance between stations, station paths crossing heterogeneous
geology, crossing different aquifers, and across the sea. Still, seasonal variations in the
δv/v from cross-correlations of broadband stations could be observed to a certain extent,
but not as pronounced as the seasonal variations in the δv/v from the short-period stations.
On the other hand, autocorrelations resulted in more pronounced seasonal variations in the
δv/v for both broadband and short-period stations.

To our knowledge, δv/v studies have not yet considered cross-correlations of broad-
band with short-period stations to link changes in seismic velocity with groundwater level.
Most studies only computed cross- and autocorrelations of ambient seismic noise data
from broadband stations (Clements and Denolle, 2018; Illien et al., 2021; Kim and Lekic,
2019; Lecocq et al., 2017; Mao et al., 2022; Meier et al., 2010), while Wang et al. (2017)
used short-period stations to detect changes in seismic velocities across Japan. The results
of the present study show that the combination of both types of stations can also be used
especially when deploying temporary networks.

Cross-correlations of broadband station pairs yielded a seismic velocity change of a
higher amplitude (maximum of ∼0.3%) than the cross-correlations between broadband
and short-period, or between short-period stations (maximum of ∼0.15%). These seismic
velocity changes are similar in amplitude to the peak variations in the δv/v from other
studies, such as a ∼0.2% variation in the δv/v from Clements and Denolle (2018). How-
ever, changes in groundwater level of 25 m were observed in San Gabriel Valley over a
17-year period (Clements and Denolle, 2018), which are much larger than the groundwater
variations exhibited in Malta. Some other studies found maximum variations of ∼0.07%
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(Mao et al., 2022) and ∼0.02% (Lecocq et al., 2017) in the δv/v that are smaller than the
maximum variations obtained in this study. Basins near Los Angeles, California (including
the San Gabriel Valley) experienced changes in groundwater level of ∼17 m over a 20-year
period (Mao et al., 2022). Despite these significant groundwater level changes, the changes
in seismic velocity are smaller than the maximum variations in δv/v from this study. The
study conducted in the Grafenberg Array in south-east Germany (Lecocq et al., 2017)
experienced maximum water level variations of ∼2 m over an 18-year period in the area’s
complex aquifer system. These groundwater level variations are less than the one exhibited
in Malta, which may explain the smaller change in seismic velocity from Lecocq et al.
(2017).

It is important to note that these studies averaged for the δv/v throughout the whole
period that ambient seismic noise data was collected (e.g., Clements and Denolle, 2018;
Lecocq et al., 2017; Mao et al., 2022). This allowed for the identification of long-term
trends in the δv/v. For example, Mao et al. (2022) averaged the δv/v because data from
a total of 50 broadband stations was utilised, which was much more than the number of
stations considered in this study. The seismic noise and water level datasets in the present
study only covered a period of six years. Therefore, identifying long-term, decades-long
trends in the δv/v was not within the scope of this study.

From the cross-correlations of seismic noise recorded from short-period stations,
Wang et al. (2017) generally found seismic velocity changes that are similar in amplitude
to the δv/v from the cross-correlation of short-period stations in the Maltese islands.

Here, it was also noted that autocorrelations have produced larger variations in the
δv/v. Autocorrelations of broadband and short-period stations show a maximum variation
of δv/v of ∼1% and ∼2%, respectively. Cross-correlations from the present study gen-
erally show maximum variations in the δv/v of ∼0.3%, which is an order of magnitude
less than the autocorrelations. D’hour et al. (2016) also observed that autocorrelations
are capable of sampling larger depths and are more sensitive to local changes in the δv/v.
Other studies demonstrated stronger maximum variations in the δv/v from autocorrela-
tions, at ∼8% (Illien et al., 2021) and ∼15% (Kim and Lekic, 2019). These studies only
used a maximum of two stations for autocorrelation. The study by Illien et al. (2021)
was conducted in the Himalayan mountain ranges which transport large volumes of water
downstream from glacier melt. This may lead to larger groundwater level fluctations (Illien
et al., 2021) when compared to the Maltese islands, which range from 0.279-3.387 m in
this study. Kim and Lekic (2019) also detects groundwater level fluctuations of 0-25 m in
the Gulf Coast Aquifer system (southern Texas). Greater water level fluctuations may have
led to changes in δv/v of a higher amplitude from autocorrelations in these studies.

An interesting note is about the sign of the amplitude of the δv/v from cross- and auto-
correlations of the seismic stations in Malta. As expected, the δv/v from cross-correlations
crossed between the negative and positive axes. Contrastingly, autocorrelations did not

58



6.3. ERRORS IN THE DATA CHAPTER 6. DISCUSSION

exhibit the same change in sign. The autocorrelations of broadband and short-period
stations led to δv/v that remained in the negative and positive axes, respectively. However,
the δv/v from the autocorrelation of some broadband stations was noted to switch from
the negative to the positive axis once the stations were reconfigured (see Section 6.1).

6.3. Errors in the data
There are two types of errors in the seismic data that were considered in the processing: er-
rors of the individual daily measurements, and error for the rolling average. In the MWCS
technique by Clarke et al. (2011), an error is generated for every daily measurement when
performing the weighted linear regression (WLS, see section 4.7). The error of each
scatter point is calculated from the gradient of the WLS. MSNoise caters for scatter points
with a large error with the dtt_maxerr parameter. This sets a maximum limit on the error
on the δt measurement. MWCS points that have a δt measurement error that is greater
than dtt_maxerr (0.1 s) are not used in the WLS. From the daily DTT file that MSNoise
generates, the errors on a daily basis for every δv/v data point can be plotted as shown in
Figure 6.2. An error bar was not plotted for some scatter points because the error was not
generated by the WLS.

Figure 6.2.: Plot showing an example of the errors (vertical red lines) on the daily δv/v data
points.
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The standard deviation was used as the representative error of the rolling average of
the δv/v (semi-transparent vertical grey bands in Figure 6.3). In order to obtain robust and
smoother rolling averages, outlier scatter points of the δv/v that did not fall within the
standard deviation were then neglected in a second run of the rolling average calculation.

Figure 6.3.: Example of the standard deviation calculated on the δv/v. Scatter points of the δv/v
that do not fall within the standard deviation (semi transparent vertical grey bands) were not used
in the rolling average calculation.

6.4. Filtering
In this study, the CCFs were processed with two types of filters, 0.1-1 Hz and 0.3-3 Hz.
This was intended to obtain the best quality of δv/v, according to the two types of stations
that were used. These frequency ranges are similar or within the range of other studies
(e.g., Clements and Denolle, 2018; Lecocq et al., 2017; Mao et al., 2022).

As expected, the quality of the δv/v from cross- and autocorrelations of broadband
stations was better when using the 0.1-1 Hz filter. In the case of cross- and autocorrelations
of short-period stations, the 0.3-3 Hz filter showed better quality of the δv/v. An interesting
observation in the results was that the δv/v computed from the cross-correlation of broad-
band and short-period station pairs was of better quality when using the 0.3-3 Hz filtering
band. This shows that the PSD analysis in Section 3.2 was beneficial in determining the
optimum frequency range for the data here to be processed. For this reason, the results in
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this study were presented after being processed with the above-mentioned filters for each
type of cross- and autocorrelation station pair setup.

6.5. Interstation distance
In an effort to establish any recognisable temporal variation in the δv/v from each cross-
correlation station pair at different interstation distances, all of the data was looked at and
judged accordingly. It is observed that the quality of the δv/v deteriorates with increased
interstation distance, as shown in Table 6.1. The table also lists details about the medium
being sampled in each cross-correlation function, such as if the medium crosses different
types of geology, or the sea. At longer interstation distances, the medium being sampled
between both stations is more likely to cross different types of geological layers and
aquifers. Computing cross-correlations across the three islands would also mean that the
sea would be part of the medium that is being sampled. The list of cross-correlations in
Table 6.1 are sorted by interstation distance in ascending order. The station pairs with
the shortest interstation distance tend to have better quality of the δv/v and a more pro-
nounced seasonal variation. The seasonal variation of the δv/v also correlate quite well
with the water level measurements from nearby boreholes. For example, CBH9-QALA,
FM01-FM02, XLND-FM04, FM02-FM03, QALA-FM04, MELT-FM05, FM03-FM05,
and MSDA-FM02 have interstation distances between 2.4-6.0 km.

In general, the quality of the δv/v with respect to the seasonal variation is poor at
the longest interstation distances, such as FM01-FM04, XLND-FM02, QALA-WDD,
XLND-FM01, WDD-FM04, and WDD-XLND. Figure 6.4 shows the plot of the δv/v

for the cross-correlation of these station pairs, against the water level data from nearby
boreholes. These station pairs all have an interstation distance varying from 28.0-34.9 km.
During certain months, the quality of the δv/v can be considered sufficient (for example in
Figures 6.4a, b, and e), such that the seasonal variations in the δv/v even matches with the
water level data. However, it is clear that the general quality of the δv/v deteriorates at
longer interstation distances, with seasonal variations in the δv/v becoming less obvious.
Presumable, this is because of a loss in quality of the cross-correlation functions. Meier
et al. (2010) stated that the signal of cross-correlations was observed to decrease with
increasing interstation distance, however their interstation distances reached 200 km, which
are much longer than the interstation distances of this study. Studies that were conducted
at interstation distances similar to this study (e.g., Clements and Denolle, 2018; Lecocq
et al., 2017) did not comment on how the quality of the cross-correlation signal changes at
the longer interstation distances.
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Table 6.1. Data quality assessment based on interstation distance. Table showing the station pairs,
their interstation distance (km), information about the medium being sampled, and the assessment
of any recognisable temporal or seasonal variation in the δv/v from each cross-correlation station
pair. Station pairs that are in bold have been presented as results in Chapter 5.

Station pair Interstation dis-
tance (km)

Medium crossing
different geology
types?

Medium crossing
the sea?

Assessment based
on seasonal
change

CBH9-QALA 2.4 No Yes Good
FM01-FM02 3.3 No No Good
XLND-FM04 4.0 No No Good
FM02-FM03 4.9 Yes No Good
QALA-FM04 5.0 Yes No Good
MELT-FM05 5.1 No No Good
FM03-FM05 5.1 No No Good
MSDA-FM02 6.0 No No Good
CBH9-FM04 6.4 Yes Yes Good
FM03-FM06 6.5 Yes No Good
MELT-FM06 7.0 Yes No Good
FM01-FM03 7.1 Yes No Fair
MSDA-FM06 7.2 No No Good
FM02-FM06 7.3 No No Good
WDD-FM02 7.3 No No Good
MSDA-FM03 7.4 Yes No Fair
WDD-FM01 7.4 No No Good
MSDA-WDD 8.0 No No Bad
CBH9-MELT 8.2 No Yes Good
FM05-FM06 8.2 Yes No Good
MELT-FM03 8.4 Yes No Fair
MSDA-FM01 9.0 No No Fair
QALA-XLND 9.1 Yes No Fair
FM02-FM05 9.8 Yes No Good
CBH9-XLND 10.2 Yes Yes Good
QALA-MELT 10.5 No Yes Fair
FM01-FM05 11.3 Yes No Good
CBH9-FM06 11.4 Yes Yes Good
WDD-FM03 12.0 Yes No Fair
MSDA-FM05 12.2 Yes No Good
MELT-FM04 12.5 Yes Yes Fair
FM01-FM06 12.8 No No Good
CBH9-FM05 13.2 No Yes Good
MELT-FM02 13.2 Yes No Fair
MSDA-MELT 13.5 Yes No Fair
QALA-FM06 13.7 Yes Yes Bad
XLND-MELT 15.0 Yes Yes Fair
MELT-FM01 16.0 Yes No Fair
QALA-FM05 15.5 No Yes Bad
CBH9-FM03 15.8 Yes Yes Bad
WDD-FM05 17.1 Yes No Good
FM04-FM05 17.2 Yes Yes Bad
FM04-FM06 17.5 Yes Yes Good
QALA-FM03 18.2 Yes Yes Bad
MSDA-CBH9 18.6 Yes Yes Bad
XLND-FM05 19.1 Yes Yes Bad
WDD-FM06 20.0 No No Good
WDD-MELT 20.0 Yes No Bad
CBH9-FM02 20.3 Yes Yes Fair
XLND-FM06 20.7 Yes Yes Bad
MSDA-QALA 20.8 Yes Yes Bad
FM03-FM04 20.8 Yes No Good
QALA-FM02 22.7 Yes Yes Bad
CBH9-FM01 23.0 Yes Yes Fair
XLND-FM03 23.3 Yes Yes Bad
MSDA-FM04 24.7 Yes Yes Bad
QALA-FM01 25.4 Yes Yes Bad
FM02-FM04 25.6 Yes Yes Fair
WDD-CBH9 26.2 Yes Yes Bad
MSDA-XLND 27.9 Yes Yes Fair
FM01-FM04 28.0 Yes Yes Fair
XLND-FM02 28.2 Yes Yes Bad
QALA-WDD 28.5 Yes Yes Bad
XLND-FM01 30.3 Yes Yes Bad
WDD-FM04 32.0 Yes Yes Bad
XLND-WDD 34.9 Yes Yes Bad
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Figure 6.4.: Plots showing changes in seismic velocity (δv/v) from the cross-correlations of
broadband and short-period stations at a long interstation distance, and water level data from
neaby boreholes: (a) FM01-FM04 (borehole 10078, Gomerino), (b) XLND-FM02 (borehole
10078, Gomerino), (c) QALA-WDD (borehole 10224, Mdawra 1), (d) XLND-FM01 (borehole
10078, Gomerino) (e) WDD-FM04 (borehole 10224, Mdawra 1), and (f) WDD-XLND (borehole
10078, Gomerino). These station pairs have an interstation distance varying from 28.0-34.9 km.
See Figure 5.1 for details on the plots.

It is difficult to establish a cut-off interstation distance that determines the quality of
the seasonal variations in the δv/v. In a few cases, seasonal variations in δv/v can still
be of good quality at high interstation distances. For example, the cross-correlations of
FM04-FM06, WDD-FM06, and FM03-FM04 all show good seasonal variations in the
δv/v (see Table 6.1). In contrast at shorter interstation distances, seasonal variations in the
δv/v are not always observed as is the case for MSDA-FM03 (7.4 km) and MSDA-FM01
(9.0 km) (Figure 6.5). The lack of agreement could also be because of the choice of filter,
as might be the case of the broadband station pair of MSDA-WDD (at an interstation
distance of 8.0 km). Despite being broadband stations, this station pair shows seasonal
δv/v variations of lower quality at 0.1-1 Hz (Figure 6.6a), when compared to the 0.3-3 Hz
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filter (Figure 6.6b).

Figure 6.5.: Plots showing changes in seismic velocity (δv/v) from cross-correlations against
water level data from the nearest borehole: (a) MSDA-FM03 (borehole 10089, L-Gharbi) (b)
MSDA-FM01 (borehole 10300, Hal Farruġ). Both station pairs have a relatively short interstation
distance of 7.4 km and 9.0 km, respectively. The CCFs were filtered at 0.3-3 Hz in this plot.
Seasonal variations of the δv/v are not as clear as one would expect at these interstation distances.
See Figure 5.1 for details on the plots.

Figure 6.6.: Plots showing changes in seismic velocity (δv/v) from the MSDA-WDD cross-
correlation at both tested filters: (a) 0.1-1 Hz, (b) 0.3-3 Hz. The MSDA-WDD station pair has a
relatively short interstation distance of 8.0 km. Seasonal variations of the δv/v are not as clear
as one would expect when using the 0.1-1 Hz filter. Better seasonal variations can be observed
when CCFs were filtered at 0.3-3 Hz. See Figure 5.1 for details on the plots.

6.6. Meteorological considerations
Numerous studies have tested for a correlation between variations in δv/v and seasonal
variations of meteorological parameters such as precipitation (Hillers et al., 2015, 2014;
Illien et al., 2021; Sens-Schönfelder and Wegler, 2011; Wang et al., 2017), air temperature
(Clements and Denolle, 2018; Lecocq et al., 2017; Mao et al., 2019; Meier et al., 2010), and
atmospheric pressure (Hillers et al., 2015). Precipitation, air temperature and atmospheric
pressure data were obtained from the meteorological station at the national airport in Luqa
(Figure 6.7). This study did not go into the correlation between these meteorological
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parameters and seasonal changes in the δv/v, mainly due to time constraints. Nevertheless,
a plot of the data shows seasonal patterns for all three parameters, as expected, particularly
the precipitation and temperature. Naturally, these show general agreement with the δv/v

from station WDD, the closest seismic station to the Luqa meteorological station (Figures
6.7a-c).

The amount of water from precipitation that percolates into the underground, shallow
rock layers depend on the degree of surface runoff exhibited in the area. For example,
urban regions tend to exhibit lower groundwater recharge rates (and more surface runoff)
when compared to more agricultural ones, due to a higher degree of impervious areas
(Niemczynowicz, 1999). In agricultural areas, the types of agricultural practices used,
and soil properties such as texture, porosity, bulk density and hydraulic conductivity all
determine how much rainwater percolates into groundwater (Owuor et al., 2016). Agri-
cultural practices and soil properties are variable from one area to another, which may
also contribute to varying levels of surface runoff and hence, water levels from boreholes.
Precipitation events may not have an instant effect on the δv/v, as shown by Illien et al.
(2021). Additionally, the effect on the δv/v may vary from one place to another depending
on the amount of rainfall percolating to groundwater, or that is being lost to surface runoff
in a specific location.

The amount of rainwater percolating to groundwater also depends on whether rainfall
events are constant and gradual, or more intense. Gradual rain events would allow rainwater
to steadily percolate through the vadose zone and into groundwater, since the soil would
not immediately reach its field capacity. Generally, this is not the case for Malta. Due
to Malta’s rainfall events being mainly torrential, the field capacity of the soil is easily
reached, and this may lead to water stored in the soil pores to block subsequent rainwater
from percolating down into groundwater.

Generally, studies that looked at how variations in the δv/v correlate with precipita-
tion found that peaks in the δv/v coincide with precipitation events. Similarly, a visual
agreement between precipitation events and the variation in δv/v can be seen for the
autocorrelation of station WDD (Figures 6.7a and b). Although this is encouraging, a
detailed investigation is necessary to establish the relationship between precipitation and
its effect on groundwater levels and changes in the seismic velocity, whilst taking into
account the above-mentioned considerations.

Changes in air temperatures may also influence the changes in δv/v in the Earth’s
shallow crustal layers (e.g., Clements and Denolle, 2018; Lecocq et al., 2017; Mao et al.,
2019; Meier et al., 2010). Although air temperature changes affect the δv/v in the first
tens to hundreds of centimetres of the Earth’s crust, these changes induce thermoelastic
strains in the crust (Mao et al., 2019) that may extend even deeper (Tsai, 2011). A study
by Hillers et al. (2015) found that changes in air temperature and thermoelastic strain
dominate changes in δv/v in the shallow crustal layers of an arid region. On the other hand,
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Clements and Denolle (2018) concluded that changes in seismic velocity were mainly
derived by hydrological effects rather than thermoelastic strains. It was also shown that a
mixture of both hydrological effects and thermoelastic strains may determine the changes
in seismic velocity in the medium being studied (Lecocq et al., 2017).

In Figure 6.7c, the seasonal air temperature changes seem very regular in period and
amplitude, with higher temperatures in the summer periods and lower temperatures in the
winter periods. In general, increases in air temperature coincide with troughs in the δv/v.
However, the δv/v have more irregular patterns that seem to relate to the precipitation such
as the case of winter 2020, when it rained less and the δv/v amplitude is less pronounced.
In general, increases in air temperature coincide with troughs in the δv/v. The aim of the
present study was to understand how seismic velocities change with variations in ground-
water levels in Maltese aquifers. The role that seasonal temperature variations may have on
the δv/v in the subsurface rocks of the Maltese islands was not considered. Nevertheless,
very good agreement of some patterns in δv/v with corresponding patterns in the water
level (e.g., Figures 5.2e and 5.3b) can be observed. Additionally, episodes of groundwater
abstraction from a nearby borehole correspond very well with troughs in the δv/v from
station MSDA (Figure 5.5a). These patterns lead us to believe that the water content, at
least in certain regions, has a larger influence than temperature on seismic velocity changes.

The effect that atmospheric pressure may have on seismic velocity changes was con-
sidered as negligible in one study by Hillers et al. (2015). Atmospheric pressure data
(Figure 6.7d) shows that there is a seasonal variation in atmospheric pressure in Malta, with
higher pressures in winter, and lower pressures in summer. Detailed studies to understand
the effect that these meteorological parameters may have on the seismic velocity changes
in the Maltese islands are desirable.
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Figure 6.7.: Meteorological considerations. A plot showing recorded meteorological parameters
and seismic velocity changes: (a) δv/v plot from the autocorrelation of station WDD, (b)
precipitation (mm), (c) air temperature (◦C), and (d) pressure (hPa).

6.7. Future work
The aim of this study was to identify any form of correlation between temporal changes in
seismic velocities, derived from cross- and auto-correlations of ambient seismic noise, with
water level change data from nearby boreholes. MSNoise (Lecocq et al., 2014) provides the
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opportunity of daily and routine monitoring of δv/v, which could provide a real-time tool
to continuously monitor groundwater in the Maltese islands. The present study only looked
at the vertical component of the seismic data, mainly due to time limitations. Future studies
could make use of the horizontal components to investigate if there are any increased
sensitivities in the compared δv/v.

Attempting to differentiate between the very shallow perched aquifer and the mean
sea-level aquifer when looking at the δv/v could also be considered, using other frequency
filtering techniques such as the wavelet transform method. These would provide a more
complete picture of the hydrogeological processes, and demonstrate how ambient seismic
noise can complement in-situ borehole measurements at different depths and scales to
ensure more accurate quantitative groundwater monitoring for the Maltese islands. The
seismic data can also be used for other geophysical studies, such as Horizontal-to-Vertical-
Spectral-Ratios (HVSR). The HVSR technique would be best applied in regions that are
underlain by the BC layer and demonstrate a prominent and consistent site resonance
frequency. Changes in water content of the rocks lead to changes in the shallow seismic
velocities and hence to changes in the site response frequency, providing a further possible
monitoring tool. Another popular technique is seismic tomography. Unlike point mea-
surements or station pairs, tomography can map information of the structures across all
the islands and can be processed over different timescales to determine possible seasonal
changes in the tomographic models.

The installation of more seismic stations in the Maltese archipelago as planned by the
Seismic Monitoring and Research Group, would present an opportunity for better coverage
and for more accurate δv/v computations to compare to borehole readings for groundwater
monitoring in a more localised context. As more seismic data is collected over the years, it
would also be interesting to identify any long-term, decades-long variations in the δv/v

and how these correlate with long-term seasonal variations in water level and the discussed
meteorological parameters.

Possible future projects such as Managed Aquifer Recharge (MAR) in Maltese
aquifers would present a good opportunity to establish relationships between the injected
volume of water and the changes in δv/v. Such experiments may also help establish-
ing to what extent meteorological parameters such as precipitation, air temperature and
atmospheric pressure have an effect on the δv/v.
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7. Conclusion
In conclusion, the results demonstrate that seasonal and annual changes in the groundwater
levels can be detected by changes in seismic velocity (δv/v) for small islands such as
Malta. Two types of stations were investigated: six broadband from the Malta Seismic
Network (MSN) and six short-period from the FASTMIT network, and show that both
stations can provide similar sensitivity to the δv/v when taking into consideration ap-
propriate filters (0.1-1 Hz for the broadband and 0.3-3 Hz for the short-period stations).
The method works for both cross- and autocorrelation functions of ambient seismic noise,
the latter being an order of magnitude more sensitive. Cross-correlations of broadband
station pairs yielded a seismic velocity change of a higher amplitude (maximum of ∼0.3%)
than the cross-correlations of short-period, or of broadband and short-period station pairs
(maximum of ∼0.15%). On the other hand, autocorrelations of broadband and short-period
stations show a maximum variation of δv/v of ∼1% and ∼2%, respectively.

The cross-correlation of short-period stations, and of short-period with broadband
stations provided the best seasonal variations of δv/v from cross-correlations. Generally,
seasonal and annual variations of the δv/v from autocorrelations of some stations were
found to be more pronounced than from cross-correlations. While an agreement is not
always obvious, in general, temporal variations in the δv/v coincide with those in the water
level data. This gives us confidence that δv/v may act as a suitable proxy for monitoring
groundwater levels in the Maltese islands in regions where borehole measurements are
sparse.

Timing problems and other station errors were also identified from the results before
attempting to interpret the data. The quality of the δv/v was observed to deteriorate at
longer interstation distances when seasonal variations in the δv/v are less obvious. Pre-
sumable, this is because of a loss in quality of the cross-correlation functions since the
longer interstation paths tend to traverse more complex geology, different types of aquifers,
or even the sea. It is difficult to establish a cut-off interstation distance that determines the
quality of the seasonal variations in the δv/v because, in a few cases, seasonal variations
in δv/v were still of good quality at high interstation distances.

A number of considerations for future work were listed in Section 6.7. These present
promising research opportunities in the view of enhanced groundwater monitoring for the
Maltese islands, and for other similar island environments globally.
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A. MSNoise configuration settings
The MSNoise package includes a Configurator web graphical user interface (GUI), which
allows the user to access and define the general MSNoise configuration (config), and the
station and filter configurations, at different steps of the workflow. The home page of
the web interface (Figure A.1) shows the project folder location and database, progress
bars, and statistics related to data availability, cross-correlation, STACK, Moving Window
Cross-Spectral (MWCS), DTT and PSD jobs. Results and PSD charts can be accessed
from the Results and Quality Control (QC) sections respectively.

Figure A.1.: The graphical user interface (GUI) of MSNoise. The GUI main page, in the form of
a website, shows the project folder location and database, progress bars, and statistics related to
data availability, cross-correlation, STACK, MWCS, DTT and PSD jobs (Lecocq et al., 2014).

The station configuration section displays station information, such as the name, net-
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work, location codes, channels, the geolocation (in longitude and latitude), the coordinate
system and the altitude. The filter configuration section lists the created filters. For each
filter, the table shows the filter id, the lower and higher frequency bounds of the Whiten
function and of the linear regression done in MWCS (Hz), the specified window length
and step to perform MWCS (s). The different filters can be activated or deactivated for
processing purposes.

The general config section contains a number of configuration settings that are easily
editable throughout the workflow. The folder where all archive data is being saved (data_-

folder), the data structure used (data_structure), the networks (network) and channels
(channels) to analyse can all be accessed from this configuration section. The startdate

and enddate parameters specify the first and last day of the data archive that need to be
processed, while the duration of the analysis (s) is defined by analysis_duration. The
sampling rate (in Hz) for cross-correlation (cc_sampling_rate), and the resampling_method

(either Decimate or Lanczos [Downsampling]) are also configurable. The pre-processing
low-pass and high-pass filter values (Hz) are specified by preprocess_lowpass and pre-

process_highpass respectively. The parameter preprocess_maxgap sets the largest gap
length (s) that will be filled with interpolation values in the pre-processing stage. If the
gap length is found to be greater than this parameter, MSNoise sets the gap to zero. An-
other preprocessing step is defined by preprocess_taper_length, where tapering involves
smoothening amplitudes at the beginning and end of traces, without changing the frequency
content. Hence, this parameter deals with the length of the applied taper, in seconds. Since
different seismic instruments may have different response functions, MSNoise also pro-
vides the option to remove instrument response (remove_response) to obtain the actual
ground displacement. The response_prefilt parameter allows for the removal of instrument
correction in the pre-filtering stage, and it is set to a range of values that are broader than
the preprocess_lowpass and preprocess_highpass filters.

Windsorizing allows for reducing the influence of outliers on the statistics of the data
(Blaine, 2018). With windosorizing, one can either not apply windsorizing by setting the pa-
rameter to 0, apply windosorizing at N times the RMS value or apply one-bit normalisation
by setting the parameter to -1. One-bit normalisation is a common form of normalisation
that reduces the effect of non-stationary signals (such as earthquakes) on time series of
noise data, by setting each data point to its positive or negative sign (e.g., Cupillard et al.,
2011). A number of studies have used one-bit normalisation in the pre-processing of noise
data (Shapiro and Campillo, 2004; Shapiro et al., 2005; Larose et al., 2007; Yao and Van
Der Hilst, 2009). One-bit normalisation can also be used for seismic coda processing (e.g.,
Campillo and Paul, 2003), which ensures an improved signal-to-noise ratio of the coda
correlations, due to the enhanced multiple scattering (Larose et al., 2004).

Spectral whitening is a powerful normalisation tool in the frequency domain, which
assumes that uncorrelated noise is obscuring the desired signal (Groos et al., 2012). In
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the ambient seismic noise correlations, the emergence of broadband signals can be im-
proved when using the whitening parameter in MSNoise. When representing estimates of
the broadband Green’s functions, this technique improves the stacked cross-correlation
functions (e.g., Bensen et al., 2007). Spectral whitening has been used in varying ways in
studies (e.g., Bensen et al., 2007; Brenguier et al., 2008b; Groos, 2010). The whitening

command provides three options: whitening of all traces, no whitening or whitening if
the components are different. The whitening_type details the type of spectral whitening
function to be used, which include the brutal type (amplifying the signal to an amplitude
of 1.0), and dividing the spectrum by its PSD. With the clip_after_whiten command, clip-
ping (winsorizing) can be called before or after whitening. The stack_method parameter
suggests the type of stack method to be used, which includes the linear mean or phase-
weighted stack (PWS) method. The linear mean stack_method saves the daily CCF as a
simple mean CCF of all windows, while the pws stack_method saves the daily CCF as
the PWS. The number of days that are to be stacked in the moving-window stacks are
configured with mov_stack.

If daily real-time monitoring is to be done, the number of days to be monitored when
the archive is being scanned can be set by crondays. The type of cross-correlation, autocor-
relation and cross-correlation for cross-components can be specified by cc_type, cc_type_-

single_station_AC, cc_type_single_station_SC respectively. The components_to_compute

and components_to_compute_single_station configuration bits list the components to
components to be computed for different stations, and for single stations, respectively.
MSNoise also allows for cross-correlations and daily cross-correlations to be saved using
the keep_all and keep_days commands, respectively.

The response_format and response_path commands specify the instrument response
file format to be removed, and the location of the file respectively. The qc_components

configuration bit sets the components to be processed for quality control. The beginning
and end dates of the reference function to be used are set by the ref_begin and ref_end

configuration bits. The export_format allows for the stacks to be exported in Seismic
Analysis Code (SAC) format, MSEED or both formats, and sac_format specifies the SAC
stack format (Doublets or Clarke). The maximum lag (s) is set to a value in maxlag that is
enough to properly visualise the CCFs for the interstation distances observed in the present
study, from the interstation distance plot (Figure 4.9). The corr_duration parameter relates
to the length of the data window to be correlated and processed (s), while overlap is a
factor representing the amount of overlap between each data window in calculating δt

between the current and reference CCF. Ensuring an overlap between data windows is
beneficial since it increases stacking, which allows for the cancelling of noise and making
a signal more pronounced.

For the MWCS technique, the dtt_lag configuration bit defines how the lag window
will be defined, mainly dynamic or static. The dynamic option determines the minimum
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time lag based on the interstation distance and dtt_v, which specifies the velocity that
will be used to avoid ballistic waves (Figure 4.9). Whenever dtt_lag is static, dtt_minlag

specifies the minimum lag time to avoid ballistic waves. The dtt_width configuration bit
details the length of the time lag window (s) used to perform MWCS, while dtt_sides

specifies if causal or acausal time lags, or both will be used. The minimum coherence to be
set on the δt measurements can be defined with dtt_mincoh, where MWCS points having
values lower than dtt_mincoh will not be used in the weighted linear regression (WLS).
The dtt_maxerr parameter sets a maximum limit on the error on the δt measurement, which
does not use (in the WLS) MWCS points that have a δt measurement error that is greater
than dtt_maxerr. The maximum δt values (s) can be specified with dtt_maxdt, where
points with a higher δt value are not used in the WLS. Finally, the stretching_max and
stretching_nsteps configuration bits describe the maximum stretching coefficient and the
number of stretching steps between 1-stretching_max and 1+stretching_max, respectively.
Further details about the MSNoise configuration bits can be reviewed in the MSNoise
website (http://msnoise.org/doc/).

87



B. Rolling average
A moving average of 30, 60, and 90 days was also tested on the δv/v and the water level
data to smoothen out hard to explain anomalies. At a 60- and 90- rolling average, very
small changes in the δv/v are lost in the averaging. Hence, a 30-day rolling average was
selected, so as to give the best detail on a monthly scale.

Figure B.1.: Example of different rolling averages of δv/v and water level: (a) 30-day, (b) 60-day,
and (c) 90-day.
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