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Abstract

In this paper, we review the procedures involved in establishing a contemporary workflow for 
real-time microseismic monitoring using a local-scale seismographic network. We draw on our 
specific experience in monitoring potentially induced or triggered seismicity at two adjacent oil 
extraction sites in the Basilicata region of Southern Italy. This monitoring effort is conducted within 
a regulatory framework that adheres to established guidelines. However, we perceive our undertaking 
as generally appropriate for any local-scale seismographic network, irrespective of the specific 
application planned. For this reason, here we limit ourselves to discussing issues related to accurate 
detection, location, and quantification of microearthquakes as discrimination of their causative 
process is beyond the scope of this paper. We provide an overview of the tools and methodologies 
essential for effective monitoring, as well as the necessary approaches for assessing the reliability 
and accuracy of results, with the aim of offering practical guidance to those undertaking similar 
projects. The paper outlines the acquisition and analysis systems, including both hardware and 
software components, that we routinely deploy. We assessed the spatial variability of the detection 
threshold of the network employing an approach based on the comparison of the actual noise level 
recorded at the seismic stations with the theoretical spectra corresponding to the rupture models for 
small earthquakes. Furthermore, various tests were conducted to ascertain the significance of noise 
levels and hypocentral depths on the computed detection thresholds. Special attention is given to the 
critical issue of addressing the inherent uncertainties in the determination of hypocenters, a factor 
often underappreciated in such operations. While many advanced tools are available to network 
operators, optimal results require proper configuration and rigorous testing of these systems.

Keywords: Seismographic networks; Microseismicity; Earthquake detection; Earthquake location; 
Seismic noise; Seismic monitoring
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1. Introduction

For decades, seismic networks – comprising multiple digital seismographs distributed across a designated 
area of interest, with centralized, continuous data acquisition and real-time analysis – have been utilized to 
monitor seismic activity at various scales. These networks range from global (e.g., Oliver and Murphy, 1971; 
Romanowicz et al., 1984; Butler et al., 2004; Ringler et al., 2022), to regional (e.g., Boschi et al., 1991; Liu et al., 2008; 
Hetényi et al., 2018; Margheriti et al., 2021), and local scales (e.g., Priolo et al., 2015; Nolte et al., 2022). In some 
cases, they are even employed to monitor the dynamic behavior of individual structures (e.g., Snieder and Şafak, 
2006; Morelli et al., 2021). Local seismic networks are frequently designed to detect and analyze microseismicity 
(e.g., Chiaraluce et al., 2009; Bianchi et al., 2015; Anselmi et al., 2020 among many others), characterized by very 
small, often negative magnitude events. Such events are of particular interest when they are potentially linked 
to anthropogenic activities, particularly in contexts involving the exploitation of subsurface natural resources 
(i.e., induced seismicity, e.g., Ellsworth, 2013; Grigoli et al., 2017; Braun et al., 2018a).

Although the origins of modern seismography can be traced back slightly earlier (see, e.g.,  the references 
in Dziewonski, 1994), the 1990s marked a truly transformative period for the field. This decade saw the widespread 
adoption of force-balanced (very-) broadband seismographs (Wielandt and Steim, 1986), the establishment of 
modern network operations driven by (near-) real-time data transfer and analysis, and the emergence of extensive 
collaboration frameworks among operators. Prominent initiatives during this period include the Federation of 
Digital Seismograph Networks (Dziewonski, 1994; Jepsen, 1994; North, 1994; Chen et al., 1994; Roult and Montagner, 
1994; Hanka and Kind, 1994; Boschi and Morelli, 1994; Butler, 1994), ORFEUS in Europe (Dost, 1994), and the IRIS 
initiative in the United States (Ahern, 1994). A pivotal development during this time was the establishment of a new 
Standard for the Exchange of Earthquake Data (Ahern et al., 2009), which emerged from extensive community 
discussions and was subsequently widely adopted. It is fair to assert that modern seismic network operations today 
are deeply rooted in the standards and procedures that originated during the 1990s. While global cooperation and 
data exchange among seismological institutions have been in place since the early 20th century – notably through 
the International Seismological Centre (e.g., Rothé, 1981) – this cooperation was primarily focused on sharing 
parametric data resulting from the processing of arrival times. However, the 1990s represent a significant turning 
point, marking the birth of what can be recognized as modern seismography.

Extensive experience in the design and operation of seismic networks has led to the accumulation of substantial 
knowledge and the development of numerous well-tested tools, many of which are publicly accessible and freely 
shared within the scientific community. However, establishing new seismic network operations from scratch, 
particularly in a continuous and near-real time operational mode, remains an elaborate and time-consuming 
process, often requiring multiple iterations and trial-and-error adjustments. Numerous critical decisions must 
be made, and considerable effort is required to configure and test the entire analysis workflow. In this paper, we 
provide a detailed account of our recent experience, aiming to review the decision-making process, implementation 
strategies, and system configuration in a manner that is both broadly informative and – hopefully – practically 
useful to others undertaking similar initiatives. In many respects, this paper represents the resource we wish had 
been available when we first confronted these challenges.

A prime application for a local seismograph network is to monitor crustal microseismicity possibly involved 
with underground energy technologies. It is well known that anthropogenic activities interacting with crustal 
rocks – such as mining, fluid extraction or injection, and water impoundment in reservoirs – can modify the stress 
state of the rocks and potentially induce earthquakes (e.g., Grigoli et al., 2017). In active tectonic regions, even 
relatively minor stress changes from industrial activities can trigger the failure of a fault already near its critical 
stress (e.g., Dahm et al., 2013). In other cases, hydraulic fracturing has caused earthquakes in previously aseismic 
regions (e.g., Ellsworth, 2013). In all scenarios, induced or triggered earthquakes that may impact populations 
and property are undesirable. Efforts to manage and mitigate the risks associated with the use of underground 
natural resources are driven by the need to protect both the natural and built environments, as well as human 
populations and workforces. As demand for energy and mineral resources increases and urbanization expands, 
concerns about the impact of these industrial activities continue to grow. In response to the rising awareness 
of risks from anthropogenic seismicity, many countries have implemented control protocols for systematically 
monitoring seismicity, ground deformation, and fluid pore pressure to reduce the potential impact of industrial 
activities. These protocols often employ a Traffic Light System (TLS), which dictates the reduction or even cessation 
of industrial operations when control parameters exceed certain thresholds (Bommer et al., 2006; Grigoli et al., 2017; 
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Baisch et al., 2019; Braun et al., 2020). Such systems require observations from local seismic networks and reliable 
near-real time analysis. Although a detailed discussion of the effectiveness of TLS for mitigating induced or triggered 
seismicity is beyond the scope of this paper, it is helpful to briefly introduce the operational framework. The system 
described here serves as a prime example of one of the possible applications of a local seismic network.

Although Traffic Light Systems (TLSs), which rely on the exceedance of fixed threshold values, are widely 
used in various operational environments, Baisch et al. (2019) have highlighted significant limitations in their 
predictive capabilities. These limitations arise primarily from the assumptions inherent in the conceptual models 
of seismic nucleation and evolution. As a result, they recommend designing TLS protocols tailored to each 
specific operational environment, using geo-mechanical models and changes in the stress field as indicators of the 
robustness of the monitoring system. Earthquake magnitude is the most commonly used parameter for defining 
TLS warning thresholds. Along with peak ground velocity (PGV) and peak ground acceleration (PGA), it contributes 
to TLS design in accordance with the current Italian guidelines for monitoring hydrocarbon extraction activities 
(Indirizzi e Linee Guida per il monitoraggio, ILG; Dialuce et al., 2014). Interestingly, Schultz et al. (2021) proposed 
a risk-informed approach for setting maximum alert thresholds, which takes into account both damage levels and 
nuisance to the population. This approach builds TLS parameters using geographically variable iso-risk maps. 
High-quality microseismic monitoring remains a crucial tool for providing near-real time evaluations of rapidly 
changing conditions, often influenced by human activity. It enables data-driven decisions through adaptive and 
objective assessments. While distinguishing between anthropogenic and natural seismicity in real or near-real 
time remains a significant challenge (e.g., Dahm et  al.,  2013; Goebel  et  al.,  2015), microseismic monitoring 
enhances our understanding of how the crust responds to stress perturbations caused by human activities. By 
quantifying changes in seismicity rates, it can help identify possible fluid migration or define spatial patterns of 
rupture nucleation.

Several methods exist to estimate the initiation point and origin time of an earthquake rupture (e.g., Havskov et al., 
2002). The most prevalent method involves determining the origin point from where seismic waves propagate, 
assuming a known wave speed, to a network of seismographs (e.g., Karasözen and Karasözen, 2020). To detect 
an earthquake, the initial step is to identify the arrival of energy at each individual sensor, known as detection. 
Subsequently, it is necessary to ascertain whether certain arrivals at different stations exhibit coherence, given 
a known wave propagation speed and a single potential source (phase association to create an event). Once the 
event is confirmed, energy arrivals are timed (arrival time pick), and the origin time and location (hypocenter) are 
estimated. The intent to detect feeble small-magnitude events, and the contributions to ground motion originating 
from natural and anthropogenic sources (such as wind, sea waves, road traffic, machinery, etc.) generally referred 
to as ambient noise, require some careful parameter tuning to local conditions to reach the best performance. 
The classical and most common method to detect the arrival of energy is based on the amplitude ratio of a short-term 
average of the amplitude of incoming signal versus a long-term average (this is known as STA/LTA, e.g. Trnkoczy, 
2002). Other methods have been proposed that take advantage of waveform shapes. Matched filtering involves 
cross-correlating recorded seismic data with known event templates to identify similar patterns (e.g., Shearer, 
1994). This technique enhances the detection of low magnitude microseismic events that may be obscured by noise. 
Advanced deep learning models have also been developed to detect microseismic events (e.g., Zhu and Beroza, 
2019). These models leverage neural networks to automatically identify and characterize seismic events, improving 
detection accuracy and efficiency. Full waveforms contain more information than arrival times only, and their use 
for location (also using reverse-time source imaging) and classification is receiving increasing interest (see e.g. the 
review by Cesca and Grigoli, 2015).

Microseismic monitoring largely relies on traditional seismological methods that must be carefully adapted to 
meet the specific needs of this application. Key elements include configuring the seismic network appropriately, 
setting up automatic detection and processing systems, and implementing effective post-processing routines – all 
of which are essential for the successful routine monitoring of underground operations. Detection and location 
methods typically fall under two primary approaches: arrival time pick and waveform-based. The more traditional 
pick-based methods encompass phase detection and identification, event association, and location refinement. 
Phase detection entails identifying alterations in waveform energy, frequency content, or polarization, which 
correspond to seismic phase arrivals (e.g. Grigoli et al., 2018). Automated phase picking is standard for the initial 
arrivals of P and S waves. Here, we present our ongoing experience in utilizing various seismic networks to meet the 
objectives and performance standards prescribed by regulatory policies (Dialuce et al., 2014). Due to the necessity 
of well-established and rigorously tested procedures that are essential for fiduciary routines, we adhere to the 
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more conventional approach based on the arrival phase selection. We assess the impact on overall monitoring 
performance by integrating data from specific networks with available open-access seismographic stations (from 
both national and local initiatives), evaluating detection thresholds based on background noise. Automatic detection 
algorithms must be finely tuned to accommodate the resulting heterogeneous and integrated network.

In this paper, we focus exclusively on the analysis of data generated by an existing seismic network, without 
addressing the challenges associated with planning and deploying instrumentation in the field. The design and 
implementation of a seismological instrument array involve numerous factors, such as array geometry, hardware 
selection, site location (considering exposure to natural and anthropogenic noise, accessibility, and proximity to 
power and communication infrastructure), and sensor placement (e.g., Bormann, 2012; Nolte et al., 2022). Our 
objective here, however, is to review and document the decisions necessary for establishing a near-real time 
data analysis system for a local seismic network, specifically aimed at monitoring potentially induced seismic events. 
While our case is particular, the principles and considerations outlined apply broadly to any local network designed 
to monitor low-magnitude seismicity, whether on a volcanic structure, within industrial settings, or overactive 
tectonic regions. The paper begins by outlining the primary objectives of the seismographic network and providing 
a concise description of the geological context, which is crucial for interpreting the results. We then detail the 
data acquisition and analysis system, categorizing various sources of noise and disturbances and discussing their 
effects on network performance and the calibration of automatic detection algorithms. Additionally, we describe 
adaptations to the seismological analysis workflow in response to specific environmental conditions, such as the 
selection of an appropriate local magnitude scale. Finally, we conclude with a discussion on the importance of 
implementing realistic estimates of uncertainty in seismic event determinations.

2. �The High Agri River and Sauro Stream valleys, Southern Italy: 
geologic setting and instrumental network

A comprehensive understanding of the seismotectonic background is essential for analyzing local seismicity 
in any region, making a preliminary review of relevant literature advisable. Accordingly, we provide a concise overview 
of the geological and tectonic setting of the area under study. The southern Apennines form part of the NW-SE 
oriented Apennine thrust-and-fold belt (Fig. 1), which is undergoing a general NE-SW extensional regime. This belt 
is bounded to the east by a Plio-Pleistocene foredeep and to the west by the Tyrrhenian back-arc basin (Malinverno 
and Ryan, 1986; Casnedi et al., 1988). The compressional belt evolved through two distinct tectonic phases with 
differing styles: (1) an initial Neogene thin-skinned phase, involving thrust sheets composed of Meso-Cenozoic 
sedimentary units from the internal Apennine Platform and Lagonegro Basin, along with associated foredeep 
flysch deposits, which were thrust over the Inner Apulian Platform; and (2) a subsequent Late Pliocene-Early 
Pleistocene thick-skinned phase, during which deeply-rooted, high-angle N- to NW-trending thrusts with antithetic 
back thrusts generated long-wavelength anticlines within the Apulian platform (Menardi Noghera and Rea, 2000; 
Mazzoli et al., 2001; Shiner et al., 2004). It remains unclear from the existing literature whether these deformation 
styles operated simultaneously, contributing to the formation of both foredeep and piggyback basins. The Apulian 
platform consists of a 6 ÷ 8 km thick succession of Meso-Cenozoic shallow-water carbonates, with anticlines in these 
carbonates serving as the primary traps for oilfields, sealed by Pliocene siliciclastic foredeep deposits.

The upper Agri River valley (hereafter referred to as Val d’Agri; Fig. 2) is a Quaternary extensional basin formed 
by two active, high-angle, range-bounding fault systems with opposing dips: the Monti della Maddalena Fault 
System (MMFS) and the Eastern Agri Fault System (EAFS) (Cello et al., 2003; Maschio et al., 2005). Significant 
normal-faulting earthquakes have occurred along the axial sector of the southern Apennines, impacting the Val 
d’Agri area. The most recent of these was the M7 earthquake of 1857. Although the identity of the causative fault 
remains debated, recent studies have linked the 1857 event to a segment of the Monti della Maddalena Fault System 
(Burrato and Valensise, 2008; López-Comino et al., 2021).

The Tempa Rossa-Gorgoglione valley, traversed by the Sauro Stream (Fig. 2), is a piggyback basin where thick 
Miocene and Plio-Pleistocene foredeep units, thrust over the Apulian Internal platform, are exposed within the belt’s 
external domains. Beneath this basin, the Apulian Internal platform is characterized by compressive structures, 
such as the Tempa Rossa structure, and exhibits thrusting over the Apulian External platform. The latter, however, 
is influenced by extensional structures, attributed to flexural processes during under-thrusting (Menardi Noguera and 
Rea, 2000; Bertello et al., 2010; López-Comino et al., 2021).
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Figure 1. �Schematic geological map of the High Agri Valley in the Italian Southern Apennines (modified after Giocoli et al., 
2015). Downloaded from https://commons.wikimedia.org/wiki/File:Schematic-geological-map-of-the-High-Agri-
Valley.png on June 20th, 2024; licensed under Creative Commons Attribution 3.0 Unported License. Inset at top 
right shows with a black box the location of the detailed map in the main figure in a regional setting, and – with 
a red line – the approximate location of the cross section shown in Fig. 2. MMFS: Monti della Maddalena Fault 
System; EAFS: East Agri Fault System.

Figure 2. �Structural cross section across the Val d’Agri and Tempa Rossa extensional basins (for approximate location see 
inset map in Fig. 1; modified after Menardi Noguera and Rea, 2000).

https://commons.wikimedia.org/wiki/File
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This area is seat of diffused low-magnitude seismicity (Fig. 3). Valoroso et al. (2009) have shown that seismic 
activity, occurring mostly in spring after loading of artificial Pertusillo Lake, suggests reservoir-induced seismicity 
triggered by fluid pressure diffusion (Valoroso et al., 2009). Wastewater injection into the Val d’Agri oil field has also 
been shown by Improta et al. (2017) to induce microseismicity. That study suggests that injection pressure is the 
primary driver of seismicity, channeling through a high-permeability fault damage zone.

In this region, two significant oil reservoirs are under exploitation through separate concessions: the Val d’Agri 
reservoir, the largest onshore oil reservoir in Europe, and the adjacent Gorgoglione-Tempa Rossa reservoir. Through 
an agreement between the regional government of Basilicata (Regione Basilicata, RB) and the relevant national 
authority (initially under the Ministry of Economic Development, MiSE, now under the Ministry of Environment 
and Energy Security, MASE), the Istituto Nazionale di Geofisica e Vulcanologia (INGV) is responsible for monitoring 
microseismicity and ground deformation, following the guidelines outlined in Section 2 (ILG, Dialuce et al., 2014; 
see also Braun et al., 2020).

Instrumental networks for geophysical monitoring in the field are managed by the industrial operators. 
Numerous seismic stations, administered by these operators and deemed both numerically and qualitatively 
adequate to meet the prescribed monitoring requirements, are distributed across the Val d’Agri and Gorgoglione 
areas. The Val d’Agri seismograph network (network code VA) has been operated by ENI SpA since 2001, starting 
with initial installations that have since expanded and been modernized. Currently, the network comprises 20 
stations. In line with the ILG guidelines (Dialuce et al., 2014), substantial upgrades have been made to improve 

Figure 3. �The integrated seismographic network in the Val d’Agri and Gorgoglione region, subject to analysis. Triangles 
represent seismographic stations, shown in different colors to mark the different networks (as shown in legend). 
The light-pink shaded area represents the Domain of Interest (DI) for the integrated network. The CMS catalog 
from analysis of the integrated network only covers this DI. Epicenters are shown with circles colored by depth 
classes and sized according to magnitude, see legend. Capable fault traces (thick red lines) are from ITHACA 
Working Group (2019). Thin red lines show other tectonic lineaments from ISPRA (2025). Historical earthquakes 
(open squares) are taken from the CPTI15 catalog (Rovida et al., 2022). Background instrumental seismicity is 
taken from from the INGV catalogue (ISIDe Working Group, 2007).
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infrastructure and achieve the required performance, including new installations. Stations previously operating 
in triggered mode have been upgraded to ILG standards with 24-bit digitizers, continuous acquisition at a 200 Hz 
sampling rate, and real-time data telemetry. In the Gorgoglione area, Total E&P Italia S.p.A. manages a newly 
installed network (network code TP) of 12 seismic stations designed in accordance with regulatory guidelines 
for microseismic monitoring (TOTAL E&P Italia Spa, 2018). Each station is equipped with both an accelerometer 
and a velocimeter, acquiring continuous data at a 200 Hz sampling rate in real time. Technical specifications for 
all sensors, digitizers, velocimeters, and accelerometers across both networks are recorded in the IRIS Nominal 
Response Library (NRL) database (http://ds.iris.edu/ds/nrl/, last accessed: July 10, 2024). In addition to the Val 
d’Agri and Gorgoglione networks, data acquisition is extended to select stations from other public networks: IV 
(INGV, 2005), VD (CNR IMAA, 2019), IX (Irpinia Seismic Network – ISNet, 2005), and GE (GEOFON Data Centre, 
1993). Network integration may significantly enhance microseismic monitoring by improving network geometry 
and spatial coverage. The complete integrated virtual network across the Basilicata region consists of 56 seismic 
stations (Fig. 3). The stations within these networks operate in locations with widely varying noise characteristics. 
For example, IV stations, installed to monitor Italian seismicity in free-field conditions, are often located away from 
urban centers and experience low noise levels. In contrast, the VA and TP stations in the Val d’Agri and Gorgoglione 
oilfields generally have higher noise levels for periods under one second – unfortunately, the primary range for 
monitoring small-magnitude seismicity – due to industrial activities, as discussed in a later section. Incorporating 
open stations available in the region introduces heterogeneity in terms of instrument response (largely addressed 
by standardized FDSN metadata) and site noise characteristics. However, it also significantly enhances the spatial 
coverage of the network and it is quite common practice. When feasible, this approach is highly recommended, as 
the advantages of expanded coverage and data richness generally outweigh the added technical challenges.

3. Data acquisition and analysis

In designing the computing hardware and software infrastructure for a seismic monitoring system, it is essential 
to consider key performance requirements. For our implementation, the primary mission-critical needs to ensure 
reliable, near real-time data acquisition and analysis include robust IT security; data protection for stations with 
restricted access; and system failure tolerance via redundancy in processing routines and data storage (both raw and 
processed). To meet these requirements, we implemented a redundant hardware infrastructure (Fig. 4) comprising 
two independent servers and a storage array. An additional layer of disaster recovery is provided by mirroring 
a data buffer onto a virtual machine hosted in a separate institutional data center in Rome.

For data acquisition and analysis, two identical physical servers were selected, each hosting two virtual machines 
that operate concurrently and independently. Each server includes one virtual machine dedicated to real-time 
data acquisition and another that manages automatic data processing, data storage, and post-processing by analysts. 
This modular design supports fault tolerance: in the event of a failure in one physical server, the other can continue 
uninterrupted data acquisition and processing.

Each server is equipped with a 40-core Xeon CPU configured for hyper-threading and 4 TB of RAM. The four 
virtual machines are allocated 8 cores and 20 GB of RAM each, run on the Linux Centos 8 operating system, 
and use SeisComP for data acquisition and processing [Seiscomp, https://www.seiscomp.de/, last accessed July 
10, 2024]. Real-time seismic data acquisition relies on a Common Acquisition Protocol Server (CAPS) module 
[CAPS, https://docs.gempa.de/caps/current/base/introduction.html, last accessed July 10, 2024]. Seismological data, 
databases, and virtual machine volumes are stored on a Dell SCV-3000 storage array. A simplified configuration 
diagram is provided in Fig. 4.

The acquisition and processing software is installed on two virtual machines (Fig. 4). The Acquisition 1 VM 
is dedicated to acquiring and storing seismological data from the seismic stations, with data archived by the 
CAPS server. The Processing & DB 1 VM then processes this data, made available by the Acquisition 1 VM, both 
of which run on the same physical hardware unit (Hypervisor 1). Each virtual machine operates on the Centos 8 
system and is supported by two volumes in the storage array: one for the operating system and another for data. 
Both virtual machines are implemented via libvirt [Libvirt, https://libvirt.org, last accessed on July 10, 2024] on 
a Debian 10 operating system hosted by Hypervisor 1. Device mapper multipath [Device Mapper Multipathing, 
https://access.redhat.com/documentation/it-it/red_hat_enterprise_linux/6/html/dm_multipath/mpio_overview, last 
accessed on July 10, 2024] enables the connection between the hypervisor and the storage array (Fig. 4).

http://ds.iris.edu/ds/nrl/
https://www.seiscomp.de/
https://docs.gempa.de/caps/current/base/introduction.html
https://libvirt.org
https://access.redhat.com/documentation/it-it/red_hat_enterprise_linux/6/html/dm_multipath/mpio_overview
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This setup is mirrored on Hypervisor 2, identical in hardware and software, which hosts Acquisition 2 VM and 
Processing & DB 2 VM, identical to those on Hypervisor 1. The two pairs of virtual machines operate simultaneously 
and independently. If a machine in one pair stops, the other pair continues functioning, ensuring uninterrupted 
acquisition and processing of seismological data. This configuration allows for staggered maintenance and system 
updates without any interruption of service. Furthermore, both hypervisors connect to the storage array via two 
Ethernet cards configured in active-backup bonding [Bonding, https://wiki.debian.org/it/Bonding, last accessed on 
July 10, 2024], connected through two separate Netgear XS748T switches.

To meet the operational requirements of the monitoring system, we employ the SeisComP seismological 
software (Helmholtz Centre GFZ and Gempa, 2008; Hanka et al., 2010), widely adopted in the scientific community. 
SeisComP provides automatic and interactive multi-parametric data acquisition, quality control, analysis, 
processing, and data exchange, using standardized protocols and formats. Its functionalities include redundant 
acquisition processes, synchronized archives, dynamic network configuration based on automatic waveform quality 
parameters, optimized data protection where necessary, multi-parametric time series management, automated and 
interactive event detection and location, and an efficient data dissemination system. While we critically experiment 
with more sensitive detection methods, such as coherence analysis, machine learning, or template matching 
(Caredda et al., in preparation), we resolve to use automatic SeisComP modules because they are thoroughly tested 
and highly reliable, making them suitable for fiduciary monitoring. The same applies to the location methods used.

Modern seismic monitoring software systems must efficiently handle a variety of mission-critical tasks, including 
managing data transfer and acquisition, performing both automatic and supervised seismological analyses, and 
ensuring permanent, reliable data storage. Given this complexity, many institutions opt to use established, widely 
available software – whether commercial, proprietary, or open-source – rather than developing customized solutions, 
as implementing such a system requires considerable time and expertise. However, conducting direct comparative 
testing to evaluate specific benefits and limitations of each software option is generally impractical, so decisions are 
often based on prior knowledge and user experience. Several robust options exist in the field. The SEISAN package, 
designed for the interactive processing of seismic data across global, regional, and local scales (https://www.seisan.

Figure 4. �Design of the redundant acquisition system. The figure depicts two physical servers (hypervisors, depicted in 
gray boxes) each executing two virtual machines (VMs, represented in orange and light blue boxes). One VM is 
allocated for the acquisition of seismological data, while the other is responsible for data processing. The storage 
volumes for both VMs are situated within the storage array (green), which houses systems operating data and 
configurations (“/data”) as well as the acquired seismological data (“/data acquisition”). The two independent 
systems run in parallel, executing identical tasks, with processed data from both workflows converging into 
synchronized instances of a unified database. Redundancy minimizes the risk of data loss – whether during 
maintenance procedures or due to system failures – and is thus essential for achieving fault tolerance, a critical 
requirement in microseismic monitoring. Additional off-site disaster recovery is based on a virtual machine 
located in a separate institutional data center in Rome (not represented in the Fig. 4).

https://wiki.debian.org/it/Bonding
https://www.seisan.info
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info; Havskov and Ottemoller, 1999; Havskov et al., 2020), was originally developed for the Norwegian National Seismic 
Network in the early 1990s and has since grown with contributions from an active user community. Another widely 
used open-source package, Earthworm (http://www.earthwormcentral.org, Johnson et al., 1995), also benefits from 
community support for ongoing maintenance and expansion, although considerable customization is often required 
to adapt it to specific needs (e.g., Mele et al., 2010b). Antelope (https://brtt.com, Boulder Real Time Technologies, 
2023), a commercial package, also provides comprehensive data archiving and analysis tools to manage seismic event 
workflows from acquisition to archiving, with additional user-contributed libraries available to address specific needs.

After assessing performance, reliability, and support requirements, we chose the SEISCOMP package 
(Hanka et  al.,  2010; Helmholtz Centre GFZ and GEMPA, 2008), which originated with the SeedLink real-time 
communication protocol for TCP/IP-connected networks in the GEOFON seismograph network. SEISCOMP allows 
consistent formatting of seismic time series from field data loggers to data centers, following the Standard for 
Exchange of Earthquake Data (SEED; see Ahern et al., 2009; Ringler and Evans, 2015) and data collection via SeedLink, 
a widely adopted protocol for seismic data transmission over TCP/IP (Helmholtz Centre GFZ and Gempa GmbH, 
2008). Key metadata about the instrumentation is organized according to the FDSN StationXML Schema (Federation 
of Digital Seismograph Stations, 2022). Currently, our system manages a data stream of approximately 6 Gb/day, 
collected in real-time or near real-time from seven seismic monitoring networks, both public and private, comprising 
a total of 56 stations within the monitoring area.

Maintaining a continuous, real-time overview of the health of a seismic network is essential to guarantee 
a responsive earthquake monitoring system. Parameters such as latency, communication activity, power consumption, 
data completeness, and interference levels are monitored continuously. Additionally, monitoring noise levels at 
each site is crucial and is discussed further in the next section.

4. Background noise and disturbances

Figure 5 presents a flowchart outlining the essential workflow for setting up and executing routine data acquisition 
and analysis for the seismograph network. Each step is elaborated upon in the subsequent sections. Upon 

Figure 5. �Workflow presenting the sequence of different steps as described in the text. Routine operations include quasi-real 
time supervision for atypical events as requested by the regulatory monitoring guidelines. Feedbacks are shown to 
indicate continuous re-analysis of detection parameters and monitoring of possible background noise variations

https://www.seisan.info
http://www.earthwormcentral.org
https://brtt.com
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Figure 6. �Probabilistic Power Spectral Density (PPSD – McNamara, 2004) plots for two stations of the CMS integrated 
network. The plot to the left refers to a seismic station installed outside urban areas; the right plot – with higher 
nose levels at short-period – is for a seismic station located inside the Val d’Agri basin and influenced by noise 
of anthropic origin. The black curves represent the high and low noise model limits (Peterson, 1993). Also note 
that the EHZ data stream of sensor 00 at site GRUE of network VA (identified by the string VA.GRUE.00.EHZ 
in the SEED convention) refers to a short-period, strong-motion sensor, that is not reliable for periods longer 
than ~1 s. This is shown by the too-low noise level, crossing the low noise model, due to reduced sensitivity 
in that period band. Also note that for periods T > 10 s the data only show the internal electronic noise of the 
sensor, that does not exhibit daily variation. In the bottom color scale, green patches represent available data, 
red patches are gaps in the data streams, and blue patches mark the data that contributed to the histogram.

initiating the software, the primary and most crucial step involves analyzing background noise. It has long been 
recognized (for instance, Gutenberg, 1951) that seismometers record the uninterrupted motion of the ground 
caused by sources other than earthquakes. This component, collectively referred to as seismic noise, frequently 
obscures low-amplitude seismic records of earthquakes. Unlike stochastic internal electronic instrument noise, 
seismic noise is a deterministic process resulting from interactions between the fluid envelope and the solid Earth 
(Ardhuin et al., 2011). Historically, this phenomenon has often eluded the attention of seismologists. A notable example 
is the characteristic ground motion consistently recorded by seismometers worldwide, irrespective of any earthquake 
activity, within the period band between approximately 4 and 20 seconds, historically designated as “microseisms” 
(e.g., Berger et al., 2004). This ground motion originates from the interaction between systems of gravity waves in the 
ocean (e.g., Gualtieri et al., 2013, 2015). Background ground motion (outside earthquake-generated wave trains) 
in different period bands typically arises from distinct sources. For instance, atmospheric pressure fluctuations are 
responsible for ground motion with long periods, while anthropogenic sources or wind-generated motion accounts 
for short-period motion (Bormann and Wielandt, 2013; Smith and Tape, 2019; Quigley and West, 2023).

Recorded background seismic noise is typically evaluated using the Power Spectral Density (PSD; Peterson, 
1993). The PSD represents an observable commonly employed to examine disturbances impacting station 
performance in distinguishing earthquake-generated signals from other sources, such as episodic cultural noise, 
variations in microseismic noise levels, and sensor malfunctions. The power spectral density of a continuous 
signal, predominantly composed of background noise, is computed for each individual time series after appropriate 
instrument response removal. Subsequently, these time series are averaged to generate a frequency plot representing 
the statistical probability density function. These probability densities are valuable in characterizing the performance 
of a seismic station and identifying potential operational issues (McNamara and Boaz, 2005). The probability density 
functions derived from the PSD identify the ‘normal’ ambient noise conditions with the highest probability, which 
may be considered stationary. Consequently, any deviation from these conditions can be detected as an anomaly, 
prompting appropriate intervention. We have implemented a quasi-real-time automatic procedure that nightly 
calculates the distribution of the PSD using the ObsPy routines (Beyreuther et al.,  2010; Krischer et al.,  2015) 
based on the direct Fourier method (Cooley and Tukey, 1965; McNamara and Buland, 2004). Figure 6 presents two 
such power spectral density probability density functions corresponding to the vertical component of two sample 
stations (IV.PTRP and VA.GRUE) with different noise signatures. Additionally, the plots include the New High (and 
Low) Noise Models (Peterson, 1993) for reference. The probability density has been calculated from the frequency of 
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measured spectral densities. The comparison reveals a quieter broadband station on the left, exhibiting noise levels 
that approach the minimum noise model limit. Station VA.GRUE exhibits a noisier periodicity at shorter intervals, 
potentially attributable to anthropogenic activities within that range. However, it exhibits a significant reduction 
in noise above the period of approximately 1 second. Notably, it does not conform to the well-known bump that 
reaches a maximum at around 5 seconds, which is attributed to ocean-generated microseisms. This is because the 
sensor is a short-period type, characterized by a narrow line that widens for periods exceeding 1 second. The internal 
electronic noise, which exhibits minimal fluctuation, is responsible for the increase in the line. Figure 7 presents 
a summary of the medians of probability density functions calculated for all stations and components, separately 
plotted for the monitoring region and sensor type (short-period and broadband velocity sensors). Additionally, the 
New High (NHNM) and New Low (NLNM) Noise Models (Peterson, 1993) are included for reference. At short periods 
(duration less than 1 second), the group of curves exhibits significant variability, with higher noise levels generally 
indicating the presence of ground motion caused by local industrial or anthropogenic activities. At periods longer 

Figure 7. �Median curves of the power spectral densities for the operating stations forming the integrated CMS seismic 
Network during the period from April 2020 to November 2021. Each line represents a single station, color coded 
according to the inset legend. The upper and lower light gray lines correspond respectively to the NHNM and 
NLNM models. (a) North‑South horizontal component and (b) Vertical component of the broadband stations, 
(c) North‑South horizontal component and (d) Vertical component of the short period stations (velocimeter). 
Channel naming follows the FDSN SEED convention (Ahern et al., 2009) by which the first letter H, C designates 
a broad band sensor sampled at high rate, while letter E identifies a short period sensor.
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than 1 second, some of the ‘short-period’ sensors are unable to resolve true ground motion and only display internal 
electronic noise. This is evident from the fact that the noise median is below the lowest recognized ground motion 
noise NLNM. Such plots facilitate the identification of stations with better and worse noise characteristics.

Seismographs are highly sensitive instruments, making them susceptible to recording various non-arthquake- 
related vibrations. Consequently, they are vulnerable to several potential technical malfunctions that network 
operators should be cognizant of. Ringler et al. (2021) have identified several atypical signals resulting from different 
instrument failures that network operators should be aware of. These signals can often be recognized in the time 
series or in the noise power spectral density plots that we will discuss in more detail below. Instead, we present here 
some abnormal signals, identified as due to natural or anthropogenic disturbances, that may be quite common to 
observe and useful to identify.

Figure 8 presents amplitude spectra of signals recorded at designated stations, exhibiting distinct characteristics. 
Stations VA.ARME and VA.MOME exhibit pronounced peaks attributed to a wind power facility. VA.FORE, VA.GRUE, 
and VA.PADE, influenced by varying distances, demonstrate a peak at 3.5 Hz indicative of industrial pumping 
activity.

The presence of elevated noise levels can potentially obscure the records of seismograms. Figure 9 presents 
spectra for records of magnitude 2.2 (red) and 0.8 (green) earthquakes within the network, compared with background 
noise (black) at night (2 a.m.; left) and daytime (2 p.m.; right). Notably, daytime noise levels coincide with the signal 
of the M 0.8 earthquake, thereby obscuring its observation. Conversely, at nighttime, the earthquake’s signal exceeds 
the noise. Seasonal noise variations, likely attributable to weather conditions, can also be observed.

(a)

(b)

Figure 8. �Sample amplitude spectra at selected stations: (a) broadband station ARME: the peak at 0.2‑1.0 Hz is due to 
microseisms and is present at broadband stations; peaks at 2.8 Hz, 4 Hz, 7 Hz (all marked by a red star) are due to 
a nearby wind power plant; (b) short period stations FORE (top) and GRUE (bottom), showing a peak at ~3.5 Hz 
(vertical red dashed line) due to pumping activity, stronger at FORE that is closer; general high noise level at 
these stations is due to traffic. Note the presence of the broad peak due to microseisms (panel a, centered at 
~0.4 Hz) that is attenuated at short period seismographs (panel b).



Analysis system to monitor microseismicity

13

Station ORI (network IV) is situated in close proximity to the bell tower of Oriolo Calabro. As observed by Diaz 
(2020) and depicted in the plot of Fig. 10 (top), the seismograph registers chimes indicating every quarter of an 
hour. A closer examination of the bell tower signal, for instance, at approximately 04:43:25 UTC, reveals that the 
amplitudes and frequencies of the hourly chimes are significantly lower compared to those of the quarter-hourly 
intervals. A spectrogram is presented at the bottom of Fig. 10.

In addition to detecting explosions, continuous seismic monitoring may also record some unusual pulses 
that, at first glance, may be mistaken for earthquakes. For instance, the sonic boom of an airplane (as depicted 
in Fig. 11) can be recorded by seismometers. As is well-known, when an object, such as an aircraft, moves through 
the atmosphere at a speed exceeding the speed of sound in air, it generates a shock wave that couples with the 
ground and can be detected by seismometers (e.g., Kanamori et al., 1991). The pattern of arrival times may resemble 
that of a wavefront propagating from an earthquake epicenter. However, the ground isosurfaces can be shown to be 
hyperbolas (Kanamori et al., 1991), and the propagation speed of sound in air is significantly lower than that of body 
waves in the crust. Consequently, a valid solution for the source location cannot be obtained using a calculation 
optimized for earthquakes. Figure 11 presents an example of a sonic boom recorded by the local network on 
November 10, 2021, with impulsive amplitudes exceeding the noise level. Although the energy arrivals are clearly 
discernible, an attempt to attribute these arrivals to a seismic source fails. Such observations may remain a curiosity 
due to the limitations of a local network’s aperture and the complexities of sound propagation in the atmosphere, 
which generally prevent the unique determination of altitude, speed, and source location, as demonstrated by 
Kanamori et al. (1991).

Ground motion caused by various natural and anthropogenic sources, such as wind, sea waves, thunderstorms, 
road traffic, machinery, and even bell towers, can fluctuate in amplitude but is always present and obscures the 
seismic signal. When ambient noise has a well-defined frequency signature (as exemplified by the sharp peaks 
in Fig. 8), it can be effectively removed by filtering the signal. However, in most cases, ambient noise simply 
contaminates the seismic signal, exacerbating the signal-to-noise ratio and impacting on network earthquake 
detection performance. Consequently, automatic detection parameters must be meticulously calibrated to account 
for the specific local characteristics. Although ambient noise fluctuates with time, sometimes regularly (e.g., nights 
are generally more quiet with less anthropic/industrial noise; summers are often quiet because of less wind 
and thunderstorms) we do not classify periods (e.g., quiet vs. noisy ones) and detection parameters do not vary 
with time.

Figure 9. �Comparison of signal from two earthquakes (MLbj = 2.2, red; MLbj = 0.8, green) with lower night-time noise 
level (left), and higher daytime noise (right) due to traffic, measured at different stations.
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Figure 10. �Chimes of the bell tower of Oriolo Calabro (CS) recorded by seismometer IV.ORI. The top figure shows regularity 
and clear alignment with time of the day (the clock is a few minutes early). The center seismogram, with its 
spectrogram (at bottom) shows the different signature of the hour and the 15′ bells: here the 04:45 time signal 
(slightly early) shows 4 1-hour chimes, followed by 3 quarter-hour chimes.
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5. Evaluation of network earthquake detection performance

We employ statistical analysis conducted on PSD data from various stations and components to calculate the 
theoretical performance of the entire seismic network in terms of detection threshold. This threshold represents 
the minimum magnitude event with a 90% probability of being identified and located using the data acquired by 
the network’s stations (Ringdal, 1975). To estimate this network detection threshold, we adopt a mixed indirect 
approach. This approach involves comparing the noise level recorded at seismic stations with the theoretical 
spectra associated with rupture models for small earthquakes (McNamara et al., 2004; Marzorati and Bindi, 2006; 
Vassallo et al., 2012; Zaccarelli et al., 2021; Vassallo et al. 2023). We utilize the Brune source model in a homogeneous 
medium to compute the theoretical P and S amplitude spectra of ground velocity recorded at the actual distance of 
stations from a fixed hypocentral location. These amplitude spectra are subsequently compared with the actual noise 
spectra at each station to ascertain whether an earthquake of a specific magnitude could be detected and located 
at the stations. This process is repeated for all hypocenters within the volume and range of magnitude interest for 
the network. The circular fault model proposed by Brune (1970) provides a comprehensive description of both the 
near- and far-field spectra of earthquakes. In microseismic monitoring, it serves as a valuable tool for estimating the 
magnitude and frequency content of low-magnitude seismic events. The Brune model offers insightful information 
into the source spectrum, facilitating direct comparisons with the noise levels (PSD) recorded at monitoring stations. 
Furthermore, it establishes a crucial correlation between source spectral amplitudes and earthquake magnitudes, 
which is essential for determining detection thresholds. The Brune spectrum is computed after defining the seismic 
source and propagation medium parameters, including stress-drop (Δσ = 2.0 Mpa, Margheriti and Zollo, 2010; 
Vassallo et al., 2012), attenuation (Q = 60, Wcisło et al., 2017), P and S wave velocities (vP = 5,700 m/s, vS = 3,000 m/s), 
and density (ρ = 2.6 g/cm3, Improta et al., 2017). Under these assumptions, the theoretical amplitude of P and S 
waves for a single station solely depends on the hypocentral distance, representing the earthquake’s location.

To investigate the areal dependence of the detection threshold, we compute the source signal by exploring the 
hypocentral location along the nodes of a regular cubic grid with a cell size of 1 × 1 × 1 km3 within the investigated 
crustal volume. A regular grid was selected to guarantee that each point had an equal probability of becoming an 
earthquake epicenter. The horizontal cell size was determined based on the typical station spacing of 18 kilometers, 
with a few stations located 2 kilometers apart. Reducing the grid size was not feasible, as 88% of hypocentral 
locations have horizontal errors ranging from 0 to 1 kilometer. For each node, we then calculate the smallest 
amplitude associated with a seismic event recorded by at least five stations with a signal-to-noise ratio greater 

(a) (b)

Figure 11. �(a) Stations that recorded the sonic boom on 11/10/2021 (solid triangles) color coded following distance from the 
approximate source location (marked by a red star). (b) Seismograms showing energy arrivals sorted following 
distance from source.
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than 5. From this amplitude value, we can retrieve the seismic moment that could have generated it. This moment 
magnitude (Mw) value is assumed to be the characteristic level associated with the smallest detectable event at the 
network. The 90th percentile curves in the 1‑40 Hz frequency band for both vertical and horizontal components 
are utilized to compute the signal-to-noise ratio and determine the detection threshold map for P and S waves. 
The adopted percentile levels for the signal-to-noise ratio and threshold of station number for P and S detection 
ensure an accurate estimation of both location and magnitude, respectively (Vassallo et al., 2012). Figures 12a and 
12b present the detection threshold maps determined for the joint network covering the Val d’Agri and Sauro Stream 
(Gorgoglione concession) valleys for P and S waves. These maps refer to a hypocentral depth of 5 km. This depth 
is a suitable compromise choice, considering the seismic activity of the region. The seismicity is characterized by 
numerous events within the range of 2 to 6 kilometers, with a relatively lower frequency of earthquakes distributed 
more evenly between depths of 6 and 13 kilometers (as depicted in Fig. 3). The smallest moment magnitudes 
detectable at all points within the Val d’Agri and Gorgoglione monitoring areas are 0.8 for P waves and 0.4 for S 
waves. However, the maps demonstrate significant spatial variations within the monitoring domains, with an average 
variation of approximately 0.2‑0.3 units in Mw. This variation is attributed to the network geometry and the varying 
noise levels recorded by the different stations.

Figure 12. �Detection threshold maps for the Val d’Agri and Gorgoglione areas: (a) and (b) are related to the P-waves and to 
S-waves, respectively by using the effective noise levels measured at the single stations of the different networks. 
In (c) and (d), the detection thresholds refer to the hypothetical case in which all stations would have the same 
noise level of MONTM, a station in the monitored area characterized by a low noise level. In (d) and (e) the 
maps are obtained by extending the noise levels of TR01 (a particularly noisy station) to all the stations used 
for the seismic monitoring of the area
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In greater detail, the lowest detection magnitude is situated at the southernmost portion of the Val d’Agri (VA) 
concession, where the highest concentration of stations is located. Many of these stations, particularly those situated 
further west (such as MCEL, MARCO. MOLE, SIRI, SARSB, SARCL, SPINS, and SPIE), exhibit low noise levels on 
both vertical and horizontal components. Conversely, for the Grogoglione (TP) concession, the region with the 
lowest detection magnitude is the intersection of the VA and TP seismic networks. The higher density of stations 
in this area is the primary factor contributing to the reduction in detection thresholds compared to the remaining 
portions of the monitored concession.

To highlight the impact of spatial variations in seismic noise on the detection capabilities of networks, we present 
the detection thresholds for P and S waves that would be obtained if the noise levels at all stations were identical 
to those measured at MONTM (Figs. 12c and d). MONTM is a station characterized by relatively low noise levels. 
In contrast, the detection threshold is assumed to be the same as that of TR11 (Figs. 12e and f), which is characterized 
by a higher noise level compared to most other stations in the region. For the case of MONTM noise (Figs. 12c and d), 
the smallest magnitude detectable is 0.4 and 0.5 for P waves within the DI and DE domains (respectively; see Fig. 3 
for definitions) for both VA and TP concessions. Conversely, for S waves, the smallest magnitude detectable is 0 
within the DI and DE domains for both concessions. When using the noise characteristics of TR11 (Fig. 12e and f), 
the smallest magnitude detectable is 1.0 and 0.8 for P and S waves, respectively, within the DI and DE domains 
(see Fig. 3) for both VA and TP concessions. All these results are obtained with a reference hypocentral depth of 
5 km, but the conclusions are generalizable to different depths of interest. Detection thresholds, intended as the 
smallest magnitude detectable at any point of the DI and DE of the concessions, are not significantly affected by 
the hypocentral depth (Supplementary Fig. S1). This is because detection thresholds are primarily influenced by 
the network’s geometry and the noise levels recorded at the stations. In fact, within the depth range where the 
seismicity of the area is concentrated (in the first 12 km depth, Improta 2017), variations of approximately 0.21 
in terms of detectable Mw are observed for some areas of concessions and for both P and S phases. However, in other 
areas of DI and DE, where station coverage is limited, variations in hypocenter depth do not affect the detection 
thresholds. The overall enhanced detection capability achieved through the integration of diverse seismic networks 
is illustrated in Supplementary Fig. S2.

6. Tuning automatic detection parameters

Adjusting parameters in the automatic modules of a real-time seismic monitoring system is crucial for enhancing 
its detection capabilities and minimizing false event detections. This tuning process requires consideration of 
specific network geometry and the noise characteristics of individual seismic stations. In our setup, real-time 
data acquisition and analysis are performed by SeisComP’s automatic modules scautopick and scanloc, responsible 
for event detection and location, respectively. Key parameters for these modules include the detect-filter and S-AIC 
(Akaike Information Criterion, Küperkoch et al., 2010) for automatic picking, and cluster-search, association, and 
score for event location. To support optimal tuning, we conducted intensive offline analyses on representative 
datasets from our monitoring area. This approach first helped identify the system’s most sensitive parameters 
and subsequently establish optimal values to enhance our network’s capability to monitor local microseismicity 
effectively. Table 1 provides a comprehensive list of the most critical parameters, their default values, and the 
optimal values we have determined through an extensive trial-and-error process.

We refined the detection filters for P- and S-phase events, specifically targeting local seismicity to increase 
the number of automatic picks per event. Adjusting the S-AIC parameters (for S phases) notably contributed to 
detecting low-magnitude events, especially those near the network’s perimeter (such as the Pertusillo seismic 
sequence to the southwest). By increasing the number of picks, we were able to refine the score value, representing 
the minimum number of P and S picks required to confirm an event, thereby balancing detected and false events. 
SeisComP’s S-AIC debugger within the scolv module provided graphics-assisted tuning, helping us optimize pre- and 
detect-filters for S-phase picking.

Another critical aspect of enhancing network detection quality lies in associating picks generated by the detector 
with an origin. SeisComP employs a density-based spatial clustering method, DBSCAN (Ester et al., 1996), which 
relies on having a sufficient number of stations with spatially clustered picks within a defined real-time buffer to 
generate an origin. Given this method, it is essential to ensure accurate data acquisition timing. Because our network 
integrates data from multiple providers, acquisition delays of tens of seconds can occur, particularly with stations 
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receiving data through public data services rather than directly from the provider. These delays can result in missed 
small-event detections in specific monitoring areas, as delayed picks are discarded and cannot contribute to the 
cluster. Therefore, synchronizing timing across all network stations is essential. A teleseismic event, for instance, 
can serve as a reference signal for phase synchronization among receiving stations, ensuring timing alignment 
across providers. By comparing real-time and offline analysis results, discrepancies can highlight timing issues that 
real-time data temporization might miss.

Scautopick

DetectFilter

RMHP = 2 ITAPER = 5 BW_HP = 3,3 STALTA = 0.1,5

RMHP = 10 ITAPER = 30 BW = 4,4,20 STALTA = 0.1,5

DetectFilter (P phases)

ITAPER = 3 BW_HP = 3,3

ITAPER = 3 BW_HP = 3,3

DetectFilter (S phases)

BW_HP = 3,3

BW = 4,4,15

Scanloc

MinScore = 6

MinScore = 6

Scevent

MinimumDefiningPhases = 2

MinimumDefiningPhases = 3

Table 1. �Detection parameters: default values, and final values as resulting from tuning. Scautopick, Scanloc, and 
Scevent are names of specific modules of SeisComP for, in turn: phase detection and picking; associate phase 
detections; and associate an origin to an event. RMHP: timespan to measure the running mean high-pass filter 
(seconds); ITAPER: timespan to apply the taper (seconds); BW: Butterworth filter, order, low frequency (Hz), 
high frequency (Hz); BW_HP: high-pass Butterworth filter, order and frequency (Hz); STA/LTA: length of the 
STA (seconds), length of the LTA (seconds); MinScore: score to be reached to send origin (there is a weight 
factor controlling the score associated to the origin and in particular P-phase score is 1 and S-phase score is 2); 
MinimumDefiningPhases: minimum number of picks for an origin that is automatic and cannot be associated 
with an event, to be allowed to form a new event.
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With the software update addressing this issue, SeisComP’s scanloc clustering module now bypasses temporal 
dependencies in real-time cluster creation. Overall, fine-tuning the automatic system parameters has enabled us 
to achieve an effective balance between detected and false events, optimizing our seismic monitoring capabilities.

7. Hypocentral location and seismic velocity models

Earthquake hypocenter location from recorded seismograms relies on accurate calculation of the travel time 
of seismic waves from the hypocenter to the seismographs. Therefore, reliable hypocentral location is contingent 
upon the seismic velocity model, which represents the wave speed used in these calculations (e.g., Bormann, 2012). 
The velocities of different wave types (P- and S-waves) vary significantly across geological structures, creating 
a complex three-dimensional speed field with sharp interfaces that is typically not well-constrained. This uncertainty 
in the velocity field limits the precision of computed travel times, which often falls short of matching the potential 
precision of time picks on seismograms, typically around 0.01 seconds with optimal signal-to-noise ratios. We 
explicitly address the sources of uncertainty in hypocenter determination in a subsequent section. However, we may 
point out here that using an appropriate seismic velocity model is crucial to minimize inaccuracies in hypocenter 
determination, justifying considerable efforts to acquiring one suited to the task (e.g., Kissling et al., 1994, and 
references therein).

In most cases, suitable velocity approximations are available in the form of a simplified, flat-layered 1D model, 
where wave speed is either constant or varies predictably (e.g., linearly) with depth within each layer. Body wave 
travel-time calculations are complicated by the dependency of wave paths on the velocity field, as described by the 
eikonal equation or, more simply, by Snell’s law. Thus, any approximation of the velocity field also influences path 
determination, adding nonlinearity to the travel-time function concerning both hypocenter location and the wave 
speed field (e.g., Bormann, 2012). This is often addressed with iterative linearized inversion schemes, where the 
initial reference velocity model impacts the outcome. Selecting an appropriate reference velocity model is, therefore, 
essential (see, e.g., Kissling et al., 1994).

One widely-used approach for defining a reference velocity model involves computing a simplified 1D 
model that minimizes the travel-time residuals in a least-squares sense – often referred to as the minimum 
model (Kissling et al.,  1994). However, this approach presents a challenge: accurately determining hypocentral 
locations ideally requires a known velocity field, yet solving for both Earth structure and hypocenters creates an 
under-determined inverse problem that necessitates assumptions or simplifications (Morelli and Dziewonski, 1991). 
A common solution is to first use a generic, a priori model (e.g., a regional model or one derived from geological data) 
to calculate preliminary hypocenter locations, which can then be refined using a local approximation. This iterative 
approach, relying on successive linearizations, is broadly accepted as a practical means of addressing the nonlinear 
nature of the location and velocity model inverse problem. The interdependence and trade-offs between hypocentral 
parameters and Earth heterogeneity have been explored by researchers such as Piromallo and Morelli (2001). For 
example, if inversion for a minimum model is intended, initial wave speed values can be sampled from a regional 
model, such as Molinari and Morelli’s (2011) model for the European domain, which may be adequate for initial 
computations.

Although a dedicated inversion may be challenging due to the aforementioned difficulties, it may not be strictly 
necessary if a comprehensive literature review provides reliable local models. For our study area, several models 
are available (Valoroso et al., 2009; Improta et al., 2017; the regional mean model used by INGV for Italy’s seismic 
monitoring system, Mele et al., 2010a, Scudero et al., 2021; the ENI operator model obtained through personal 
communication). We selected Improta et al. (2017) as the reference 1D model because it is the most recent release for 
the study area and because, among the available models, it was computed using the most extensive data set. However, 
prior to its routine use for earthquake location monitoring activities in the Val d’Agri region, we validated the model’s 
stability. We randomly generate 200 alternate models, each with the same number of layers, by randomly perturbing 
the velocity of the layers of the model by Improta et al. (2017) with a perturbation of dv = ±0.2 km/s. The travel 
times of the local dataset were then utilized to invert for a new 1D velocity model using Velest (Kissling et al., 1994) 
employing each of the 200 perturbed profiles as an initial model. We observe that the newly inverted models exhibit 
significant similarity to the initial model, with the median output model not being substantially different from the 
initial model by Improta et al. (2017), as shown in Fig. 13. Furthermore, we attempt to reduce or increase the number 
of layers in the model by Improta et al. (2017) to assess the resolution capability of the same dataset. In both cases, 
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the solutions remain stable. Given the aforementioned results, we conclude that the existing data set is not able 
to resolve significant variations to the model by Improta et al. (2017), and select it as the most suitable 1D velocity 
model for routine data processing.

8. Magnitude determination

Richter (1935) observed that seismic amplitude, specifically the logarithm of maximum ground motion, recorded 
by a standard Wood-Anderson seismometer, systematically decreases with distance (Boore, 1989). To quantify 
earthquake size, he proposed calculating local magnitude (ML) relative to a reference event as:

	 � (1)

where A and A0 are the displacements of the earthquake and the reference event at the same distance (Richter, 1958). 
Richter established ML = 0 for a reference earthquake, setting A0 to 0.001 mm at an epicentral distance of 100 km. 
Following this, Bakun and Joyner (1984) and Boore (1989) described that a magnitude-3 earthquake at 100 km would 
produce a peak amplitude of 1 mm on a Wood-Anderson seismometer. The amplitude (A) represents the maximum 
zero-to-peak amplitude, calculated as the geometric mean of the North (N) and East (E) horizontal components, 
using  on a true or simulated Wood-Anderson seismograph. The term (  ) is the calibration 
function, normalizing for distance-dependent geometric spreading and regional attenuation. This empirical distance 
correction varies with seismic wave propagation and local crustal structure, and many regional versions exist 
(e.g., see Table 2). As modern networks monitor microseismicity with stations closer to the source, the calibration 
function now often incorporates focal depth (Z), where epicentral distance D is replaced by hypocentral distance 

 .

Figure 13. �The vP, vS model by Improta et al. (2017) is shown (thick dashed lines, red for vP, blue for vS) together with the 
collection of newly inverted velocity profiles (thin continuous lines) obtained from slightly different initial 
models. The medians of such new inverted profiles, plotted with thick continuous lines, do not substantially 
differ from the starting model.
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For microseismic monitoring, such as in industrial concessions, the Bakun and Joyner (1984) formula is commonly 
applied (e.g., Munich Geophysical Observatory, ENI in Val d’Agri). Italian national seismic network magnitudes 
may differ significantly from those by local networks due to calibration function limitations at small distances 
(Braun et al., 2018b). Since ILG offers no magnitude calculation recommendation and ENI has used Bakun and Joyner’s 
method since 2002, we chose to maintain this approach, ensuring compatibility with ENI’s reported ML values. To test 
local applicability, ENI also evaluated the Bobbio et al. (2010) formula, tailored for the Irpinia area, but found it generally 
produces lower ML values than Bakun and Joyner (1984). For future monitoring, calculating moment magnitude (MW), 
which provides a more physically meaningful measure, may be preferable over changing the ML formula.

Calculating ML for local events with modern 1 Hz velocity seismometers requires simulating a Wood-Anderson (WA) 
seismogram by (i) removing the short-period instrument response from recorded data and (ii) convolving with the 
WA displacement response (Seidl and Stammler, 1984). For low-magnitude events (ML < 1.0), this process may 
amplify long-period noise, especially on horizontal components, where noise may surpass S-wave amplitudes, 
necessitating high-pass filtering. The ML calculation requires preset parameters: high-pass (HP) filter frequency, 
minimum Signal-to-Noise Ratio (SNR), and the choice between mean or median ML from individual stations. We 
examined ML variability across several parameter choices for different earthquake magnitudes: HP filter frequencies 
[0.1, 0.5, 1, 1.5, 2, 2.5, 3, 5] Hz; SNR thresholds of 1.5, 2, and 3 (discarding waveforms with SNR below this value); 
and mean or median for final ML. Figure 14 presents an example showing how ML values vary by parameter choice: 
with a higher HP filter cutoff, magnitude decreases due to the removal of signal amplitudes, while a high SNR 
threshold can inflate magnitude estimates for low-energy events and lower HP cutoffs. We set the SNR default to 1 
and identified the median as the most reliable estimate when data is sparse. Preferred HP cutoff frequencies were 
determined as: >0.5 Hz for ML ≥ 2, >1 Hz for 0 < ML < 2, and >1.5 Hz for ML < 0, thus ensuring signal integrity 
with minimal waveform modification. The SeisComp software provides an automatic initial estimate, upon which 
the HP filter is based.

9. Importance of addressing uncertainties

As any experimentally measured data, arrival time readings on seismograms are subject to random errors, 
primarily due to the presence of background seismic noise on the record, electronic jitter, or clock inaccuracy. 
These random errors contribute to the uncertainty of the final determination. After simplifying the underlying 
statistical model (typically approximated to a Gaussian probability density function for convenience), and making 
other assumptions, such as aleatoric uncertainty, is usually considered by common earthquake location programs, 

ML = log A + 1.00 log(R/100) + 0.00301(R – 100) + 3.0 Bakun and Joyner, 1984; Central California

ML = log A + 1.11 log(R/100) + 0.00189 (R – 100) + 3.0 Hutton and Boore et al., 1987; Southern California

ML = log A + 1.11 log R – 0.00095 R + 0.69 Stange, 2006; Central Europe

ML = log A + 1.749 log(R/100) + 0.00160 (R – 100) + 2.9445 Di Bona, 2016; Italy

ML = log A + 1.79 log D – 0.58 Bobbio et al., 2010; Irpinia

ML = log A + 1.11 log(R) + 0.00189 R – 2.09 IASPEI, 2012 (in [nm])

Table 2. �Calibration functions as a function of distance (D < 100 km) for different ML formulae proposed by different authors 
for the regions listed. Di Bona (2016) has proposed a specific calibration function for calculating the magnitude of 
seismic events occurring in the Italian national territory. However, to guarantee uniformity of reported ML values 
in the earthquake bulletin, the Italian Seismic Network (INGV, 2005; ISIDe, 2007) has continued to use the formula 
by Hutton and Boore (1987) for the last 30 years (Battelli et al., 2013).
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such as HYPO71 (Lee and Lahr, 1972, 1975), HYPOELLIPSE (Lahr, 1984, 1999), or HYPOINVERSE (Klein, 1978, 2000), 
which compute a resulting (Gaussian) uncertainty of the hypocenter coordinates. In this process, these codes treat 
any discrepancy between observed and computed arrival times as random error. A more general approach is adopted 
by NonLinLoc (Lomax et al., 2000), which finds the complete, general, posterior probability density function and 
locates the maximum using a grid search.

Generally, however, the divergence between observed and calculated wave arrival times may also be attributed 
to other sources, which are epistemic in nature. In other words, they are a function of a systematic source of 
discrepancy, such as an incorrect account of the wave speed field in computing travel times. Piromallo and Morelli 
(2001) demonstrated the systematic effect of assuming a simplistic Earth model on hypocenter locations, mapping 
mislocation vectors with a scale of approximately 5 km in length. Consequently, when we select a specific Earth 
model for forward computations, we inevitably commit some systematic miscalculations, which have significant 
effects on the results. These effects may differ if we employ a different (legitimate) model. Earth structure is only one 
potential source of epistemic uncertainty; another significant source is represented by the various empirical ad-hoc 
rectifications implemented by location programs (such as HYPO71, HYPOELLIPSE, HYPOINVERSE, cited above, 
but many others as well) to mitigate bias caused by, for instance, irregular station azimuthal distributions or the 
possibility of outlier observations. Ultimately, different choices for the location code result in distinct hypocenters.

In their study published in 2020, Garcia-Aristizabal et al. identify four distinct sources of epistemic uncertainty 
in earthquake location determination. These sources include the location code and velocity model, the vP/vS ratio 
(often considered an independent parameter during inversion), and the operator’s choice of arrival times. Each of 
these alternative options for the four sources of uncertainty is considered legitimate and well-considered wave 
speed models and location codes, as well as acceptable time picks.

Figure 14. �Comparison of different magnitude estimates for a sample event (red circle in map at bottom left), as a function 
of (i) frequency of high-pass filter cutoff; (ii) different values of the signal-to-noise ratio (SNR, different color of 
symbols, see legend); and (iii) measure of central location among individual station values (mean, default: round 
symbols; or median: squared symbols). Waveforms of station VIGE are shown for different filtering (the symbols 
for no filter should be out to the left of the plot and are plotted on the y axis).
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Figure 15. �Set of hypocentral locations for the sample earthquake of 22 July 2019 (00:48 UTC). All the 96 solutions, resulting 
from the logic-tree based ensemble modeling based on different, legitimate, choices for operator, location 
code, wave speed model, and vP/vS ratio, are plotted with their error bars as blue symbols in: (a) map view; 
(b) and (c) vertical cross sections (after Garcia-Aristizabal et al., 2020). Seismic stations for network IV are 
plotted as inverted triangles and identified by station codes. Paths labeled as ID and ED delimit, in order, the 
Internal Domain and the Extended Domain – as defined by the guidelines by Dialuce et al., 2014 – for the Val 
d’Agri oil extraction concession.



Andrea Morelli et al.

24

Garcia-Aristizabal et al. then employ a logic-tree based ensemble modeling approach to address the impact of 
epistemic uncertainty resulting from the combination of 96 different legitimate choices. Figure 15 illustrates the 
resulting variability in the determination of the hypocenter for a sample earthquake. In their study published in 2020, 
Garcia-Aristizabal et al. identify four distinct sources of epistemic uncertainty in earthquake location determination 
using linearized inversion algorithms. The cloud of points, along with their formal error bars, demonstrates that 
epistemic uncertainty significantly exceeds the values resulting from aleatoric analysis (random pick errors).

Figure 15 presents the set of 96 plausible locations for a sample earthquake analyzed by Garcia-Aristizabal 
et al. (2020). These locations are situated on the boundaries of the Internal (ID) and Extended (ED) Domains of 
geophysical monitoring, as defined by the guidelines by Dialuce et al. (2014). These domains delineate the regions 
of alert for seismic events.

The figure illustrates that solutions derived from well-established models and procedures in the literature can 
distribute over a rather wide volume (see Garcia-Aristizabal et al., 2020, for further details). Acceptable solutions, 
arranged in a cloud-like configuration that differs significantly from a 3D Gaussian and not approximated by ‘error 
bars’ in geographical coordinates, are distributed to indicate whether they could trigger an alarm by occurring 
within or outside the critical internal domain. This example underscores the significance of assessing uncertainty, 
a desirable practice, particularly when the computational result may trigger responses for risk mitigation. In such 
cases, it is appropriate to explicitly consider the epistemic uncertainty associated with practical choices (e.g., location 
code, azimuthal weighting, wave speed model, arrival time picking approaches, etc.). These choices add uncertainty 
beyond that due to effects of random errors. We assert that when the outcome of an earthquake location process 
is employed to assess whether a predetermined threshold has been exceeded and could potentially have significant 
societal and industrial consequences (e.g., Dialuce et al., 2014), all known epistemic uncertainties should be taken 
into account in addition to the estimated aleatoric uncertainties. Consequently, any threshold exceedance should be 
communicated in a probabilistic manner rather than being presented as a binary Y/N value. Explicitly incorporating 
information on uncertainty, often in more complex forms than conventional ‘error bars’ on specific parameters, 
is crucial for effective communication about risks. The public’s strong demand for information on potential effects 
of anthropogenic activities emphasizes the importance of accurately communicating the uncertainty surrounding 
certain processes. Communication strategies tailored for stakeholders and the general public are of paramount 
significance in geophysical monitoring of anthropogenic processes. However, these strategies are beyond the scope 
of this paper. Nevertheless, we emphasize the need for a comprehensive assessment of epistemic and aleatoric 
uncertainties in monitoring projects.

10. Discussion and conclusions

In contemporary seismology, establishing a fully automated, supervised, and real-time seismic acquisition 
and analysis system can be greatly facilitated by the accumulated multi-decadal experience of the scientific 
community. Additionally, the availability of suitable hardware and high-quality software is crucial. However, 
numerous significant decisions must be made, and the ultimate performance of the system depends on careful 
implementation, thorough comparison, and rigorous testing. Regardless of the specific scientific context motivating 
the installation and operation of an instrumental network for the study of microseismicity at a local scale, technical 
tools and performance are highly similar. Therefore, we believe that the general approach we describe is highly 
transposable to other similar applications. However, application to wider geographical scales may bring some 
substantial differences. Firstly, target earthquakes have larger magnitudes, and secondly, they are primarily recorded 
at longer distances. Consequently, the most important signal frequency band is lower than in local scale studies. 
This obviously generates differences in desirable instrumentation and in performing each of the steps of Fig. 5, 
although the general workflow largely remains the same.

Seismographs with broad response bands and high-resolution field data loggers equipped with highly accurate 
navigation satellite system (GNSS) timing capabilities, along with real-time data transmission, are readily available. 
Contemporary high-speed multiprocessor computers and high-capacity storage arrays effortlessly meet or surpass 
computational demands. Reliable and widespread standards for data and metadata (based on SEED definitions, 
Ahern  et  al.,  2009; Ringler and Evans, 2015) coupled with highly recommended open data policies facilitate 
the seamless integration of data from diverse hardware into the workflow. Integration of various equipment 
becomes particularly advantageous in scenarios like ours (see Fig. 3), where open-access stations from other 
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networks are present in the region. Thanks to open data policies and the standardization of data formats (SEED) 
and protocols (SeedLink), analyzing an integrated, heterogeneous network does not necessitate a significantly 
increased computational effort; instead, it highly benefits from enhanced instrumental coverage. Advanced seismic 
network automatic data acquisition and analysis software packages are readily available, either as commercial 
or open-source software (e.g.,  SeisComP, https://www.seiscomp.de/; SEISAN, Havskov and Ottemoller, 1999; 
Earthworm, http://www.earthwormcentral.org; Antelope, https://brtt.com). Open-source codes are readily available 
for various purposes, including general data processing (e.g., ObsPy, Beyreuther et al., 2010; Krischer et al., 2015) 
and specifically for earthquake location (e.g., HYPO71, Lee and Lahr, 1972, 1975; HYPOELLIPSE, Lahr, 1984, 1999; 
HYPOINVERSE, Klein, 1978, 2000; NonLinLoc, Lomax et al., 2000). While the extensive accessibility of these codes 
may instill a sense of confidence, it is crucial to recognize that no code should be regarded as a “black box.” Users 
should thoroughly examine user manuals and accompanying literature to gain a comprehensive understanding of 
the underlying principles that govern these codes.

We also wish to emphasize the paramount significance of selecting an appropriate model for seismic wave 
speeds, denoted as vP and vS. Available local models may exhibit considerable variability, particularly when they 
provide simplified descriptions (e.g., 1D profiles of heterogeneous crustal structures as a function of depth, limited 
to specific geographical averages). Such variability in local models can significantly contribute to epistemic 
uncertainty regarding the hypocentral locations, as demonstrated in a previous section. If hypocentral locations 
and their associated confidence levels are crucial outputs of the microseismic network, such as in geophysical 
monitoring of potentially induced seismicity, where hypocentral depth can influence hazard mitigation procedures 
(e.g., Dialuce et al., 2014), or serve as an indication of the causative process (e.g., Smith et al., 2020), an extensive 
assessment of location uncertainties, as outlined above, is imperative. Furthermore, it may be pertinent to address 
the specific issue of obtaining adequate knowledge of crustal structure, potentially through local-scale tomographic 
inversions (which are beyond the scope of the present contribution). Additionally, the local conditions of each 
seismographic station (e.g., elevation, local geology, site response, and so on) must be appropriately accounted for. 
The variability of background seismic noise can severely compromise the detection sensitivity of the microseismic 
network, necessitating a proper selection of instrument sites in the field. This aspect, however, is outside the scope of 
this contribution and should be addressed based on actual performance measurements during operational activities.

Data availability statement. We thank operators of seismograph networks IV (Istituto Nazionale di Geofisica e 
Vulcanologia – INGV, 2005), VD (CNR IMAA Consiglio Nazionale delle Ricerche – Italy, 2019), IX (Irpinia Seismic Network – 
ISNet, 2005) and GE (GEOFON Data Centre, 1993). Their data can be accessed through the International Federation of 
Digital Seismograph Networks (https://www.fdsn.org/networks/ (last accessed on July 10, 2024). Data from networks 
VA (ENI SpA, 2001) and TP (TOTAL E&P Italia Spa, 2018) are not public, and should be requested to the operators.

Acknowledgements. Figures have been prepared using the Generic Mapping Tools (Wessel and Smith, 1998), the ObsPy 
toolkit (Beyreuther et al., 2010; Krischer et al., 2015); QGIS (Open-Source Geospatial Foundation Project, http://qgis.org); 
GIMP (GNU Manipulation Program, retrieved from http://www.gimp.org) and MATLAB (version 24.2.0, R2024.b, The 
MathWorks Inc., 2024). During the endeavor described here, some of the authors benefitted from financial support from 
Regione Basilicata and Regione Toscana. We acknowledge the use of ChatGPT (https://chat.openai.com/) to identify 
need for improvement in the writing style of selected text snippets. We thank Associate Editor, dr. Diana Latorre, and 
two anonymous referees for comments that have improved the paper.

References

Ahern, T., R. Casey, D. Barnes, R. Benson, T. Knight and C. Trabant (2009). Standard for the Exchange of Earthquake 
Data Manual (SEED) Reference Manual, Version 2.4 (Updated August 2012), https://www.fdsn.org/pdf/
SEEDManual_V2.4.pdf (last accessed July 10, 2024).

Ahern, T. (1994). The FDSN Archive at the IRIS Data Management Center, Ann. Geophys., 37,5, doi:10.4401/ag-4202.
Anselmi M., G. Saccorotti, D. Piccinini, C. Giunchi et al. (2020). Microseismic assessment and fault characterization at 

the Sulcis (South-Western Sardinia) field laboratory, Int. J. Greenhouse Gas Control, 95, 102974, ISSN 1750-5836, 
doi:10.1016/j.ijggc.2020.102974.

https://www.seiscomp.de/
http://www.earthwormcentral.org
https://brtt.com
https://www.fdsn.org/networks/
http://qgis.org/
http://www.gimp.org
https://chat.openai.com/
https://www.fdsn.org/pdf/SEEDManual_V2.4.pdf
https://www.fdsn.org/pdf/SEEDManual_V2.4.pdf
https://doi.org/10.4401/ag-4202
https://doi.org/10.1016/j.ijggc.2020.102974


Andrea Morelli et al.

26

Ardhuin, F., E. Stutzmann, M. Schimmel and A. Mangeney (2011). Ocean wave sources of seismic noise, J. Geophys. 
Res., 116, C9, C09004, doi: 10.1029/2011JC006952.

Baisch, S., C. Koch and A. Muntendam‑Bos (2019). Traffic Light Systems: To What Extent Can Induced Seismicity 
Be Controlled?, Seismol. Res. Lett., 90, 1145‑1154, doi:10.1785/0220180337.

Bakun, W. H. and W. B. Joyner (1984). The ML Scale in Central California. Bull. Seism. Soc. of Am., 75, 5, 1827‑1843.
Battelli, P., L. Arcoraci, M. Berardi, C. Castellano et al.  (2013). Bollettino Sismico Italiano 2010, Quad. Geofisica, 

115, 49.
Berger, J., P. Davis and G. Ekström (2004). Ambient earth noise: a survey of the global seismographic network, 

J. Geophys. Res., 109, B11307, doi:10.1029/2004JB003408.
Bertello, F., R. Fantoni, R. Franciosi, V. Gatti  et  al.  (2010). From thrust-and-fold belt to foreland: hydrocarbon 

occurrences in Italy, Geological Society, London, Petroleum Geology Conference, doi:10.1144/0070113.
Beyreuther, M., R. Barsch, L. Krischer, T. Megies et al. (2010). ObsPy: A Python Toolbox for Seismology, Seismol. 

Res. Lett., 81, 3, 530.
Bianchi, I., M. Anselmi, M. T. Apoloner, E. Qorbani et al.  (2015). The installation campaign of 9 seismic stations 

around the KTB site to test anisotropy detection by the Receiver Function Technique, Adv. Geosci., 41, 11‑23, 
doi:10.5194/adgeo-41-11-2015, 2015.

Bobbio, A., M. Vassallo, G. Festa, A. Orefice et al. (2010): Calcolo della Magnitudo. In: G. Iannaccone and A. Zollo: 
Metodi e Tecnologie per l’early warning sismico, 7, 185-210.

Bobbio, A., M. Vassallo and G. Festa (2009): Local Magnitude estimation for the Irpinia Seismic Network, Bull. Seism. 
Soc. Am.99, 2461-2470, doi:10.1785/0120080364.

Bommer, J. J., S. Oates, J. M. Cepeda, C. Lindholm et al. (2006). Control of hazard due to seismicity induced by a hot 
fractured rock geothermal project, Eng. Geol., 86, 287‑306.

Boore, D. M. (1989). The Richter scale: its development and use for determining earthquake source parameters, 
Tectonophysics, 166, 1,14.

Bormann, P. (Ed.) (2012). New Manual of Seismological Observatory Practice (NMSOP-2), IASPEI, GFZ German 
Research Centre for Geosciences, Potsdam; http://nmsop.gfz-potsdam.de, doi:10.2312/GFZ.NMSOP-2.

Boschi, E. and A. Morelli (1994). The MEDNET Program, Ann. Geophys, 37, 5. doi:10.4401/ag-4197.
Boschi, E., D. Giardini and A. Morelli (1991). MEDNET: the very broad-band seismic network for the Mediterranean, 

Il Nuovo Cimento C, 14, 79‑99, doi:10.1007/BF02509260.
Boulder Real Time Technologies (2023) last accessed on July 10, 2024, https://brtt.com.
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