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Abstract

Passive seismic monitoring is important for understanding subsurface processes such as
landslides, mining activities, and geothermal systems, enabling the prediction and mit-
igation of their effects. However, continuous seismic monitoring produces vast datasets
containing various sources of seismicity that require accurate classification. Manual
detection and labeling of these events is both time-consuming and prone to inconsis-
tency, even when performed by the same expert. To address these challenges, this thesis
first proposes an automated joint detection and classification method for characterizing
seismic events using Convolutional Neural Networks (CNNs).

Despite their effectiveness and high accuracy, deep learning models, such as CNNs,
face two significant limitations: the lack of interpretability due to their “black-box”
nature and the large amount of manually labeled data required for training. Inter-
pretability is particularly important in seismic applications where reliable detection and
classification of earthquakes are essential for infrastructure safety. To ensure both ac-
curacy and explainability, the second contribution of this thesis is a novel methodology
for data labeling, verification, and re-labeling through CNNs enhanced by Layer-wise
Relevance Propagation (LRP), a popular explainable AT tool. This approach aims to
provide transparency in seismic event detection, improving trustworthiness in AI-driven
decisions.

Manual labeling of seismic events is often inefficient and contradictory to the goal
of automated detection. To overcome the time and resource inefficiency of manual
labeling, the third contribution of the thesis is a self-supervised learning (SSL) model
that reduces the dependency on large amounts of annotated data while maintaining

high detection accuracy. This model significantly reduces the manual effort involved
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Chapter 0. Abstract

in labeling seismic events, thereby improving the efficiency and scalability of seismic
monitoring systems.

The proposed CNN-based models achieve approximately 90% accuracy, effectively
distinguishing between seismic sources such as rockfalls and earthquakes. Furthermore,
the LRP-based method enhances interpretability of seismic classification by generat-
ing explainable relevance maps, which visually highlight the most influential parts of
the seismic signal that contributed to the model’s decision. These maps help experts
understand model reasoning, validate whether the model is focusing on geophysically
meaningful features, and identify potential mislabeling or overlooked patterns in the
data.The SSL model achieves accuracy comparable to state-of-the-art fully supervised
methods while requiring only 5% to 30% of the labeled data. Specifically, the lower end
(around 5%) is sufficient for distinguishing well-separated classes like rockfalls, while
more complex scenarios with overlapping signal characteristics, such as those between
quakes and a subset of earthquakes, may require up to 20% labeled data. This flexibility
significantly reduces the manual labeling burden without sacrificing detection precision.
Together, these contributions offer an accurate, reliable, efficient, and explainable deep
learning-based framework for seismic event detection and classification, advancing the

state of seismic signal monitoring and analysing.
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Chapter 1

Introduction

Passive seismic monitoring enables the detection of a wide range of seismic events
generated by natural and anthropogenic processes. These events can include tectonic
earthquakes, microseismic activity, and signals induced by landslides [2{4] or geother-
mal activities. One of the most common applications of passive seismic monitoring
is landslide monitoring, where seismic activity such as rockfalls, tremor-like signals,
and quakes are speci cally triggered by landslide processes, including the formation of
surface ssures. Studying such microseismic events helps improve our understanding
of subsurface processes, with practical applications in areas such as landslide predic-
tion, mining, and geothermal exploration. However, detecting these events from seismic
recordings is challenging due to their low magnitudes and high attenuation. Manual
identi cation and labeling are labour-intensive and prone to subjectivity, highlighting

the need for automated methods to detect and classify seismic events accurately.

It is particularly important to discriminate between di erent types of seismic events
associated with landslides, such as precursory rockfall signals, shallow surface slips, or
deeper slope deformations, because they can provide critical early warnings and insights
into ongoing slope instability. Real-time monitoring and classi cation of these signals
enhance our ability to observe behavioral changes in a slope over time, contributing
to more informed hazard assessments. This is especially crucial given the increased
frequency and intensity of landslides globally, driven by factors such as climate change,

deforestation, and extreme weather events [5]. Improved understanding of landslide dy-
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namics through seismic analysis directly supports risk mitigation e orts, infrastructure
protection, and public safety planning in vulnerable regions [6].

With higher availability in seismic recordings and advances in Articial Intelli-
gence (Al), seismic signal analysis has become a very much data-driven eld and has
spread well beyond seismology and geoscience, as it is now of interest to much broader
research communities [7]. Due to the availability of many well-maintained datasets, such
as the Southern California Seismic Network and the Stanford Earthquake Dataset [8],
the number of data-driven deep learning approaches used in seismology has sky-rocketed
in recent years [7]. These models are often trained on enormous volumes of seismic data,
sometimes consisting of millions of waveform segments. While not all of this data is
labeled, several large-scale datasets, such as Stanford Earthquake Dataset, provide hun-
dreds of thousands of labeled seismic events, which are essential for supervised learning
tasks. In the context of landslide-related seismic monitoring, where data are often
noisy and manually analyzing signals is extremely labour-intensive, machine learning
techniques o er a powerful alternative. ML models are particularly well-suited to this
domain because of their ability to handle complex, high-dimensional, and noisy data,
making it possible to automate detection and classi cation of subtle or overlapping
event types that would be di cult to distinguish manually. Deep learning-based ap-
proaches dominate recent literature, including seismic event labelling [9], estimating
seismic events magnitude [10] and event localisation [11]. Various deep learning archi-
tectures have been proposed, and a detailed review of deep learning architectures for
seismic signal classi cation can be found in Chapter 3.

Deep learning has become the state of the art for detecting and classifying (mi-
cro)seismic events. However, it also presents some disadvantages. First, deep learning
models are often considered \black boxes" because of their lack of interpretability. Even
though these models can achieve high accuracy, it is di cult to understand how they
arrive at their predictions or decisions. The complexity of deep neural networks, es-
pecially with many layers and parameters, makes it challenging to explain their inner
workings in human-understandable terms. This lack of transparency is particularly

problematic in sensitive areas like seismic event analysis, where interpretability is im-
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portant for trust and accountability [12]. Second, deep learning models require vast
amounts of labeled data to train e ectively. In supervised learning tasks, the quality
and quantity of labeled data directly impact the model's performance. However, ob-
taining large, high-quality labeled datasets can be both time-consuming and expensive.
This data dependency limits the applicability of deep learning in domains like seismic
event analysis where labeled data is scarce or di cult to acquire [13].

To address these challenges, this thesis not only proposes e cient deep learning
models for microseismic event detection and classi cation but also explores the Ex-
plainable Al (XAl) tools and self-supervised learning techniques. These approaches
aim to enhance the interpretability of deep learning models and signi cantly reduce
the amount of labeled data required for training, making the models more transparent,
and hence trustworthy, and accessible in data-limited domains like (micro)seismic event

analysis.

1.1 Research Aim and Objectives

The aim of this thesis is to develop deep learning-based algorithms for microseismic
detection and classi cation that achieve high accuracy, scalability, and transferability,
while requiring minimal computational resources. Additionally, it aims to improve
trustworthness of the models, by exploring techniques that enhance the interpretability
of deep learning models and addressing the challenge of large amounts of annotated

data required for training. In particular, the following three objectves are set.

" Develop an automatic deep-learning based microseismic event detection and clas-
si cation algorithm using Convolutional Neural Network (CNN), and evaluate its

performance, transferability, and computational e ciency.

" Use advanced Explainable Arti cial Intelligence (XAl) tools to enhance the in-
terpretability of deep learning algorithms for classifying microseismic events. Ex-
plain model decisions, identify reasons for misclassi cations, and improve the

accuracy of manual annotation by experts through these explanations.
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" Develop self-supervised algorithms to reduce the amount of labeled data required
for training deep learning models to below 20%, while maintaining high accu-
racy. Additionally, develop algorithms that signi cantly improve the e ciency of

manual annotation.

1.2 Contributions of the thesis

The major contributions of this thesis to achieve the research objectives can be sum-

marised as follows:

1. This research proposes three CNN models aimed at classifying four types of
events: earthquakes, rockfalls, quakes, and anthropogenic noise. To capture a
range of time-domain and frequency features at various scales, the models take
not only ltered raw time-series waveforms as input, but also Short-Time Fourier
Transform (STFT) and Continuous Wavelet Transform (CWT) coe cients. This
approach results in three distinct architectures, each tailored to a speci c input
type. Additionally, the transferability of the pre-trained model, initially trained
on seismic data from the Super-Sauze landslide in Southeast France, is evaluated
using a geologically distinct dataset from Larissa region in mainland Greece. (See
Chapter 3.)

(a) Three CNN-based multi-classi er models for three dierent inputs (time
series, STFT maps and CWT maps) for classi cation of three di erent micro-

seismicity types plus anthropogenic noise on continuous recordings.

(b) Detailed evaluation and analysis of classi cation performance of the three
models, including reliability of the results, and analysis of correctly and
incorrectly classi ed examples to shed light into the most important features

of the input signal and reasons for mis-classi cation.

(c) Evaluation of transferability of the proposed model by testing the CNN
model pre-trained on Resif dataset on a geographically-distinct dataset and

analysis of how di erent array typologies a ect seismic signal classi cation
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(d) Release of validated labelled dataset from the Larissa region.

2. This research proposes a human-in-the-loop microseismic classi cation system
that leverages state-of-the-art XAl tools to interpret deep learning models for
detecting and classifying micro-seismic signals. The explanations help improve
model design and clarify both correct and incorrect predictions. In addition, in
cases of discrepancies between predicted and expert-labeled classes, the data is
reviewed, and experts use the model's explanations as references to assess the

basis of the misclassi cation. (See Chapter 4.)

(a) Interpretation of outcomes of the CNN model for micro-seismic signal clas-

si cation through the Layer-wise relevance propagation (LRP) heatmap.

(b) A detailed discussion of origins of misclassi cations shedding light on how

trained deep learning models perceive seismic signals in frequency domain.

(c) The human-in-the-loop system assists experts in identifying and correcting
mislabeling within datasets, thereby enhancing the datasets' overall reliabil-

ity and accuracy.

3. This research proposes a microseismic signal classi cation method based on Self-
Supervised Learning (SSL), designed to achieve good classi cation performance
with minimal or no labeled data. SSL is employed for representation learning, ex-
tracting features from raw waveform recordings without the need for labels. These
extracted features are used in three downstream classi cation tasks: unsupervised

clustering, semi-supervised classi cation, and post-labeling. (See Chapter 5.)

(&) An automatic feature extraction approach for landslide micro-seismic events

based on SSL

(b) Two new classi cation models, one fully unsupervised and the other semi-

supervised, based on SSL

(c) Visualisation of the SSL model's features for di erent seismic classes, ex-

plaining misclassi cations in clustering
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(d) A new method for enhancing the e ciency of manual labeling using Self-

Organizing Map (SOM).

1.3 Organisation of the thesis

The remainder of the thesis is organised as follows:

Chapter 2 reviews the background, dataset, and general de nition of deep learning.

Chapter 3 provides a detailed literature review about deep learning based (mi-
cro)seismic event detection and classi cation. Following this, three convolutional neu-
ral network (CNN) models are proposed to classify four event types: earthquakes,
rockfalls, seismic sources related to landslide processes (referred to as \quakes"), and
anthropogenic noise.

Chapter 4 rst introduces XAl and its current applications in (micro)seismic event
classi cation, then proposes a human-in-the-loop system designed to provide compre-
hensive explanations of the key features learned by a deep neural network in multi-class
classi cation tasks.

Chapter 5 proposes a (micro)seismic event feature extraction technique based on
self-supervised learning, followed by downstream tasks for unsupervised clustering and
semi-supervised classi cation. Additionally, an algorithm is introduced to signi cantly
enhance the e ciency of expert manual labeling.

Chapter 6 concludes this thesis and discuss the remaining challenges in (micro)seismic

event detection and classi cation.

1.4 Publications

Journal Articles

J1 Jiang. J, Stankovic. V, Stankovic. L, Parastatidis. E , and Pytharouli. S, Micro-
seismic event classi cation with time-, frequency-, and wavelet-domain convolu-
tional neural networks. IEEE Transactions on Geoscience and Remote Sensing,
vol. 61, pp. 1-14, 2023.

Contribution: Literature review, Experiments design, Algorithm implementation,
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J2

J3

Results analysis, Formal analysis, Draft writing.

The publication relates to Chapter 3

Jiang. J, Murray. D, Stankovic. V, Stankovic. L, Hibert. C, Pytharouli. S, and
Malet. J.-P, A human-on-the-loop approach for labelling seismic recordings from
landslide site via a multi-class deep-learning based classi cation modelScience
of Remote Sensingyol. 11, pp.100189, 2025..

Contribution: Literature review, Experiments design, Algorithm implementation,
Results analysis, Formal analysis, Draft writing.

The publication relates to Chapter 4

Jiang. J, Stankovic. V, Stankovic. L, Murray. D, and Pytharouli. S, Generative
self-supervised learning for seismic event classi cation.Under Review in Engi-
neering Applications of Arti cial Intelligence, 2025.

Contribution: Literature review, Experiments design, Algorithm implementation,

Results analysis, Formal analysis, Draft writing.

The publication relates to Chapter 5

Conference Papers

C1

Cc2

Jiang. J, Stankovic. V, Stankovic. L, and Pytharouli. S, Automatic detection
and classi cation of microseismic events from super-sauze landslide using convo-
lutional neural networks. 2020 AGU Fall Meeting Abstracts 2020.

Contribution: Experiments design, Algorithm implementation, Results analysis,
Formal analysis, Draft writing.

The publication relates to Chapter 3

Jiang. J, Stankovic. V, Stankovic. L, Murray, D , and Pytharouli. S, Explain-
able Al for transparent seismic signal classi cation. 2024 IEEE International
Geoscience and Remote Sensing Symposium (IGARSSJul. 2024.
Contribution: Experiments design, Algorithm implementation, Results analysis,
Formal analysis, Draft writing.

The publication relates to Chapter 4
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Background

2.1 (Micro)seismic Event Analysis

Seismic events can be intuitively described as sudden brittle failures due to natural
causes or articially triggered explosions, leading to a rapid release of energy in a
localised area that generates waves propagating through the surrounding medium [14].
For example, in volcanic seismology, seismic signals are generated by physical processes
within a volcano, such as the movement of gas and uids (e.g., water, magma) and their
interaction with solid rock. These signals include volcanic-tectonic events, long-period
signals, tremors, and quakes [15]. In processes such as hydraulic fracturing and carbon
capture, seismic sources are linked to activities like string shots, perforation shots, plug
settings, ball drops, and sleeve openings, with source mechanisms often categorised as
volumetric or shear double-couple components [14, 16]. Additionally, seismic events
can occur from unstable slopes, such as in open-pit mining or landslides, due to elastic
strain accumulation, rupture, friction, and shear between soil particles [17].

Seismic monitoring of slope instabilities emerged in the 1960s and has been signif-
icantly advanced in recent decades through the development of microseismic monitor-
ing techniques [17]. These advances are attributed to improvements in seismometer
technology (higher sensitivity compared to other slope monitoring methods), simpler
installation (lower costs and reduced power requirements), and increased network den-

sity [18]. The primary goal of analysing (micro)seismic events is to support geological
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hazard assessments, enhance the understanding of underlying processes, and prevent
future failures to reduce the social and economic impacts of destructive events [18].

In some instances, (micro)seismic signals can act as precursors to landslides, ex-
hibiting low dominant frequencies and nonstationary characteristics. Thus, building a
solid understanding of various seismic signals is essential for e ectively predicting major
geological disturbances and minimizing the risks of fatalities and infrastructure dam-
age [17,19,20]. Traditional analysis methods typically involve three steps: 1) applying
detection techniques to identify the event time period; 2) extracting meaningful features
from raw signal; 3) classifying the extracted features using classi cation algorithms to

determine the classes of (micro)seismic event.

2.1.1 System overview

To comprehensively analyse (micro)seismic events using traditional methods, the pro-
cess can be broken down into four primary stages: signal acquisition, detection, feature
engineering, and classi cation. A block diagram illustrating this work ow is provided

in Figure 2.1. Each stage is brie y outlined in this section and further detailed in the
subsequent sections. (1) Signal Acquisition: The process begins with acquiring seismic
or microseismic signals using a network of sensors such as seismometers or accelerom-
eters. These signals may originate from natural phenomena (e.g., volcanic activity,
landslides) or anthropogenic activities (e.g., hydraulic fracturing, mining). (2) Detec-
tion: Next, algorithms identify segments of the continuous signal that correspond to
potential (micro)seismic events, di erentiating them from ambient noise or irrelevant
signals. (3) Feature Engineering: In this step, the detected signals are processed to
extract meaningful features, which are critical for e ective event classi cation. This
involves a combination of feature construction, extraction, and selection. (4) Classi-
cation: Finally, extracted features are fed into classi cation algorithms to categorise
seismic sources based on prede ned classes such as earthquakes, rockfalls, or anthro-

pogenic noise.

10
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Figure 2.1: Block diagram of the traditional system overview for (micro)seismic event
analysis.

2.1.2 Data Acquisition

The acquisition of (micro)seismic data is the foundational step in seismic event analy-
sis, directly in uencing the quality and interpretability of downstream processing tasks
such as detection, feature engineering, and classi cation. Data acquisition typically
involves deploying networks of geophysical sensors, including seismometers, geophones,
and accelerometers, across the area of interest. These sensors capture ground mo-
tion caused by both natural and anthropogenic sources, converting analog vibrations
into digital signals that can be processed and analyzed. Depending on the applica-
tion, acquisition systems can be installed in various con gurations: surface arrays,
borehole installations, or hybrid setups combining both. Surface sensors are easier and
cheaper to deploy but may su er from high ambient noise levels and lower signal delity.
Borehole sensors, though more expensive to install, provide superior signal-to-noise ra-
tios (SNR) due to their placement within the subsurface, closer to potential seismic
sources [16,17]. Sensor placement, orientation, and calibration are crucial for accurate
waveform capture. The quality of acquired data can be a ected by environmental noise
(e.g., wind, rainfall, human activity) and instrumental limitations (e.g., sensor drift,

gain inconsistencies). Therefore, pre-processing steps such as Itering, baseline correc-
tion, and sensor response removal are typically applied before detection and feature

extraction [21].

2.1.3 Detection

In seismic analysis, e cient and highly accurate signal detection is important and has
a wide range of applications. For example, in earthquake analysis, the identi cation
of distinct wave phases, such as primary (P-waves) and secondary (S-waves), is partic-
ularly important. P-waves, the fastest seismic waves, are typically the rst to arrive

at a seismic station. Their precise arrival time, determined through a process known

11
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as P-wave picking, is a crucial step in earthquake analysis. Detection, on the other
hand, refers more broadly, to recognising that an earthquake has occurred and may
involve signals from P-waves, S-waves, or other seismic phases. Manually identifying
signals of interest from continuous seismic recordings, using expert knowledge, is often
time-consuming, labor-intensive, and subjective.

In recent years, there has been a growing shift toward the development of algo-
rithms that automatically detect seismic signals. The most widely used method is
the Short-Term Average to Long-Term Average ratio (STA/LTA), which applies slid-
ing windows of prede ned lengths to the time/frequency domain amplitude, envelope,
or higher-order statistical features (e.g., skewness and kurtosis) of the recorded sig-
nal [22{27]. Events are detected by setting trigger and detrigger thresholds based on
the ratio of the short- and long-window average values. STA/LTA and its variants
have been commonly used in detecting seismic events from earthquakes [28], volcanic
activity [29], and landslides [25{27]. However, STA/LTA has some signi cant limi-
tations, such as 1) improper parameter initialization leading to false alarms [30]; 2)
high sensitivity to ambient noise [19, 31, 32]; and 3) time-consuming and ine cient
processes for selecting window lengths and thresholds [33,34]. Based on STA/LTA,
a modi ed energy ratio detection method has been introduced, utilizing equal-length
pre- and post-sample windows [35]. Later, three enhanced detection methods using
seismic attributes|energy ratio, fractal dimension, and entropy|were developed [36].
The Akaike Information Criterion (AIC) detection algorithm proposed by [37] relies on
the idea that nonstationary seismic signals can be segmented into locally stationary
parts, each approximated as an autoregressive process. Another approach, known as
matched ltering, which is based on template matching, requires prior knowledge of
representative parent waveforms [38, 39].

Low signal-to-noise ratio (SNR) and varying levels of ambient noise present signi -
cant challenges for detecting (micro)seismic events [34,40]. Traditional detection meth-
ods work well for known seismic events but struggle to detect unknown or unexpected

low SNR microseismic events, such as landslide-induced quakes or rockfalls [15,17, 34].

12
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2.1.4 Feature Engineering

In traditional (micro)seismic event analysis, feature engineering (including feature con-
struction, extraction, and selection) plays a critical role in e cient signal classi cation.

A large set of features with redundant information can increase processing time and
lead to issues such as classier over tting, multicollinearity, and suboptimal feature
ranking during the selection process [41]. A comprehensive review of feature construc-
tion for (micro)seismic events is provided in [19], where temporal, spectral, and cepstral
features, along with their combinations, are derived from raw, denoised data.

Feature extraction and selection are frequently employed to reduce the dimension-
ality of the feature space, thereby minimizing storage requirements and reducing the
testing and training time of classi ers. Among these, Principal Component Analy-
sis (PCA) is the most widely used feature extraction and dimensionality reduction
technique. It has consistently proven e ective for a variety of (micro)seismic event
analysis tasks [42,43]. Besides PCA, many other dinesionality reduction methods have
been used for (micro)-seismic signal analysis, including, t-distributed Stochastic Neigh-
bor Embedding (t-SNE) and Linear Discriminant Analysis (LDA) [44].

Selecting the most discriminative features for a given task is not straightforward.
Many feature selection methods have been proposed, typically classi ed into several
types: lter-based (the most common in (micro)seismic analysis), wrapper-based, em-
bedded, hybrid, and ensemble approaches. Filter-based methods, which assess and
select features using various statistical tests, are model-agnostic, meaning they can be
applied to any learning algorithm to eliminate irrelevant and redundant features, and
they have lower computational complexity [45]. These feature selection methods have
been widely explored in various (micro)seismic analyses.

Feature engineering in traditional machine learning for seismic event classi cation is
a labor-intensive process, requiring substantial manual e ort to design, construct, and
select relevant features. This approach heavily relies on domain expertise, introducing
potential biases and subjectivity, which may result in incomplete or suboptimal feature
sets. Manually designed features can fail to capture the full complexity of the raw data,

limiting the model's ability to recognize intricate patterns in seismic events. Moreover,
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the challenge of selecting the right features can lead to issues like over tting, multi-
collinearity, or reduced model performance. Prede ned feature sets further constrain
the model's adaptability to new or unknown seismic events, making it less e ective in
dynamic environments compared to deep learning models, which automatically learn

relevant features directly from raw data.

2.1.5 Classi cation

In the context of (micro)seismic signal analysis, classication refers to the process
of categorizing seismic signals into prede ned classes based on their characteristics,
such as frequency range, amplitude, signal shape, and duration. The primary goal
is to distinguish events of interest (e.g., (micro-)earthquakes, rockfalls) from noise or
other signals, enabling better understanding and monitoring of seismic activity. The
main challenges in (micro)seismic classi cation include: (1) a lack of openly accessible
annotated datasets [19]; (2) an imbalanced catalog of labeled events due to the scarcity
of events of interest [19]; and (3) the high degree of similarity between unknown natural
and anthropogenic \interfering” signals and the events of interest in either the time
or frequency domain [26]. As a result, manual classi cation remains prevalent, where
experts analyze signals based on their characteristics to assign categories such as (micro-
Jearthquakes, block falls, rockfalls, quarry blasts, and multiple events [46].

Automatic classi cation methods, such as Support Vector Machine (SVM) and
Random Forest (RF), are typically applied alongside various feature extraction or se-
lection techniques, as previously discussed. SVMs are e ective for addressing high-
dimensional nonlinear classi cation challenges with a limited number of training sam-
ples [47], and they have been used to di erentiate between long-period events, tremors,
and volcanic tectonics in [15, 48], as well as between earthquakes and non-earthquake
events in [49], among others. RF is parallelizable, performs well with high-dimensional
signals, is fast in both training and prediction, robust to outliers and non-linear data,
can manage imbalanced datasets, and has low bias [50]. It has been utilized to clas-
sify landslide (micro)seismic events, including rockfalls, slide quakes, earthquakes, and

both natural and anthropogenic noise [18,26]. Other classi cation models, such as
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Multilayer Perceptron Neural Network (MLP), Linear Discriminant Analysis (LDA),
Naive Bayes (NB), K-Nearest Neighbor (KNN), and Feed-Forward Back-Propagation
Neural Networks, have also been explored for distinguishing volcanic-seismic events
[51,52]. Conventional (micro)seismic event classi cation heavily relies on handcrafted
feature construction, extraction, and selection, which typically necessitates substantial
domain knowledge for the physical characterization of events.

Traditional classi ers, in addition to requiring manual feature engineering, often
struggle to capture complex, nonlinear relationships in data. These models rely on
prede ned features and lack the exibility to adapt to new data types or variations.
They may overt on small datasets, especially when feature selection is not optimal,
leading to poor generalization. Furthermore, traditional classi ers face scalability issues
with larger datasets or high-dimensional data, and their xed feature sets make them
less responsive to emerging patterns or anomalies. In contrast, deep learning models
handle complex relationships more e ectively, scale e ciently with larger datasets, and
o er better performance, particularly in tasks involving high-dimensional or complex

data, such as seismic event classi cation.

2.2 Deep Learning Architectures

Deep learning is a subset of machine learning that has gained prominence in recent
years due to its e ectiveness in tasks involving large amounts of data. Unlike tradi-
tional machine learning methods that rely heavily on feature engineering, deep learning
models automatically learn hierarchical features from raw data, which makes them par-
ticularly useful for tasks like image recognition, speech processing, and natural language
understanding. Deep learning is built on arti cial neural networks, with multiple layers

of interconnected units (neurons) mimicking the structure and function of the human
brain. These multi-layered networks, often referred to as DNN, allow models to learn
complex patterns and representations from data. The backbone of deep learning is the
neural network architecture, which consists of an input layer, several hidden layers,

and an output layer. Each layer comprises neurons, or nodes, which perform simple
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calculations and pass the output to the next layer. The network's learning process re-
lies on minimizing a loss function using an optimization algorithm, commonly gradient
descent, through a process known as backpropagation. In recent years, the availabil-
ity of large datasets, advanced hardware, especially Graphic Processing Units (GPUS),
and improved training algorithms have made deep learning models more practical and
scalable for a wide range of applications [53].

One of the most successful deep learning architectures is the CNN [54]. CNNs are
speci cally designed for processing data with a grid-like topology, such as images, where
spatial relationships between pixels are critical. A CNN typically consists of three key
types of layers: 1) Convolutional Layers, in this layer, Iters (or kernels) slide across
the input image to extract local patterns, such as edges, textures, or more complex
features. These Iters allow CNNSs to capture spatial hierarchies in images by learning
increasingly abstract features at deeper layers; 2) Pooling layers are used to reduce the
spatial dimensions of feature maps, which decreases computational load and minimizes
the risk of over tting. The most common pooling method is max pooling, which selects
the maximum value from each region covered by the lIter, thus preserving the most
prominent features; 3) Fully Connected Layers, after several convolutional and pooling
layers, the feature maps are attened and passed through fully connected layers. These
layers combine the extracted features to produce the nal output, such as classifying
an image into a speci c category.

The proposal of CNNs has demonstrated impressive performance in various appli-
cations. The architecture is highly e ective at tasks such as image classi cation and
object detection. Some of the most famous generic CNN models include LeNet-5, one
of the earliest architectures designed for digit recognition [55]; AlexNet, which signif-
icantly advanced image classi cation by utilizing ReLU activation and dropout [54];
and ResNet, which introduced skip connections to enable the training of very deep net-
works [56]. The VGG16 model [57] is more recent, and currently one of the best CNN
architecture, renowned for its simplicity and uniformity in design. The key innovation
in VGGL16 lies in its use of smaller 3 3 convolution Iters throughout the network,

stacked in increasing depth, allowing the model to capture ne-grained patterns in the
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data while maintaining computational e ciency. By using smaller Iters but increasing
the number of convolutional layers, VGG16 is able to extract more complex features
progressively, which improves its performance in tasks like classi cation. The deep
learning models proposed in this thesis are mostly inspired by VGG16.

Though demonstrating competitive performance, deep learning presents some dis-
advantages. First, deep learning models are often considered \black boxes" because of
their lack of interpretability. Even though these models can achieve high accuracy, it
is di cult to understand how they arrive at their predictions or decisions. The com-
plexity of deep neural networks, especially with many layers and parameters, makes
it challenging to explain their inner workings in human-understandable terms. This
lack of transparency is particularly problematic in sensitive areas like seismic event
analysis, where interpretability is important for trust and accountability [12]. Second,
deep learning models require vast amounts of labeled data to train e ectively. In su-
pervised learning tasks, the quality and quantity of labeled data directly impact the
model's performance. However, obtaining large, high-quality labeled datasets can be
both time-consuming and expensive. This data dependency limits the applicability of
deep learning in domains like seismic event analysis where labeled data is scarce or

di cult to acquire [13].

2.2.1 Performance measures

To evaluate performance of the proposed models, standard classi cation performance
measures, namely precision, recall (also referred to as sensitivity), and the F1 score,

are utilized as de ned in [19]:

- TP
Precision = TP+ FP (2.1)
TP
Recall = TP+ EN (2.2)

2 Precision Recall
Precision + Recall

F 1score= (2.3)

True positive (TP) is the number of correctly detected and classi ed events, i.e.,
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the input window contains the waveform of the target event, and the model correctly
classi ed it. False positive (FP) is the number of false alarms, i.e., an event of the
non-target class is misclassi ed as the target class. False negative (FN) is the number
of missed events, i.e., an event of the target class is misclassi ed as another classes or
it is not detected.

In the context of seismic event detection, recall is often considered more critical than
precision or even the F1 score, particularly in applications such as early warning systems
or hazard monitoring. This is because missing a true seismic event (false negative) can
lead to severe consequences, including delayed response to natural hazards and failure
to issue timely alerts. In contrast, false alarms (false positives), while inconvenient, are

generally more tolerable in real-world applications [58].

2.3 Dataset

The dataset utilized in this thesis is publicly available through the Resif Seismological
Data Portal and was collected by the French Landslide Observatory, OMIV (Observa-
toire Multi-disciplinaire des Instabilies de Versants) [59]. The data was gathered using
the MT network, speci cally from Super-Sauze C (SZC) stations, located on the east
and west sides of the Super-Sauze landslide in Southeast France (Latitude: 44.34787,
Longitude: 6.67805), as shown in Figure 2.2. Further information on the sensors and
terrain can be found in [60]. The signals were recorded during three periods: from 11
October to 19 November 2013; from 10 to 30 November 2014; and from 9 June to 15
August 2015. The seismic stations were equipped with short-period seismometers (Noe-
max and Sercel L4C), which have a at frequency response in the range of 5{100 Hz,
enabling detection of a broad range of seismic events. The signals were recorded with
broadband seismic recorders (RefTek 130S-01) at a sample frequency of 250 Hz. The
array consisted of a tripartite arrangement of 40 m layout, centered around one three-
component seismometer and three vertical, one-component seismometers arranged in
an equilateral triangle con guration, resulting in six channels for data acquisition [26].

In addition to the raw seismic data, a catalogue of labelled events is provided.

The dataset contains four distinct types of seismic events: earthquakes, quakes, rock-
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(a) regional-scale location within European con- (b) local-scale topographic position in alpine en-
tinent vironment

Figure 2.2: Geographic location of the SZC sensor station (a) global distribution and
(b) detailed topographic positioning.

falls, and natural/anthropogenic (N/A) noise signals [26]. Table 2.1 displays the total
number of events per class in the used dataset, after removing duplicates. Rockfalls
predominantly occur at the main scarp of the landslide, where rigid blocks fall from a
steep slope (height over 100m). Quakes are de ned as low-magnitude endogenous seis-
mic events that are hypothesized to originate from several internal mechanisms within
the landslide body. These include shear deformation along basal or internal slip sur-
faces, fracturing or collapse of voids, and the progressive accumulation of strain leading
to micro-failures. These processes generate seismic signals that are typically short in
duration (less than 5 seconds) and display strong attenuation, often being recorded by
only a few nearby seismometers. The location and waveform characteristics of these
signals re ect their origin within the deforming landslide mass, distinguishing them
from other event types. These physical characteristics enable their classi cation as a
distinct event class in the dataset [26]. In contrast, earthquakes correspond to exoge-
nous seismic events, including regional tectonic activity and teleseisms, with stronger
signal amplitudes and broader spatial detectability. N/A noise events include various
environmental and human-made noise sources. Environmental noises originate from
phenomena such as wind or heavy rainfall, while anthropogenic noises come from ac-

tivities like tra ¢, pedestrians, or helicopters. For further details on the endogenous
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seismicity at the Super-Sauze landslide, refer to [61], [62], and [3]. Figure 2.3 presents
examples of seismic signals, including earthquakes, quakes, and rockfalls, with varying
Signal-to-Noise Ratio (SNR), demonstrating the range of noisy events in the dataset.
This study focuses on seismic events collected on landslides, a topic that has received
comparatively less attention than earthquakes in the eld of automatic seismic event
detection. Most existing detection algorithms are primarily developed and evaluated
on earthquake datasets. This is partly due to the availability of large, well-annotated
seismic datasets in tectonic contexts, such as those from the Southern California Seis-
mic Network or the Stanford Earthquake Dataset, which include millions of labeled
events. In contrast, annotated datasets focused on landslide-related seismicity remain
scarce. By investigating landslide-related seismicity, this work aims to I this research
gap and highlight the potential for improving monitoring systems in landslide-prone
regions. Detecting seismic signals generated by landslides is important for understand-
ing the internal dynamics of slope failure, identifying precursory signals, and ultimately

mitigating geological hazards that threaten infrastructure and human lives [63].

Table 2.1: The number of labelled events in Resif catalogue.

Class Total No. events
Earthquake 388
Quake 234
Rockfall 401
Noise 351
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(a) Earthquakes

(b) Quakes

(c) Rockfalls

Figure 2.3: Examples of seismic events: (a) Earthquake (b) Quake (c) Rockfall. Three
di erent events are shown for each class, including high, medium and low SNR cases.
In all cases, we show three waveforms, representing, respectively, the East, North and
vertical direction of the three-component sensors from top to bottom.

© 2023 IEEE. Reprinted, with permission, from Jiang et al., "Microseismic Event
Classi cation With Time-, Frequency-, and Wavelet-Domain Convolutional Neural Net-
works," *IEEE Transactions on Geoscience and Remote Sensing*, vol. 61, pp. 1{14,

2023.
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Microseismic event classi cation
with time, frequency and
wavelet-domain Convolutional

Neural Networks

3.1 Introduction

As discussed in Chapter 1, algorithms for automated detection and classi cation of
seismic events are important but also challenging to develop. Prior work has focused
on application of traditional machine learning algorithms to classi cation of (micro-
)seismic events, supported by various signal processing tools for denoising and detection
of events. Most classi cation approaches have been based on well-known algorithms,
such as Hidden Markov Model (HMM), SVM and RF [64], [65], [66], [67].

For example, Provost et al. [26] propose a classi cation method using an RF super-
vised classi er to classify micro-seismic events on slow-moving landslides. The method
uses the Short-Term-Average/Long-Term-Average (STA/LTA) algorithm for detection,
then calculates 71 seismic attributes as features inputted into a supervised RF to clas-
sify each event into one of four pre-determined classes (earthquake, quake, rockfall and

Natural/Anthropogenic noise). Ruano et al. [66] propose a seismic detection system
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based on SVMs to improve the detection accuracy of seismic events at the station level.
The system processes seismic data from Portugal's seismographic network using fea-
tures derived from power spectral density at selected frequencies. Curilem et al. [64]
focuses on classifying seismic signals from Villarrica, one of the most active volcanoes
in South America. The study speci cally looks at three key types of seismic signals:
long-period (LP), tremor (TR), and energetic tremor (ET). The authors developed a
classi er that processes 30-second signal windows to classify these events. A feature
extraction process was applied to identify relevant signal characteristics, and a MLP
was optimized with genetic algorithms to classify. Hibert et al. Hibert et al. [65] pro-
pose a method to detect rockfall events at Piton de la Fournaise volcano by identifying
their distinct high-frequency seismic signals within continuous seismic data, ltering
out non-rockfall signals using time-frequency analysis. More recently, an end-to-end
automated system is proposed in [19] consisting of signal denoising, event detection
via statistical Neyman-Pearson based thresholding, feature selection, and graph-based
classi cation.

In contrast to traditional pipeline-based approaches, e.qg., [64], [65], [66], [26], [19],
deep learning provides an integrated approach to detection, feature representation and
classi cation, with competitive performance under the assumption that a good repre-
sentative dataset is available for training. Though there have been many attempts to
use various deep learning architectures for seismic signal detection and classi cation
(e.g., [11], [68], [69], [70], [71], [72]), classi cation of microseismic endogenous landslide
events based on deep learning is rarely studied. Moreover, transferability of deep learn-
ing classi cation models to di erent monitoring network geometries is rarely discussed.

In this chapter, we formulate the microseismic classi cation problem as a multi-
class classi cation task, and propose three CNN models. To capture a variety of time-
domain and frequency features at di erent scale, besides using Itered raw time-series
waveforms as input to the network, we also use STFT and CWT coe cients. As typical
with time-series data analysis, we slide a xed length window over the input to achieve
multi-classi cation on continuous data. In addition, we test our pre-trained model on

a geologically-distinct dataset from the region of Larissa in mainland Greece, using two
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di erent array geometries, to evaluate its transferability.

3.2 Related work

We present a summary of methods for seismic signal classi cation utilizing Deep Learn-
ing (DL). The majority of DL-based seismic classi ers are designed as binary models,
typically distinguishing between the event of interest (e.g., earthquakes) and a catch-
all category for other events. There are some emerging seismic multi-classi ers which
output more than two categories. We also include DL approaches whose end result is
classi cation, although they also perform detection or phase-picking. It is worth noting
that an additional detection step is not necessary if performing classi cation on contin-
uous recordings, parsed into windows. For non-DL approaches, an up-to-date review

can be found in [19].

3.2.1 Binary classi cation

In [69], seismic data are sampled and parsed into time windows of 20 msec duration,
which are then fed into a CNN. The CNN model, consisting of one 1-D convolutional
layer, one pooling layer and 3 Fully Connected (FC) layers, acts as a binary classi er
and classi es the input window into earthquake event waveform or noise waveform.
Perol et al. [11] propose earthquake detection techniques for multi-channel 1-D data
using CNN with 3 channels and sampling rate of 100Hz. The raw recordings were split
into 10sec seismic waveform windows that are fed into a trained network consisting of
eight 1-D convolutional layers to extract features for earthquake detection, followed by
a FC layer to perform the earthquake/noise classi cation and location estimation by
features outputted by convolutional layers.

Besides feeding raw signals, various methods are proposed that take as inputs spec-
trograms [73], [74]. For example, Dokht et al. [75] propose a CNN model to classify the
input spectrogram into earthquake or noise. The authors use Three-Component (3C)
spectrograms of 10sec seismic data as input to a CNN architecture consisting of 4

convolutional and 2 FC layers. Each convolutional layer is followed by a max-pooling
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layer. The nal output layer is a two-neuron FC layer with softmax activation which
outputs the probability distribution of 2 classes (earthquake and noise). Liao et al. [73]
use the method of transfer learning to detect whether the CWT map contains rst
break of earthquake. In particular, the authors use pre-trained CNNs used for image
classi cation tasks, namely, GoogLeNet, AlexNet and SqueezeNet, to perform transfer
learning from image data to seismic signals and classify the CWT output into rst-
break waveform and not rst-break waveform. Linville et al. [76] use Long-Short-Term
Memory (LSTM) and CNN models to classify seismic events as either quarry blasts or
earthquakes. The LSTM model routes input spectrograms to output classes (0 or 1)
which represents quarry blasts or earthquakes through 4 bidirectional layers as a many-
to-one learning scenario which takes input from many time steps to make one binary
classi cation output. The CNN architecture with 4 convolutional, 4 max-pooling and

2 FC layers outperforms RF, SVM and residual neural network.

Mousavi et al. [77] propose a sequence-to-sequence learning model, "EQ-transformer’,
for phase picking and earthquake classi cation using a multi-task structure, that out-
puts 3 sequences of probabilities, representing presence of earthquake, P-phase picking
and S-phase picking. The deep network structure consists of an encoder that con-
verts the raw input signal into features through 1-D convolution, max-pooling, residual
convolution, and LSTM layers, and 3 separate decoders. In [78], the authors propose
a vision transformer (ViT)-based system for earthquake detection and its magnitude
prediction. The system consists of two separate ViT networks: the rst one detects
earthquake events from the picked P-wave; the second network predicts the magnitude
of the detected earthquakes.

In [70], spectrograms of 30 seconds 3-component seismograms are used as input to
a CNN-RNN Earthquake Detector (CRED), that consists of convolutional, recurrent
and dense layers, in a residual structure. A 2D convolution layer extracts features
from the input spectrograms. Then, bi-directional LSTM performs sequence learning.
Finally, dense layers classify the extracted features and output a sequence of predicted
probabilities, for classi cation of earthquakes and noise. [79] perform a 7-level CWT

on 3-component 30s-long time window with 100Hz sampling frequency to construct a
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CWT map as input to an encoder-decoder network with residual learning to classify

earthquake signals using 2 classes - earthquake signal or not.

3.2.2 Classi cation of more than one event type

A CNN is proposed in [68] to classify seismic events into 3 categories - tectonic earth-
quakes, mining-induced events, and mining blasts, based on 90sec long spectrograms
as input. The model consists of 4 2-D convolutional and a 3-node softmax activated
dense layer.

A “deepquake' CNN architecture is proposed in [1] that classi es 3-component 20sec
input data into earthquake, other events and noise. Two CNNs are built for two
di erent input types: time series and spectrograms. The two architectures consist of
6 convolution layers for feature extraction and one dense layer for classi cation. An
attention-based CNN architecture is proposed in [72] using multi-task learning. This
architecture rst acts as a binary classi er and classi es the seismic waveform into
earthquake or noise; then as a multi-class classi er, it classi es the seismic waveform
into micro-earthquake, macro-earthquake or noise. The input data is a 10-sec raw
seismic waveform with 100Hz sampling rate. 8 1-D convolutional layers (with Relu
activation) with an attention module to extract features, and 2 task-specic layers
with 2 FC layers (softmax activation) classify the features.

A 3D-CNN/RNN-based architecture is proposed in [10] to classify earthquake mag-
nitudes. Each segment of 60-sec waveform is split into 6 10 sec clips, which are then
processed and transformed into a 2-D Log-Mel map. Thus, the input data of the model
is the 3-D matrix of 6 Log-Mel maps stack that is rst inputted to a 3-D CNN and then
to RNN. FC layer is used to classify the extracted features into ve categories (greater
than or equal to 0.0, 1.0, 2.0, 3.0 and 4.0 on Richter scale). In [80], a CNN is used to
detect and classify seismic events into microseismic event, single-phase event, and am-
bient noise events. The model's input is a 22 2000 seismogram image obtained from
22 seisometer channels with 2000 sampling points. The proposed architecture consists
of 6 convolutional, 6 pooling, and 2 FC layers. The models are rst trained and tested

on synthetic data and then used to detect microseismic events from a eld data set. It
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is showed that training on synthetic data and testing on the eld data leads to poor

performance. The results are then improved by labelling the eld data and using it for

training the model and testing.

Table 3.1: Summary of prior work on using deep learning models for seismic signal
classi cation. UUSS stands for University of Utah Seismic Stations, UUEB for Uncon-
strained Utah Event Bulletin, NCEDC stands Northern California Earthquake Data
Center. NECIS stands for National Earthquake Comprehensive Information System,
IRIC for Incorporated Research Institutions for Seismology, STEAD for Stanford Earth-
gquake Dataset and KNMI for Royal Netherlands Meteorological Institute.

© 2023 IEEE. Reprinted, with permission, from Jiang et al., "Microseismic Event
Classi cation With Time-, Frequency-, and Wavelet-Domain Convolutional Neural Net-
works," *IEEE Transactions on Geoscience and Remote Sensing*, vol. 61, pp. 1{14,

Paper Year Aim Best Architecture Input data Dataset & Transf. learning
seismic classi cation Spectrograms

[76] 2019 (quarry blasts and earthquakes) CNN & LSTM (three channels) uuss

seismic classi cation Spectrograms
68] | 2019 (tectonic earthquakes, CNN pectrog UUSS & UUEB [81]
(three channels)
mining-inducedevents, mining)
residual structure
[70] 2019 seismic detection with convolutional, Spectrograms North California [82]
(earthquakes and noise) recurrent, (three channels) transfer learning to Arkansas [83]
and dense
seismic detection
(earthquake and noise) and classi cation attention-based Time series
[72] 2020 (microearthquake, macroearthquake CNN (three channels) NECIS [84] & IRIS [85]
and noise)
seismic detection Time series STEAD [8]

[77] 2020 and phase picking multi-task structure (three channels) transf learning to
(earthquake, P-phase and S-phase) aftershock region of Tottori
earthquake magnitude classi cation

(greater than or equal to ’ Log-Mel spectrogram
(10] 2021 0.0, 1.0, 2.0, 3.0 S3D-CNN RNN (one channel) STEAD
and 4.0 on Richter scale)
Northern California
Seismic detection CWT map transfer learning to
[79] 2021 (earthquake and noise) U-NET (3 channels) Arkansas,Texas [86],
Japan and Egypt
microseismic classi cation seismoaram an underaround

[80] 2021 (Dyke-roadway, Longwall, CNN 9 9

) (6 channels) coal mine
Low-frequency and noise)
Microseismic event classi cation seismogram synthetic data; unsuccessful

Sl 2021 singIe-phgzle(:r;)\/s:r:fngﬁde;i:]tt)}ent noise) CNN (22 channels) transfer learning to eld data

seismic detection Time series

[78] 2022 (P-wave and noise) Vision Transformer STEAD

N L (three channels)
and magnitude estimation
seismic classi cation Time series
(1 2022 (earthquake, other events and noise) CNN and seismogram KNMI [87]
(three channels)
microseismic classi cation Time series,
This thesis | 2023 (earthquake, quake, CNN STFT maps Fés.'f [59] .
rockfall and noise) and CWT maps Transfer learning to Larissa [88]
(6 channels)
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3.2.3 Overview of the literature of DL-based seismic signal classi ca-

tion

Table 3.1 summarises the state-of-the-art in DL-based approaches whose end result is
classi cation. In the table, “transfer learning' refers to the application of a pre-trained
model to evaluate data from a previously unseen dataset collected at a di erent location.
In [68], [76], [10], [72], [80], [9], a single type of feature is used as input, with no study
on feature selection. It can be seen that the majority of the proposed architectures rely
on CNNs and primarily use temporal or spectral features, often with 1 to 6 channels.
The CNN model of [1] reports classi cation results that are among the best in the
literature, without complex feature engineering. Although using more complex input
features and network structures, such as [10], [70], [77], [79], [78], can lead to high
performance, the complex pre-processing steps and deep models are computationally
demanding. In addition, sequence-to-sequence learning requires clearly labelled start
and end times of each event. Limited by the absence of such a dataset for rockfall and
quakes, as is usually the case in practice, we adopt a sequence-to-point classi cation
architecture.

The uniqueness of this approach lies in its ability to classify three important types
of landslide micro-seismisity, which has not been addressed in prior work on DL, as
well as anthropogenic noise. Moreover, the proprosed architecture demonstrates suc-
cessful transfer learning for endogenous landslide seismicity from one seismic dataset to
another collected at a di erent location, showing that di erences in structural terrain
do not necessarily a ect attributes that the model learned during training. Finally,
this chapter o ers three types of architectures to e ectively exploit both temporal and
frequency features and analyses how these features a ect detection and classi cation
performance. It is worth noting that the proposed approach does not require a P-wave
picking or detection step (manually or via an algorithm) since it performs classi cation

on continuous recordings, as sliding windows, fed directly into the network.
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3.3 Methodology

3.3.1 Data processing

First, we apply band-pass ltering to remove high-frequency measurement noise and
low-frequency noise from sources such as humans, vehicles, rain, and animals. Specif-
ically, considering the frequency range of the events of interest, the raw recordings
are processed using a 3-order Butterworth band-pass lIter with a frequency range of
5-60Hz.

We use 3 di erent model inputs: raw temporal data, STFT and CWT maps. Fig-
ure 3.1 shows examples of three classes of seismic events (earthquake, quake and rock-
fall). For time-series raw signals, we use 10 seconds window as input. Given the
sampling frequency of 250 Hz, the length of the input window is thus 2500 samples,
which is usually su cient to capture the entire seismic event, and short enough to
ensure manageable complexity. Thus, for 6-channel recordings, the input time series
signal is of dimension 2500 6. To perform STFT, we use Hann window with heuris-
tically set length of 128 samples with 75% overlap, generating output of dimension of
65 75 6. For CWT, as in [79], as mother wavelet, we use the Morlet wavelet with
8 cycles. We construct scalograms using 80 scales spanning frequency range between
BHz and 60Hz. Thus, CWT model's input dimension is 80 2500 6.

The choice of these three inputs is motivated by their widespread use in prior liter-
ature, as summarized in Table 3.1. Time series, STFT, and CWT representations are
among the most commonly employed inputs in seismic signal classi cation, o ering a
fair and meaningful basis for comparison. Moreover, in practice, when experts manually
label seismic events, they mainly observe time series and STFT representations. Each
input type has its advantages and disadvantages: time series preserve the complete
temporal structure of the signal but may require the model to learn frequency-related
features implicitly; STFT provides joint time-frequency information with xed resolu-
tion but may lose ne details at di erent scales; CWT o ers high resolution analysis
that captures both low- and high-frequency components e ectively but comes with

higher computational cost and redundancy.
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Figure 3.1: Examples of seismic signals for 3 classes (earthquake, quake and rockfall)
with 3 di erent input formats (temporal waveform, STFT and CWT maps) in Resif
dataset.

© 2023 IEEE. Reprinted, with permission, from Jiang et al., "Microseismic Event
Classi cation With Time-, Frequency-, and Wavelet-Domain Convolutional Neural Net-
works," *IEEE Transactions on Geoscience and Remote Sensing*, vol. 61, pp. 1{14,
2023.

3.3.2 Neural Network Architecture

The architectures of the proposed three networks, one for each type of signal input, are
inspired by VGG16 which mentioned in Section 3.2 and adapted to the sampling rate,
the size of the input seismic signal and its feature map. These are deep networks com-
posed of convolutional layers (for feature representation and extraction), max pooling
layers (for downsampling the extracted features to obtain the feature map of a small
size) and FC layers (for classi cation). That is, after multiple convolutional layers,
where the number of convolutional kernels increases with the layer number, and max-
pooling layers, the input signals are compressed into small feature maps, that are then
classi ed through 3 FC layers. The output layers have 4-node softmax classi ers, pro-
viding the probability distribution of 4 classes of events. The three architectures are
shown in Figure 3.2.

For the raw time-series model, the input dimension is 2500 6, corresponding to 10-
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second waveform segments sampled at 250 Hz across 6 channels. All convolutions and
pooling operations are performed in 1D. The rst convolutional layer contains 64 lters
with kernel size 9. Subsequent convolutional layers double the number of lters up to
512 in the nal layer. The max-pooling lter size is set to 4. These parameters were
selected to balance temporal resolution preservation and computational e ciency, while
ensuring that the receptive eld grows su ciently deep to capture temporal features
over the 10-second window. Importantly, for the time-series model, the activation
functions in the rst two convolutional layers are set to linear instead of ReLU. This
is to prevent the premature suppression of information, since waveform data contains
both positive and negative values, and early ReLU activation may cause many neurons
to be zeroed out, impairing learning e ectiveness.

For the STFT and CWT models, the architectural design was adjusted to maintain
comparable model complexity and capacity to the time-series case, facilitating a fair
comparison of performance across input types. The input to the STFT model is a
64 75 6 tensor, representing spectrogram slices per channel. All convolutional
layers here are 2D, with 3 3 kernels, which is a standard choice in image-based
CNNs for capturing local spatial and frequency correlations. In the CWT model, the
input map is highly anisotropic (80 2500), with one dimension (time) being much
longer. To manage this, stride values of 1 2 are used in select layers to compress the
time axis more aggressively, preventing overly deep architectures. Additionally, some
convolutional kernels are enlarged to 3 9 to allow a broader temporal eld of view,
which is bene cial for capturing long-duration waveform patterns unique to certain
seismic events.

Many deployed monitoring network con gurations contain less than 6 channels. For
such systems, we design single-channel models that take one channel at a time as inputs.
The parameters of the single-channel model are the same as in the multi-channel model
except that the input shape is changed. To classify single-channel data, the input size
is 2500 1 for time series, 65 75 1 for STFT maps and 80 2500 1 for CWT
maps . When these single-channel models are used witirchannel data, it will output

n softmax vectors for each event. Then, to make a decision, we calculate the mean of
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each class for thesea vectors.

(a) Time series-based model (b) STFT-based model (c) CWT-based model

Figure 3.2: The network structure for three di erent inputs.

© 2023 IEEE. Reprinted, with permission, from Jiang et al., "Microseismic Event
Classi cation With Time-, Frequency-, and Wavelet-Domain Convolutional Neural Net-
works," *IEEE Transactions on Geoscience and Remote Sensing*, vol. 61, pp. 1{14,
2023.

3.3.3 Data and Training Strategy

The dataset used to train and test all the models is openly accessible from the Resif
Seismological Data Portal, acquired by the French Landslide Observatory OMIV (Ob-
servatoire Multi-disciplinaire des Instabilies de Versants) [59]. To validate our classi-
ers, rst we use only labelled events, that is, we removed all sections in the dataset
that were not catalogued. We note that the catalogue includes natural/anthropogenic
noise segments, hence the classi ers are trained to distinguish this type of noise as well
as the other three micro-seismic events. We split the dataset of labelled events into
training (60%), validation (10%), and testing (30%) sets according to the time of the
event (earliest to latest). To increase learning e ciency, we standardise the dataset by

subtracting the mean and dividing by the standard deviation after denoising. Since
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the original dataset is very unbalanced (see Table 2.1), the training set was balanced
to avoid training bias, by generating new events by shifting the seismic events in the
window as well as adding background noise from non-catalogued eventless waveforms
to the catalogued events. This results in approximately 600 training samples per class,
ensuring a more uniform class distribution during training.

While alternative techniques such as loss function reweighting (e.g., assigning higher
weights to minority classes in the cross-entropy loss) or resampling strategies could also
address class imbalance, we chose data augmentation because it not only balances class
frequencies but also improves the diversity and robustness of the training data. In par-
ticular, shifting the target events within the sliding window not only simulates realistic
waveform variation but also enhances the model's ability to detect events in continuous
data streams, where event boundaries are not xed. This makes our approach especially
suitable for real-time applications involving streaming seismic signals. Importantly, the
test set remains unbalanced and untouched to re ect the true event distribution and

maintain the realism of performance evaluation.

3.3.4 Sliding window-based detection

To illustrate the applicability of our previously trained time-series model on continuous
data, we evaluate it on an unseen period (25-28 Nov 2014) from the Resif dataset, during
which 18 quakes, 23 earthquakes, and 65 rockfalls were recorded. Since the input of
the model is a time window, and the output is a 4-class probability vector, we slide the
input window on the continuous data to achieve a continuous series of probabilities, as
in [89], [30], [90]. This was necessary as the CNN was designed to process a xed-length
signal, and a continuous stream of signals is not of a xed length. The sliding window
method involves dividing the input signal into smaller windows of xed length, with a
xed overlap between consecutive windows. The input window is set, as before, to 10
sec. The input time window was slid with 90% overlap, that is, the classi cation result

is output each second. We set the decision threshold to 0.7: that is, a class probability

greater than 0.7 will be considered as an event class of this time window.
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3.4 Results and discussion

3.4.1 Classication Results

All networks were implemented using the Keras framework and trained for 100 epochs.
In preliminary experiments, training curves indicated that the validation loss typically
stabilized around the 80th epoch. The Adam optimizer was used due to its e ective-
ness in training deep networks with sparse gradients and its adaptive learning rate
capabilities. The cross-entropy loss function was chosen as the task involves multi-
class classi cation with four target categories (earthquake, quake, rockfall, and noise).
Cross-entropy is a standard choice for such tasks, as it directly measures the divergence
between the predicted probability distribution and the true labels. The initial learning
rate was set to 0.0007, a conservative value to ensure stable gradient descent. To pro-
mote convergence and prevent the model from getting stuck in shallow local minima,
the learning rate was reduced by 10% every ve epochs. This step decay strategy helps
the model learn quickly in the early stages of training, while gradually re ning the

weights as it approaches convergence, improving nal performance and generalization.

Table 3.2: The classi cation performance results for the three six-channel models.

© 2023 IEEE. Reprinted, with permission, from Jiang et al., "Microseismic Event
Classi cation With Time-, Frequency-, and Wavelet-Domain Convolutional Neural Net-
works," *IEEE Transactions on Geoscience and Remote Sensing*, vol. 61, pp. 1{14,
2023.

Input: Time series Input: STFT maps Input: CWT maps
precision recall F1-score precision recall F1-score precision recall F1-score
Earthquake | 0.96 0.016 | 0.97 0.009 | 0.96 0.008| 0.96 0.019| 0.98 0.004| 0.97 0.011| 0.97 0.017| 0.98 0.008| 0.98 0.007
Rockfall 0.91 0.023| 0.90 0.011 | 0.90 0.010| 0.88 0.009| 0.92 0.012| 0.90 0.007 | 0.91 0.004| 0.91 0.005 | 0.91 0.005
Quake 0.86 0.032| 0.84 0.015 | 0.85 0.013| 0.90 0.039| 0.87 0.019 | 0.88 0.023| 0.90 0.023| 0.88 0.015| 0.89 0.011
Noise 0.85 0.011| 0.86 0.013| 0.86 0.004 | 0.89 0.008| 0.85 0.013 | 0.86 0.009 | 0.86 0.015| 0.86 0.017| 0.86 0.013

The classi cation performance results for the three models are shown and com-
pared in Table 3.2. Each model was trained and tested 5 times using the same train-
ing and testing sets to ensure repeatability. The results are presented in the form
of \mean standard deviation" where the mean and standard deviation are calculated
using the results obtained after 5 trainings and tests.

It can be seen from the table, that all three models provide highly accurate and

similar classi cation performance, with the F1-score ranging from 0.85 for quakes to
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Table 3.3: The classi cation performance results for the three single-channel models.
© 2023 IEEE. Reprinted, with permission, from Jiang et al., "Microseismic Event
Classi cation With Time-, Frequency-, and Wavelet-Domain Convolutional Neural Net-
works," *IEEE Transactions on Geoscience and Remote Sensing*, vol. 61, pp. 1{14,
2023.

Input: Time series Input: STFT maps Input: CWT maps
precision recall F1-score precision recall F1-score precision recall F1-score
Earthquake | 0.95 0.010| 0.93 0.026 | 0.95 0.016 | 0.96 0.007 | 0.97 0.007| 0.96 0.005| 0.96 0.004| 0.97 0.012| 0.96 0.005
Rockfall | 0.86 0.018| 0.83 0.013| 0.85 0.014| 0.89 0.012| 0.88 0.009| 0.89 0.008 | 0.91 0.009| 0.81 0.016 | 0.86 0.002
Quake 0.85 0.012| 0.83 0.018| 0.84 0.016| 0.90 0.021| 0.84 0.024 | 0.86 0.020| 0.87 0.015| 0.87 0.013| 0.87 0.002
Noise 0.80 0.027| 0.84 0.011| 0.82 0.013| 0.84 0.014| 0.85 0.009 | 0.84 0.014| 0.81 0.011| 0.88 0.017 | 0.84 0.006

0.98 for earthquakes. The CWT model has marginally better classi cation accuracy
(averaged over all classes) of 90.82%, followed closely by the STFT model with 90.62%,
and the time series model with 89.97%. However, the relatively lower overhead of the
time-series model over the others makes it more desirable in practice.

The results using the proposed single-channel models when only one channel is
available are shown in Table 3.3. Comparing with the multi-channel models, the single-
channel models performs slightly worse for all classes of events. This can be explained
by the fact that the channels with very poor SNR a ect the output due to averaging,
which is not the case with the multi-channel model.

We compare our results to traditional machine learning methods in [26], where an
RF classi er is used on a subset of randomly chosen events from the same dataset,
and correctly classi ed 94% of earthquakes (vs. 98% with the proposed method in
Table 3.2), 94% of rockfalls (vs. 92% in Table 3.2), 92% of noise (vs. 86% in Table 3.2)
and 93% of quakes (vs. 89% in Table 3.2).

The corresponding confusion matrices are shown in Table 3.4, for time waveform,
STFT, and CWT models, respectively. From the confusion matrices, we can see that
few quake events are misclassi ed, due to much shorter duration< 5seconds), smaller
SNR and the fact that quakes are usually localised events and hence not detected by
all channels, which is not the case with earthquakes. Quake classi cation results are
better for STFT and CWT than time series inputs, with fewer misclassi ed events,
since CWT and STFT features take into account both frequency and time duration.
However, the recall (sensitivity) of quake is still slightly inferior to the 93% reported
by [26].
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We think there are three reasons for this. First, Provost et al. [26] use 71 con-
structed features including nine network geometry attributes (such as mean and std
correlation lag between the stations; stations with max/min amplitudes, etc.), that
assume knowledge of positions of the deployed sensors. After removing these features,
the performance of [26] was reduced to 90% in average over all classes, ranging between
86% and 94%. Secondly, the number of labelled quake events is much smaller than
the number of other events. For example, there are 401 labeled rockfalls and only
234 quakes, and this has negative impact on the generalisation ability of the networks.
Thirdly, in [26] the channel with the highest SNR is chosen for feature extraction. In
our models, all 6 channels' data were inputted, and some channels with low SNR may

impact classi cation results.

Table 3.4: The confusion matrix for the three six-channel models.

© 2023 IEEE. Reprinted, with permission, from Jiang et al., "Microseismic Event
Classi cation With Time-, Frequency-, and Wavelet-Domain Convolutional Neural Net-
works," *IEEE Transactions on Geoscience and Remote Sensing*, vol. 61, pp. 1{14,
2023.

Input: Time series Input: STFT maps Input: CWT maps
Earthquake | Rockfall | Quake | Noise | Earthquake | Rockfall | Quake | Noise | Earthquake | Rockfall | Quake | Noise
Earthquake 112 1 0 3 113 2 0 1 115 0 0 1
Rockfall 0 110 4 6 3 110 0 7 1 109 2 8
Quake 4 1 58 7 2 3 61 4 1 3 62 4
Noise 3 5 7 90 2 13 5 85 1 8 11 85

3.4.2 Interpretation of Misclassi ed Events

The misclassi ed events for the three multi-class models, time series input, STFT, and
CWT, accounted for 12.65%, 11.14% and 11.12%, respectively, of the total number
of events. As can be seen from the confusion matrices, the main cause of a drop in
recall is quake events being misclassi ed as noise, which is not surprising given their
low SNRs. Therefore, a close examination was conducted on cases where quake events
were misclassi ed as noise, totaling 10 events across all three multi-class models. Out
of these 10 misclassi ed quake events, 4 events were misclassi ed by 2 or 3 models. We
focus on these events and show a representative example for the time-series model in
Figure 3.3. From the gure, it can be seen the main reason for the wrong classi cation

is that the energy of the seismic signal is too weak compared to background noise.
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Indeed, in Figure 3.3 (left column), the wave peak of the correctly classi ed quake
event reaches roughly 1 10 ®m/s while the wave peak of the missed quake event
(right column) is only around 8 10 8m/s, that is, two magnitudes lower.

In general, quake events are of low amplitude and short duration. Due to the energy
of seismic activity and the distance between the event location and the monitoring
station, a small number of these events have extremely low amplitude, and the duration
of seismic events is often also very short. This makes the model prone to misclassifying

such events as noise, as out-of-distribution samples.

Figure 3.3: Waveforms of two quake events in all six channels. The quake event
which was correctly detected and classi ed (rst column) and the quake event which
was misclassi ed as noise (second column) with the same ordinate axis ranges from
1:5 10 ®m/sto1:5 10 ®m/s. The misclassi ed quake event with the scaled zoomed
(third column), its ordinate axis ranges from 1.5 10 ‘m/sto 1:5 10 ‘m/s.
© 2023 IEEE. Reprinted, with permission, from Jiang et al., "Microseismic Event
Classi cation With Time-, Frequency-, and Wavelet-Domain Convolutional Neural Net-
works," *IEEE Transactions on Geoscience and Remote Sensing*, vol. 61, pp. 1{14,
2023.
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3.4.3 Comparison with state of the art DL-based methods

In addition to benchmarking against traditional machine learning methods [26], we
compare the performance against the state-of-the-art CNN-based “deepquake' network
[1] that was shown to outperform similar DL architectures [1]. The “deepguake’ network
has two models, one for time series input and another for STFT map, namely “arch-
time' and “arch-spect’, respectively. The network uses 20 seconds windows with 100Hz
sampling frequency as input. Thus, we rst down-sample our data to 100Hz (from
250Hz), use the same proposed pre-processing method to normalise data and extract
20 seconds of event waveforms as input window. The “deepquake' model classies
inputs into three classes: earthquakes, other events and noise. Thus, we re-label both
quakes and rockfalls as “other events'. We use “deepquake' pre-trained models as initial
weights of each layers. Then, we re-train these two models using the Resif dataset for an
additional 80 epochs. The results are shown in Table 3.5. From the confusion matrix,
it can be seen that “arch-spect' has better performance than “arch-time' on Resif data,
which is expected and in accordance with our results, i.e., the STFT map input model
outperforms the time series input model.

Comparing these results with Table 3.4, we can see that our time series-based
CNN model outperforms “arch-time' for all classes. Indeed, 104 earthquake events are
correctly classi ed by “arch-time' while 112 earthquake were correctly classi ed by our
time series-based CNN. 22 other events (rockfalls and quakes) are misclassifed as noise
by “arch-time' while 6 rockfalls and 7 quakes (13 in total) are misclass ed as noise by
our model. For STFT maps as input, we can see that “arch-spect' performs worse than
our STFT-based CNN. Both models correctly classify 113 earthquakes. 14 other events
are misclassi ed as noise by “arch-spect' while 7 rockfalls and 4 quakes (11 in total) are
misclassi ed as noise by our STFT-based model. This shows that our proposed model
is in line with the state-of-the-art, with the advantage of additionally distinguishing

endogenous landslide seismicity, including rockfalls and quakes.
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Table 3.5: The confusion matrix for the two 'deepquake’ models [1].

© 2023 IEEE. Reprinted, with permission, from Jiang et al., "Microseismic Event
Classi cation With Time-, Frequency-, and Wavelet-Domain Convolutional Neural Net-
works," *IEEE Transactions on Geoscience and Remote Sensing*, vol. 61, pp. 1{14,
2023.

‘arch-time' network ‘arch-spect' network
Earthquake | Other | Noise | Earthquake | Other | Noise
Earthquake 104 9 3 113 2 1
Other 6 162 22 1 175 14
Noise 3 23 79 1 19 85

3.4.4 Continuous detection results

For results we test our network on continuous stream, time series-based CNN correctly
detected and classi ed 91% of earthquakes, 83% of quakes and 94% of rockfalls (TP).
These results are similar to the time series-based model's recall (sensitivity) in Ta-
bles 3.2 and 3.4, and therefore we conclude that the network is robust to continuous
detection and classi cation. In Figure 3.4, we show 2 and a half minutes (i.e., 150
sec) of the continuous waveform of an earthquake event that occurred at 4:05:39 on
November 28, 2014. It can be seen from the gure that the model correctly detects the
start of the signal. In addition, our network detected many other events that have not
been catalogued, namely, 174 earthquakes, 260 quakes and 32 rockfalls.

It is important to note that performing continuous detection and classi cation using
a sliding window over continuous data streams introduces a much higher proportion of
background noise compared to testing on curated datasets. Due to the good sensitivity
of the CNN, a small portion of the background noise may be misclassi ed as events
(earthquakes, quakes and rockfalls). Although the probability of such misclassi cation
is low, the overwhelming amount of noise in continuous data inevitably leads to a num-
ber of false positives. This phenomenon causes the precision of seismic event detection
to decrease, which in turn reduces the overall F1 score. A detailed evaluation of model
performance on continuous stream, including precision, recall, and F1 score under these

conditions, will be presented and discussed in Chapter 4.
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Figure 3.4: Continuous detection results for an earthquake event.

© 2023 IEEE. Reprinted, with permission, from Jiang et al., "Microseismic Event
Classi cation With Time-, Frequency-, and Wavelet-Domain Convolutional Neural Net-
works," *IEEE Transactions on Geoscience and Remote Sensing*, vol. 61, pp. 1{14,
2023.

3.4.5 Transferability analysis

Using the same sliding window of continuous time series recordings as above, we evalu-
ate transferability of our trained time series input model. The models described above,
trained on the Resif dataset, are used to detect events on a microseismic dataset from
Larissa region in Greece [91], [88]. There are inherent di erences between the two
sites. The Resif dataset was collected from the Sauze catchment basin in the Alps,
characterized by limestone formations and black marl [60]. The region around Larissa
in Greece is a seismically active area, characterized by gneiss and schists [92]. The
two sites are geologically di erent, with di erent monitoring networks: di erent num-
ber of sensors and deployment geometries, sampling at di erent rates (250Hz Resif vs.
100Hz Larissa). Such dierences, especially the di erent geological background, alter
the characteristics (amplitude, frequency content) of the signals, therefore making the
transferability problem very challenging.

To transfer the model from the 6-channel Resif dataset, we selected six channels from
the Larissa dataset from HT network as the array: all three components (North, East,
vertical) of station TYRL1, vertical (Z) components of TYR3, TYR6 and TYRN [88].

The choice of these particular stations, referred in the following as Array 1 (Al), was
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based on their location and quality of recordings. The four chosen stations form an
almost equilateral triangular array, with three stations at the three vertices and one
inside the triangle - see Fig. 3.5. This is a commonly used geometry in microseismic
monitoring surveys to maximise detection of microseismic events.

To assess the sensitivity of the results to sensor array deployment geometry, we
perform the same analysis as above on another set of stations forming a more random
geometry, referred to as Array 2 (A2). all 3 components of TYR1, Z-components of
TYR2, TYR3 and TYR4. Compared to the previous array geometry, the sensors in
this array are located further apart - see Fig. 3.5 - and hence, waveforms from the same
event are likely to look di erent in the recordings of the di erent stations.

Since the sampling rate of two datasets is di erent, we up-sampled the data from
Larissa using linear interpolation to 250Hz and denoised the signal as described in
Subsection 3.3.1. The dataset from Larissa contains 86 catalogued earthquakes during
the entire day of 17th March 2021, from 0:00 to 24:00. The catalogue we used can be
downloaded from the Institute of Geodynamics, National Observatory of Athens [91]
using as search area a circle with radius of 218km and centre at longitude 22.1777
degrees and latitude 39.6460 degrees. Our proposed models correctly classi atl
catalogued earthquakes, demonstrating good transferability.

Additional (to the aforementioned earthquake catalogued events) earthquake, quake
and rockfall events were classi ed via our proposed approach. These ndings are veri-
ed via manual detection, as well as the commercial InSite software v3.15 developed by
ITASCA, which is widely used for seismic event detection. The software uses energy-
based triggering algorithms to identify potential seismic events by detecting sudden
increases in signal amplitude [93]. For manual veri cation, experienced analysts ex-
amined the multichannel time series waveforms and corresponding spectrograms to
identify and validate seismic events. We randomly chose one hour within 17th March
2021, from 18:53 to 19:53 and manually searched the recordings of the same six channels
to detect seismic events via visual observation. The data were Itered using a 5-100Hz
band-pass lter (as per Subsection 3.3.1). An event is valid if it was visually observed

on at least 2 channels (at di erent stations). Note that manual detection of the events
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was blind, i.e., without using the output of the proposed CNN model as guide. The
start time is set as the time of the earliest arrival at any of the four stations of the array
and duration is based on that station's channel. We fed the same 1 hour of continuous
bandpass ltered data from Larissa to InSite software, where an amplitude threshold
value of 6.6e-7m/s (meters per second) was used for detection of events.

An additional catalogue of all events detected and classi ed via the proposed CNN,
manual detection and InSite software is published and publicly available in [94], and
also provided in Appendix A for further analysis by the research community. This
catalogue, which we refer to as comprehensive catalogue from now, also includes the
type or class of event and its the duration. A1 and A2 refer to the events classi ed by
the proposed CNN multi-classi er for the rst (equilateral triangular) array and second
array con gurations, respectively. Similarly, M1 and M2 refer to events identi ed via
manual detection on array 1 and 2, respectively, whilst I1 and 12 denote events identi ed
by the InSite software.

The proposed CNN multi-classi cation model is designed for waveform pattern
recognition (not P-wave picking as in [77]), therefore it does not estimate the start time
and duration precisely because the model locates the event on a subset of the 6 input
channels using a 10-sec window. After manual veri cation of traces, we observed that
there are a number of occasions where the CNN model estimated multiple adjacent
earthquakes as either one event or vice versa. For distant events from the station
locations, the di erent signal phases (e.g., P wave, S wave etc.) arrive with a distinct
time di erence. This results in later phases, e.g., P wave re ections, being detected by
the CNN model as separate earthquake events, instead of a single event. To mitigate
this e ect, we perform processing as follows. In the network's last FC layer, we set
a bias towards classifying segments as non-events. In particular, we set as a decision
threshold softmax value of 0.7 (instead of the default value of 0.5), which means that
only when the softmax value greater than 0.7 is reached, the candidate window will be
classi ed as an event. Next, as a post-processing step, we merge all events that start
within 5-sec time interval, into one to prevent classifying di erent wave re ections into

multiple events. Furthermore, for events that originated far away from the monitoring
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