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Abstract

In the context of industrial factories and energy producers, unplanned outages are costly
and difficult to service. This thesis explores the application of acoustic sensing for
anomaly detection in predictive maintenance (PdM) systems, with a focus on remote
high-altitude hydropower plants. The thesis addresses the challenges of monitoring legacy
industrial machinery in harsh environments by proposing a holistic hybrid framework
that integrates spectral-temporal analysis with Machine Learning (ML). The framework
consists of three complementary stages. (1) A rigorous exploratory data analysis (EDA)
module that denoises, normalizes, and segments audio recordings before extracting time-
and frequency-domain insights (waveforms, FFT/STFT, Mel-spectrograms, MFCCs,
wavelet coefficients, and high-level spectral statistics). (2) Hybrid model training of
ML models on the datasets: K-means clustering, a One-Class SVM for tight boundary
learning, and an LSTM autoencoder for temporal reconstruction errors. (3) Holistic and
standardized evaluation of model performance, including ROC-AUC, precision, recall,
F1, as well as train- and inference-time to expose accuracy—latency trade-offs.

The framework is benchmarked on three datasets: (i) washing machine run with in-
duced anomalies, (ii) operating high-altitude pumped-storage plant with induced anoma-
lies, and (iii) real anomalies captured in a high-altitude pumped-storage plant. The
findings reveal that the OC-SVM outperformed other models with robust performance
(ROC AUC: 0.9659-0.9976) and minimal training times. The LSTM AE also proved
strong anomaly detection capabilities (ROC AUC: 0.8885—-0.9974) but required higher
computational resources and thus longer training times. Although K-means performed
well under evident anomalies (ROC AUC: 0.9974), it failed with subtler anomalies in
the washing machine dataset. The EDA proved to be a crucial phase of the framework,
identifying irregularities in the recordings and thus enabling manual anomaly detection
before model training.

The results underscore the viability of hybrid PAM systems using lightweight ML
models in resource-constrained industrial settings. This work contributes to a scalable
acoustic-based PdM framework while lowering barriers to cost-efficiency and practicality
for high-altitude hydropower plants, through a robust and lightweight system that detects

acoustic anomalies in industrial machinery.

il



Table of Contents

List of Abbreviations vi
List of Figures vii
List of Tables ix

1 Introduction

2

Fundamentals

2.1.1

2.1.2

2.1.3

2.1.4

1

1.1 ThesisGoals. . . . . . . .. ... 3
1.2 Methodology . . . . . . . . . . . .. 3
1.3 ThesisOutline . . . . . . ... ... .. ... .. e 4
5

2.1 Background . . . . . ... ... 5
Predictive Maintenance . . . . . . . ... ... ... ...... 5

2.1.1.1  Motivation for Innovation in Predictive Maintenance . 6

Signal Processing . . . . . .. ... .. ... ... ... ... 6

2.1.2.1 Preprocessing of AcousticData . . . . ... ... .. 7

2.1.2.2 NoiseReduction . . . . ... ... ... ....... 7

2.1.2.3 Normalization . . . ... ... ... ......... 8

2.1.2.4  Segmentation and Framing . . . ... ... ... .. 8

2.1.2.5 Feature Extraction . . . . . . ... ... ....... 9

2.1.2.6  Spectral Analysis Methods . . . . . ... ... ... 10

Machine Learning Approaches for Anomaly Detection . . . . . 11

2.1.3.1 Machine Learning(ML) . . . . . ... ... ... .. 11

2132 Swupervised . . . . ... oo 12

2.1.3.3 Unsupervised . ... ... ... ... ........ 12

2.1.3.4 Reinforcement Learning . . . . ... ... ...... 13

Overview of Anomaly Detection Algorithms . . . . . . .. .. 13

2.1.4.1 Autoencoders . . ... ... .. ... .... 13

2.1.4.2 Isolation Forest IF) . . . . ... ... ... ..... 14

2.1.4.3  Principal Component Analysis (PCA). . . . . .. .. 15

2.1.44 K-means Clustering . . . .. ... .......... 15



Table of Contents

2.1.4.5 One-Class Support Vector Machine (OC-SVM) . .. 15

22 RelatedWork . . . .. .. . L 16
2.2.1 Review of Existing Systems . . . . ... ... ... ...... 17

2.2.2 Research Gaps & Considerations . . . . . .. .. ... ..... 20
2.2.2.1 Key Insights for Methodology . . . . . . .. ... .. 21
Methodology 22
3.1 AbouttheDataset . . . . . .. ... . ... . ... ... 22
3.1.1 Dataacquisition . . . . . . . . .. ... 22

3.1.2  Splitting of Data for Training and Testing . . . . . .. ... .. 23

3.1.3 Limitations . . . . . . .. .. .. 24

3.2 Exploratory Data Analysis (EDA) . . . ... ... ... .. ...... 24
3.2.1 Preprocessing Steps . . . . . . . ... 24

3.2.2 Feature Extraction . . .. .. ... ... .. ... ....... 26

33 MLModels . . ... .. ... . 27
3.4 BEvaluation Metrics . . . . . . .. .. L Lo e 28
Implementation 31
4.1 System Overview . . . . . . . . ... e 31
4.2 Exploratory Data Analysis (EDA) . . . .. .. ... ... .. ..... 32
4.2.1 Datapreprocessing . . . . . . . . .. i i e 32

4.2.2 Generating a Normalized Mel-pectogram . . . . ... ... .. 33

4.2.3 Individual Feature extraction . . . . . . . . ... ... .. ... 33

4.2.4 FFT, STFT and Wavelet Coefficients . . . . . . . ... .. ... 34

4.3 Model Training & Evaluation . . . . . ... .. ... .......... 35
4.3.1 Data Splitting Strategy . . . . . . . .. .. ... ... 35

43.2 K-means Clustering . . . . ... ... ... ... ....... 36

433 OC-SVM . . . . . e 37

434 LSTM Autoencoder . . . . . .. ... .. ... ... ... 37

435 Model Evaluation . . . . ... ... .. ... . oL 38
Results and Discussion 42
5.1 Experimental Setup . . . . . . . . .. ... 42
5.2 Presentationof Results . . . . . ... .. ... ... .. .. L. 44
5.2.1 Exploratory Data Analysis Outcomes . . . . .. ... .. ... 44

v



Table of Contents

5.2.1.1 Washing Machine Dataset . . . . . ... ....... 44

5.2.1.2  Synthetic Industrial Machine Dataset . . . . . . . . . 47

5.2.1.3  Real Industrial Machine Dataset . . . ... ... .. 49

5.2.2 Model Performance . . . . . ... ... .. ... ........ 53

5.2.2.1 Washing Machine Dataset . . . . ... ... ..... 53

5.2.2.2  Synthetic Industrial Machine Dataset . . . . . . . . . 54

5.2.2.3 Real Industrial Machine Dataset . . . . ... .. .. 55

5.3 Discussion & Comparative Analysis . . . . . ... ... ... ..... 56

6 Conclusions & Future work 60
6.1 Summary . .. ... ... 60

6.2 Final Considerations . . . . . . . . .. ... . ... ... ... 60

6.3 FutureWork . . . . . ... 62
Bibliography 63
Appendix A Exploratory Data Analysis Results 71
A.1 Washing Machine Dataset . . . . . . . ... ... ... ......... 71
A.2 SyntheticDataset . . . . . .. ... .. .. ... ... . 74
A.3 Real Industrial Machine Dataset . . . . .. .. ... .......... 77
Appendix B Model Performance Results 79
B.1 Washing Machine Dataset . . . . . . . ... .. ... ... ....... 79
B.2 Synthetic Dataset . . . . . ... ... ... ... .. ... ... ... 80
B.3 Real Industrial Machine Dataset . . . . .. ... ... ......... 81
Declaration of Authorship 81
Declaration of Auxiliary Aids 82



List of Abbreviations

Al

ML

NLP

AE

DCAE

Artificial Intelligence
Machine Learning

Natural Language Processing
Autoencoder

Deep Convolutional Autoencoder

Conv-LSTMAE Convolutional Long Short Term Memory Autoencoder

KDE

OC-SVM

GMM

B-GMM

LOF

IF

PCA

STFT

ASD

PdM

CPS

LMS

MoGs

AUC-ROC

Kernel Density Estimation
One-Class Support Vector Machine
Gaussian Mixture Model
Bayesian Gaussian Mixture Model
Local Outlier Factor

Isolation Forest

Principal Component Analysis
Short-Time Fourier Transform
Anomalous sound detection
Predictive Maintenance
Cyber-Physical Systems

Least Mean Squares

Mixture of Gaussians

Area Under the Curve - Receiver Operating Characteristic

vi



List of Figures

1.1
2.1
2.2
2.3
3.1
3.2
5.1
5.2
53
54
5.5
5.6
5.7
5.8
59
5.10
5.11
5.12
5.13
5.14
5.15
A.l
A2
A3
A4
A5
A6
A7
A8
A9

Hydropower Plant Rodundwerk II . . . . . .. .. ... ... .....
Mel-spectogram [80] . . . . . . . . ... ..
General structure of an autoencoder [77] . . . . . . . . . ... ... ..
OC-SVM Diagram [42] . . . . . . . . . . o i
General Overview of the Proposed Pipeline for Anomaly Detection
Hydropower Plant Rodundwerk II. . . . . . .. ... ... .. .....
Comparison of Anomalous and Normal Recordings Raw Waveforms . .
Comparison of Anomalous and Normal Recordings Mel-Spectograms .
Comparison of Anomalous and Normal Recordings STFT-Spectograms
Comparison of Anomalous and Normal Recordings Raw Waveforms . .
Comparison of Anomalous and Normal Recordings Mel-Spectograms .
Comparison of Anomalous and Normal Recordings MFCCs . . . . . .
Comparison of Anomalous and Normal Recordings FFT Amplitudes . .
Comparison of Anomalous and Normal Recordings Wavelet Coefficients
Comparison of Real Anomalous and Normal Recordings Raw Waveforms
Comparison of Real Recordings Mel-Spectograms . . . . . ... ...
Comparison of Real Recordings MFCCs . . . . . . ... ... ... ..
Comparison of Real Recordings FFT Amplitude . . . . . . ... .. ..
Comparison of Confusion Matrices for Washing Machine Dataset
Comparison of Confusion Matrices for Synthetic Dataset . . . . . . . .
Comparison of Confusion Matrices for the Real Industrial Dataset . . .
Comparison of Anomalous and Normal Recordings Raw Waveforms . .
Comparison of Anomalous and Normal Recordings Mel-Spectograms .
Comparison of Anomalous and Normal Recordings MFCCs . . . . . .
Comparison of WM Recordings FFT Amplitude . . . . . . . . ... ..
Comparison of WM Recordings STFT-spectograms . . . . . . ... ..
Comparison of Anomalous and Normal Recordings Wavelet Coefficients
Comparison of Anomalous and Normal Recordings Raw Waveforms . .
Comparison of Anomalous and Normal Recordings Mel-Spectograms .

Comparison of Anomalous and Normal Recordings MFCCs . . . . . .

A.10 Comparison of Synthetic Recordings FFT Amplitude . . . . . . .. ..

vii

45
45
46
47
48
48
49



List of Figures

A.11 Comparison of Synthetic Recordings STFT-spectograms . . . . . . . .
A.12 Comparison of Anomalous and Normal Recordings Wavelet Coefficients
A.13 Comparison of Anomalous and Normal Recordings Raw Waveforms . .
A.14 Comparison of Anomalous and Normal Recordings Mel-Spectograms .
A.15 Comparison of Anomalous and Normal Recordings MFCCs . . . . . .
A.16 Comparison of Real Recordings FFT Amplitude . . . . . . ... .. ..
A.18 Comparison of Anomalous and Normal Recordings Wavelet Coefficients
B.1 Comparison of Confusion Matrices for Washing Machine Dataset

B.2 Comparison of ROC AUCs for Washing Machine Dataset . . . . . . . .
B.3 Comparison of Confusion Matrices for Synthetic Dataset . . . . . . . .
B.4 Comparison of ROC AUCs for Synthetic Dataset . . . . . .. ... ..
B.5 Comparison of Confusion Matrices for Real Industrial Machine Dataset

B.6 Comparison of ROC AUCs for Real Industrial Machine Dataset

viii

76
77
77
77
78
78
79
79
80
80
81
81



List of Tables

2.1
5.1
5.2
5.3
54
A.l
A2
A3
B.1
B.2
B.3

Comparison of Current Research . . . . . .. ... ... ... .....
Spectral Metrics for the Washing Machine Dataset. . . . . . . ... ..
Performance Comparison on the Washing Machine Dataset . . . . . . .
Performance Comparison on the Synthetic Industrial Machine Dataset .
Performance Comparison on the Real Industrial Machine Dataset . . . .
Spectral Metrics for the Washing Machine Dataset. . . . . . . ... ..
Spectral Metrics for the Synthetic Dataset . . . . . .. ... .. ....
Spectral Metrics for the Real Industrial Dataset . . . . . .. ... ...
Performance Comparison on the Washing Machine Dataset . . . . . . .
Performance Comparison on the Synthetic Industrial Machine Dataset .

Performance Comparison on the Real Industrial Machine Dataset . . . .

X



Chapter 1

Introduction

In industrial sectors, such as manufacturing, transportation, and energy production,
the efficiency and reliability of industrial machinery play a critical role in ensuring
smooth operations. Thus, the maintenance of this machinery is a crucial activity in
industrial environments [73]. Unexpected equipment failures can cause significant
operational downtime and losses for companies [43]. In fact, ineffective maintenance
management results in losses greater than $60 billion for the industrial sector each
year in the US [67] and $129 million per facility for Fortune Global 500 companies
[94]. Thus, companies strive to minimize unplanned downtime and avoid significant
over-maintenance costs [108]. This is especially relevant for industrial sectors in which
equipment is located in hard-to-access areas such as in high-altitude hydropower plants,
where environmental factors such as extreme weather conditions and fluctuating load
demands impact machinery performance, but also for facilities located in more modest
terrain. Therefore, being able to determine the ideal time to perform maintenance is

crucial for the industrial sector [19].

Figure 1.1: Hydropower Plant Rodundwerk 11

Predictive maintenance (PdM) has emerged as a vital strategy to minimize downtime

and enhance operational efficiency [3]. The common premise of PdM is that by constant



monitoring of mechanical conditions and operational efficiency, the systems will provide
the necessary data to ensure anticipated minimal repair times and reduce the costs of
unplanned outages. In reality though, PAM is much more than that; it is the means of
improving product quality, productivity, and overall efficiency for large machinery [67].
In practice, however, PAM refers to the intelligent monitoring of industrial equipment
to avoid future failures [74]. Using data-driven technologies such as Internet-of-Things
(IoT) devices and methodologies, including acoustic sensing and machine learning (ML),
PdM aims to detect early signs of equipment failure to enable proactive maintenance
interventions before fatal breakdowns occur [14].

Traditional methods of monitoring the health of machines in industrial settings
consist of measuring vibrations, temperature, and production performance. Unfortunately,
contact-type sensors, such as accelerometers, proximity probes, pressure transducers, and
thermometers cannot always be easily installed on all machines due to limitations such as
space constraints, high costs, or sensor reliability issues. Alternatively, acoustic sensing
proposes a new approach to monitoring the health of machines through sound. Acoustic
sensors for monitoring machines lowers the barrier to entry for many businesses; they
can be quickly and cheaply implemented, and do not require physical contact, which can
be advantageous in various industrial scenarios considering that acoustic signals contain
valuable insights into a machine’s health state [51].

Acoustic sensing for anomaly detection is therefore seen as a promising way to
automatically identify anomalous conditions in industrial machinery and equipment
[53]. The detection of anomalies has received increasing attention lately due to the
development and movement of the industry towards a more ubiquitous environment
[101]. This approach of sensing anomalous sounds aims to detect unknown anomalous
sounds by training models on normal sounds [39]. Anomalous sound detection (ASD)
systems have focused on utilizing processed acoustic features—such as air pressure
signals and spectrograms (often represented using the Mel scale)—to support the training
of neural network models. These models frequently employ autoencoder architectures
as the underlying framework [23, 65, 71]. Consequently, anomaly detection has been
recognized as one of the leading techniques for accurate PAM [101] and automation of

industrial equipment supervision [53].



1.1 Thesis Goals

1.1 Thesis Goals

The objective of this Bachelor’s Thesis is to evaluate and integrate state-of-the-art ap-
proaches and methods for the spectral analysis of acoustic signals to detect anomalies.
Although spectral sound analysis for anomaly detection is not a relatively new topic, its
application in high-altitude legacy hydropower plants introduces challenges and oppor-
tunities. Thus, the main contributions are related to the real-world analysis of modern
approaches, identifying and addressing these challenges by testing modern anomaly
detection techniques [30, 31, 60, 75]. As such, we enhance the predictive maintenance
capabilities and operational efficiency of older hydropower facilities, ensuring their

long-term reliability and safety. The specific objectives of this thesis are as follows:

* To analyze the applicability of acoustic sensing to detect anomalies in hydropower

plants.

* To investigate state-of-the-art machine learning techniques for processing and

classifying acoustic signals.

* To develop a framework for integrating spectral analysis techniques into predictive

maintenance models.

* To evaluate the proposed approach using real-world and simulated datasets from

hydropower plants.

1.2 Methodology

This thesis follows an applied research methodology to design, implement, and evaluate
an acoustic-based anomaly detection system for predictive maintenance. The work begins
with a comprehensive overview of the fundamental concepts in spectral analysis including
audio pre-processing techniques.

Following the fundamentals, the focus shifts to a literature review aimed at under-
standing the current state of PAM in industrial applications, with a focus on acoustic
sensing. This involves both reviewing relevant studies on signal processing, spectral
analysis, and machine learning for anomaly detection, as well as exploring existing
state-of-the-art frameworks for anomaly detection using acoustic sensing systems.

The research utilizes acoustic data obtained from hydropower plant machinery as well
as a dataset from a washing machine that includes both normal operations and anomalous

sounds introduced artificially. Various preprocessing techniques are applied, such as

3



1.3 Thesis Outline

noise reduction, feature extraction, and conversion to spectrogram representations, to
prepare the data for subsequent analysis.

Subsequently, selected machine learning models designed to detect anomalies in
acoustic signals are developed and trained on the acoustic datasets.

Finally, the effectiveness of trained models is evaluated using metrics such as preci-

sion, recall, F1-score, and both training and inference time.

1.3  Thesis Outline

The remainder of this thesis is structured as follows.

* Chapter 2: Fundamental - This chapter covers the fundamental concepts re-
lated PAM and anomaly detection, along with a comprehensive review of existing

solutions and their limitations.

* Chapter 3: Methodology - This chapter outlines the details of the research method-

ology, from the data acquisition process to model development.

* Chapter 4: Implementation - The practical implementation of the proposed

anomaly detection system is presented and explained in detail.

* Chapter 5: Results and Discussion - This chapter presents the findings of the
proposed anomaly detection system and discusses the results and their contribution
to this thesis.

* Chapter 6: Conclusions & Future Work - The final chapter summarizes the

findings, discusses implications, and suggests future research directions.



Chapter 2

Fundamentals

This chapter presents the fundamental theoretical concepts and established frameworks
associated to anomaly detection for predictive maintenance. An overview of the most
relevant techniques and principles for anomaly detection is given in Section 2.1, offering
a foundational understanding of key concepts. Specifically, signal processing techniques
are discussed in Section 2.1.2, while relevant machine learning models for anomaly
detection are introduced in Section 2.1.3. Section 2.2 presents a comprehensive review
of existing literature and methodologies applied in anomaly detection. A comparative
analysis of various related works is provided in Section 2.2.1, discussing relevant insights
and suitability concerns for this thesis. Finally, Section 2.2.2 analyzes the key insights
derived from the literature review, identifying research gaps and outlining considerations

that shape the methodology of this thesis.

2.1 Background

The topics presented in this section form the theoretical foundation for the development

and implementation of an acoustic-based anomaly detection system.

2.1.1 Predictive Maintenance

PdM is a proactive approach to anticipate equipment failures and schedule maintenance
to optimize the performance and lifespan of the equipment by constantly monitoring its
health in real time [46, 84] all while reducing costs [112]. Unlike traditional preventive
maintenance, PdM predicts equipment failures based on condition monitoring, which can
range from infrared thermography and acoustic monitoring, to vibration analysis and oil
analysis [15]. This is made possible through the integration of sensor technology, data
acquisition systems and applied analytics based on artificial intelligence (Al) methods

such as ML and signal processing [49]. The goal is to identify patterns and make
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preventive decisions based on the predictions of the detected anomalies through the Al
methods [6].

2.1.1.1 Motivation for Innovation in Predictive Maintenance

The adoption and innovation of PdM is driven mainly by several key motivations:

* Reducing unplanned downtime: The idea that PAM can generate scheduling
actions for maintenance by forecasting failures before they happen to help mitigate
disruptions [112]. Consequently, diminishing maintenance costs and reducing
unplanned downtime losses, represents significant opportunities for businesses to

improve their productivity and efficiency [109].

* Cost efficiency: On one side businesses can schedule maintenance work only when
needed, avoiding unnecessary servicing and reducing labor and material costs [47,
91]. Over-maintaining equipment is a typical downfall of many industries and lead
to unnecessary higher costs [89]. On the other side, PAM itself can be expensive.
Most businesses do not have the resources or personnel to develop their own PdAM
systems and turn to third-party companies to analyze the data and generate reports
for them [59]. This can become expensive in the long rung and might not even be
necessary for smaller companies. Consequently, the need for lower entry barriers
into this technology and the development of more effective and easier solutions

motivates innovation in businesses [89].

* Technological advancements: The widespread use of Al and ML to analyze large
amounts of data in real time to predict failures is bigger than ever and continues to
grow and improve [8]. Traditional methods of prediction accuracy were far behind
78% accuracy metrics, whereas Al models have been able to provide prediction

accuracy of 92% and more, which also leads to more confidence in these systems

[2].

2.1.2  Signal Processing

Among various approaches to predictive maintenance, acoustic sensing stands out as a
promising technique. Because of factors such as being non-intrusive, its cost-effectiveness,
and ability to capture early-stage anomalies in machinery, acoustic sensing continuous
to grow and innovate. Because acoustic sensing relies on complex raw acoustic data

from equipments, it requires advanced processing techniques to extract meaningful
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insights. This sets signal processing to be a fundamental part of PdM, as it enables the
transformation of acoustic signals into interpretable data representations.

It involves the process of converting raw digital signals into interpretable graphs,
numbers, and discrete-time signals for analysis or to improve specific features through
algorithms and other techniques [36, 88]. It is an engineering discipline that studies how
to capture, analyze, and transmit information using mathematical tools and numerical
algorithms [26]. In this case, the focus is on transforming raw audio signals into meaning-
ful representations that facilitate the identification of faults in industrial machinery. This
section covers preprocessing steps to applied acoustic data as well as spectral analysis

methods.

2.1.2.1 Preprocessing of Acoustic Data

As first step, audio preprocessing is the process of converting and enhancing audio
datasets into a suitable format to extract relevant features and prepares the datasets for
further analysis or to be fed into ML models [35] [90].

2.1.2.2 Noise Reduction

In audio recordings, noise is an inevitable component of industrial acoustic data that
surges from the inherent environment of mechanical vibrations and sensor limitations
[24]. Noise reduction techniques aim to isolate background disturbances from relevant
features [83].

1. Wavelet Denoising: Discrete Wavelet Transform (DWT) aims to represent a discrete
time series, x(n), as a set of wavelet coefficients [87]. It decomposes a signal
into approximation and detail coefficients, enabling the suppression of noise while
retaining essential signal characteristics [13, 61]. The mathematical representation
of DWT is:

X(j,k) =Y x(n)y;i(n) (2.1)

n

where y; ;(n) represents the wavelet basis function at scale j and translation k.
Wavelet transforms in which the wavelets are continuously sampled is referred to
as a Continuous Wavelet Transform (CWT) [10].

2. Adaptive Filtering: Adaptive filters dynamically adjust their parameters to reduce

noise while obtaining an uncorrupted desired signal [105]. For example, the Least

7
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Mean Squares (LMS) algorithm updates filter coefficients iteratively to minimize

the mean square error between output and desired signal [33]:

w(n+1)=w(n)+ pe(n)x(n) (2.2)

where p is the learning rate, e(n) is the error signal, and x(n) is the input signal
[41].

2.1.2.3 Normalization

Normalization treats the input equal regardless of its source and maps it to a given domain.
It ensures consistency in amplitude variations across different recordings thus improving

consistency and stability of feature extraction [95].

1. Min-Max Scaling: Normalizes a signal to a fixed range, typically [0,1] or [-1,1]
[17]:

= " tmin 2.3)

Xmax — Xmin

2. Gain Normalization: Another alternative to normalize audio can be using the Root
Mean Square and normalize the audio volume based on the average sound level of
the signal. For example, calculating the average amplitude of a sound wave using

its RMS and adjusting the gain as needed to get to a normalized audio target [81].

2.1.2.4 Segmentation and Framing

Audio segmentation is a preprocessing technique aimed at dividing audio signals into
smaller frames (chunks) for better temporal analysis [86]. The role of audio segmentation
is to divide audio samples in order to be further processed by the corresponding systems
[102]. In this case for example, it allows the application of time-frequency analysis tech-
niques such as Short-Time Fourier Transform (STFT) which requires smaller windows to
capture spectral characteristics. In short, anomalies can be detected more effectively in
smaller segmented signals as in longer signals where changes in frequency or amplitude

can get lost.

1. Fixed Windowing:

Is the process of dividing the audio signal into subsequences of equal length using

a window function w(n). Fixed windowing is simple and computationally efficient

8
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but may split important segments which can lead to ambiguities or unwanted

translations [7].

2. Overlapping Frames:

To be continuous and capture transient anomalies, overlapping frames are generated
by shifting the window with a predefined hop size [4, 97]. If F is the frame size and

H is the hop size, the number of overlapping frames Ny can be computed as:

T—F
Np=—p—+1 (2.4)

where T is the total number of time steps.

2.1.2.5 Feature Extraction

Audio feature extraction is the process of finding insightful characteristics from audio
signals to create compact and representative samples that can be efficiently processed by
machines [85]. These features capture essential characteristics of the raw audio signal
that is then fed to ML models [27].

1. Mel-Frequency Cepstral Coefficients (MFCCs): MFCCs represent a compact set
of features that describe the short-term power spectrum of an audio signal. Their
goal is to model human auditory perception by mapping the signal’s energy into the

Mel-scale, which is designed to reflect how humans perceive sound. [1, 21, 34]:

f
= 25951 1+—=— 2.
m 595 oglo( +700) (2.5)

To compute the MFCC, five steps need to be followed: Pre-emphasis, Framing and
Windowing, DFT, Mel-Frequency filter bank, Logarithm and apply DCT [21].

2. Spectral Features: A Mel-spectogram transforms the frequencies of an audio file
into the Mel scale. The Mel-scale is a perceptual scale that aims to approximate
the nonlinear frequency response of the human ear [80]. It can be mathematically

described as:

S(m,t) =Y X(f,t)Hu(f) (2.6)
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where S(m,t) is the Mel-spectrogram at time ¢, X (f,#) is the frequency represen-
tation of the signal, and H,,(f) are the Mel filters. This conversion represents the

audio signal in a time-frequency plot [44] as can be seen in Figure 2.1.

Spectrogram
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Figure 2.1: Mel-spectogram [80]

2.1.2.6  Spectral Analysis Methods

Having established the importance of pre-processing acoustic data, it is now explored how
spectral analysis techniques can be applied to detect anomalies in hydropower systems.
Spectral analysis has become a crucial part of the process for the identification and diag-
nosis of anomalies within acoustic signals [98]. It is a statistical method used to estimate
how the total power of a finite record of a dataset is distributed over a frequency domain
[52, 107]. By decomposing time-domain signals into their corresponding frequency
components, spectral analysis facilitates the detection of anomalies indicating potential
faults in stationary data sequences [107]. This section covers several prominent spectral

analysis techniques relevant to the work.

1. Fast Fourier Transform (FFT): The FFT is a highly efficient computational
algorithm to compute the Discrete Fourier Transform (DFT) of a sequence from a
time domain to the frequency domain [16]. The algorithm has significant savings
in computer time, having a complexity of O(nlog2n) [12]. For spectral analysis,
this transformation represents a significant part in the identification of the spectral
content of signals, which is essential to diagnose anomalies in industrial equipment

[9, 78]. The mathematical representation of the DFT is the following:

Zx eI hn (2.7)

10
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where x(n) represents the signal in the time domain, N is the number of samples
and X (k) is the frequency domain representation. FFT is widely used to analyze

periodic components in acoustic signals [72].

. Short-Time Fourier Transform (STFT): While the FFT represents a major mile-
stone for spectral analysis, it provides only a global view of a signal’s stationary
frequency content and lacks temporal resolution; the short-time Fourier transform
is introduced to overcome the problems of the FFT [38]. The STFT addresses this
limitation by segmenting the signal into overlapping time windows and applying the
FFT to each segment [63]. This approach yields a time-frequency representation,
capturing how spectral content varies over time [111]. The STFT is defined as

follows:

X(t,f) = /_ :x(r)w(r—z)e—ﬂ”f "dt (2.8)

where w(7 —t) is a window function centered at time .

. Wavelet Transform: The wavelet transform is a technique used to decompose
a signal into various scaled and translated versions of an oscillating wave-like
function called wavelet [103]. Unlike the FFT and STFT, the wavelet transform
provides a multi-resolution analysis of signals [111]. This allows us to analyze
a signal locally at different frequencies, making it possible to detect both high-
and low-frequency transients and identify anomalies that may not be visible after
using FFT or STFT [103]. The continuous wavelet transform (CWT) is defined as

follows:

Wi(a,b) = \/|7/ ( b) dt (2.9)

where (1) is the mother wavelet, a is the scale parameter, and b is the translation

parameter [103].

2.1.3 Machine Learning Approaches for Anomaly Detection

2.1.3.1 Machine Learning (ML)

Signal processing techniques indeed play a significant role in the preparation of data for

analysis. However, identifying anomalies requires more robust classification and pattern

11



2.1 Background

recognition methods. Machine learning provides an effective framework for learning
from data, detecting deviations, and improving PdM strategies [28]. This section explores
key theoretical machine learning techniques relevant to anomaly detection in industrial
acoustic systems.

ML is a broad field within Al that focuses on developing algorithms capable of
learning patterns from data and making informed decisions [70]. These algorithms use
statistical techniques to identify patterns in data and use those patterns for classification
or prediction tasks [82]. ML aims to mimic human cognitive abilities by adapting
to new information and improving predictions based on historical data [28]. In the
context of acoustic anomaly detection, ML algorithms learn and analyze sound patterns
to distinguish between normal and anomalous behaviors in the signals.

In recent years, ML has seen significant advancements and continues to evolve. ML
types can be categorized into 3 big categories: supervised learning, unsupervised learning,
and reinforcement learning. The focus of this thesis falls on unsupervised learning, as it
offers the most suitable techniques for anomaly detection. In this context, unsupervised
learning has the ability to identify acoustic deviations from normal patterns without

requiring labeled datasets.

2.1.3.2 Supervised

Supervised machine learning algorithms generate a function that maps a given input to
a desired output [70]. The term "supervised" stems from the need for labeled training
data, where models learn from input-output pairs to make predictions on new data
[76]. The learning process consists of two stages: training and testing. In the training
phase, the model learns patterns from labeled examples, while in the testing phase it
applies its learned knowledge to predict unseen cases [70]. Some popular supervised
learning algorithms include decision trees, logistic regression, random forests, and neural
networks [96]. Although they can be highly effective for classification and regression
tasks, supervised learning is often impractical due to the difficulty of acquiring labeled

datasets, especially in the context of anomaly detection.

2.1.3.3 Unsupervised

In contrast to supervised learning where algorithms learn from labels how to predict
or classify things, unsupervised learning algorithms work on their own to discover the
underlying structure of unlabeled data [45]. These methods are particularly useful in

scenarios where labeled data is readily accessible, making it more suitable for various

12
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scenarios [69]. For instance, they are well suited for anomaly detection because they
do not rely on predefined normal or abnormal states but instead discover underlying
structures and deviations within the dataset.

In the context of acoustic anomaly detection, unsupervised learning methods analyze
the statistical properties of the sound signals to establish a base model of normal behavior
[32]. Anomalies are detected when new data or sound signals diverge considerably from
this acquired distribution [18]. Common techniques include clustering methods (e.g.,
K-means, DBSCAN), dimensionality reduction techniques (e.g., principal component
analysis), and deep learning models such as autoencoders [69]. The capacity to identify
unforeseen patterns without explicit supervision renders unsupervised learning profoundly

pertinent to real-world industrial monitoring scenarios [32, 62].

2.1.3.4 Reinforcement Learning

Reinforcement learning (RL) is recognized as the third paradigm of machine learning,
where agents learn to make decisions by interacting with their environment in a closed-
loop feedback system [93, 100]. In essence, it simulates the human trial-and-error
learning process to achieve specific goals. Unlike supervised learning, which relies on
fixed inputs and labels, RL makes decisions sequentially, with each output depending on
the current state of the input [100]. Although RL is a rapidly evolving field with diverse
applications in robotics, finance, healthcare, and decision-making, it is beyond the scope
of this thesis [64].

2.1.4 Overview of Anomaly Detection Algorithms

ML-based anomaly detection leverages the wide range of algorithms to identify anomalies
in acoustic data patterns. This subsection provides an overview of the most common

techniques applicable to anomaly detection in PdM.

2.1.4.1 Autoencoders

Introduced in 1986, autoencoders are a type of neural network with the intention of
learning informative representations of data in an unsupervised manner by learning to
reconstruct a set of input observations with the lowest error possible [66]. They consist
of an encoder and a decoder. The encoder compresses input data into lower dimensional
representations and the decoder reconstructs the original input from this representation
[68, 99].
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Figure 2.2: General structure of an autoencoder [77]

The general architecture of an autoencoder can be seen in Figure 2.2, where the
encoder and decoder are usually neural networks, since they can be easily trained with
existing libraries on Python [66].

In the context of this work, it is important to note how autoencoders can detect
anomalies. As mentioned above, autoencoders learn to reconstruct normal data patterns
with minimal reconstruction error; high reconstruction accuracy means the input could be
reconstructed in the output with low error, but when an anomalous signal is encountered,
the reconstruction error increases significantly, making it possible to detect anomalies
[104].

Furthermore, there are several variations of AE architectures. For example LSTM
autoencoders, leverage deep learning to capture and reconstruct the temporal dynamics in
sequential acoustic data even outperforming traditional and convolutional autoencoders.
In that sense LSTM autoencoders are capable of dealing with sequence as input, while

regular autoencoders are not [29, 54].

2.1.4.2 Isolation Forest (IF)

Another unsupervised ML algorithm is IF, which is primarily used for anomaly detection
[110]. Unlike traditional clustering algorithms, IF explicitly isolates anomalies by recur-
sively partitioning datasets using decision trees [106]. The assumption is that anomalies
take fewer splits (average path lengths) to be isolated compared to the rest of the points
of the dataset.

The anomaly score is computed based on the average path length i(x) of a data point

x in the isolation trees [58]: .
h(x

s(x,n) =2 <@ (2.10)
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where 7 is the number of samples, A(x) is the average path length of x, and c(n) is the

average path length of an unsuccessful search in a binary tree:

2(n—1)

c(n)=2H(n—1)— p

2.11)

with H (i) being the harmonic number.

2.1.4.3 Principal Component Analysis (PCA)

PCA is a popular statistical technique used for reducing the dimensionality of dataset
while preserving their variance [50]. PCA replaces p original variables by a smaller
number, g, of derived variables, the principal components, that describe the dataset
and are ordered by the amount of variance they explain [20, 50]. After reducing the
dimensionality of the dataset, PCA is useful to spot trends, patterns and outliers in the
data [79]. In the context of audio signals, PCA can be helpful to detect anomalies as it

can filter noise and highlight significant deviations from normal data.

2.14.4 K-means Clustering

K-means clustering is an unsupervised algorithm used to partition data into K different
clusters. It aims to minimize the intra-cluster variance [56]:
= 2
J=3 ) lxi—ml
k=

1x;€Cy,

where J is the total intra-cluster variance, K denotes the number of clusters, x; is a data
point in cluster Cy, and Ly, is the centroid (mean) of the points in Cy.

In anomaly detection, K-means is applied to features derived from the audio dataset,
such as spectral features, to represent normal operating conditions. To create clusters,
the algorithm groups similar features together and creates centroids that categorize the
normal operation behavior (i.e., normal acoustic signals). Thus, anomalies are classified
as data points that fall significantly far from the nearest centroid. This technique serves

as a baseline for quick assessment of anomalies within a dataset [5].

2.1.4.5 One-Class Support Vector Machine (OC-SVM)

A one-class SVM is designed to learn the decision boundary that best encapsulates the
normal data, which means that it aims to use a maximum-margin hyperplane that separates

all data from the origin [18, 32]. For anomaly detection, the model is exclusively trained
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on features extracted from normal audio samples, thus capturing the decision boundary
that represents non-anomalous behavior. If new data points are outside of the learned

boundary, they would be classified as anomalies [55].

Normal sample

Abnormal
sample

A

A Support vector

® X -

Figure 2.3: OC-SVM Diagram [42]

Each of these algorithms presents a different methodology for analyzing data, and
detecting anomalies from acoustic signals. While autoencoders leverage deep learning for
feature extraction, IF efficiently identifies outliers by isolating anomalies using decision
trees. K-means and OC-SVMs are computationally inexpensive compared to larger deep
learning models, yet offering high accuracy due to the simple nature of their computations.
Deciding on which approach to take is contingent upon multiple factors such as dataset
characteristics, the manner in which the data has been preprocessed, computational

limitations, and the prevalence of actual anomalies in a real-world dataset.

2.2 Related Work

This section reviews existing research and methodologies regarding acoustic-based
anomaly detection in industrial settings. It examines various approaches to identify
the most effective strategies for anomaly prediction systems while highlighting gaps and
areas that require further investigation in this thesis.

As seen in the previous sections, advancements in ML translate automatically into
inherent improvements in anomaly detection systems. However, currently no single
algorithm consistently outperforms others across all scenarios. This represents both
a challenge for industries, as there is no standardized approach that companies can
universally apply to detect acoustic anomalies, but gives the opportunity to combine

models for hybrid approaches. The large number of available algorithms requires a
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comparative analysis of related works to determine the most suitable approach for this

specific scenario.

2.2.1 Review of Existing Systems

The below listed Table 2.1 presents a comparison of the ten most relevant studies for this
thesis. The table focuses on the most critical aspects of the anomaly detection process:
the type of data used, the methods applied for feature extraction, the machine learning
model trained to predict anomalies, and the primary objective of each study.

This comparative analysis aims to provide a better understanding of which methods
have been the most successful and where challenges persist. By examining these key di-
mensions, the table helps identify trends, limitations, and potential areas for improvement,
ultimately guiding the selection of the most suitable approaches for acoustic anomaly de-
tection in industrial settings, but also specifically for the given scenario of a high-altitude
hydropower plant that requires simple and fast deployment while ensuring high accuracy

anomaly detections.
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Table 2.1: Comparison of Current Research

Work Dataset Feature Extraction ML Model Target
[57] Real-world Mel-spectrogram, IF, GMM, B-GMM, OC- Machine health monitoring for fans, pumps, valves,
(factory) Pre-trained CNN5s SVM, KDE, DCAE and slide rails in industrial environments.
[65] Real-world MFCC, STFT, Mel- OC-SVM, AE Comparison of AE architectures to find the best suited
(industrial) spectogram to be implemented on hardware for real-time applica-
tions
[11] Real-world ~ Mel-spectogram Conv-LSTMAE, CAE Real time detection of acoustic anomalies in industrial
(industrial) processes using sequential autoencoders (explosions,
fire, glass breaking).
[43] Real-world Mel-spectrogram, AE, LOF, IF, PCA Evaluate anomalies in both synthetic and real-world
& Synthetic ~ STFT datasets by leveraging a combination of signal pro-
cessing techniques
[37] Real-world ~ AKF, ASEF Adaptive Order-Tracking  Implemented Acoustic Sensing System for Online
(insutrial) Early Fault Detection in rotating machinery (indus-
trial fans).
[32] Real-world ~ Mel-spectrogram LSTM-AE, CNN-AE Implemented LSTM and CNN based AEs to process
(industrial) continuous streams of audio signals from different
audio sources in real-world factories based on window
sliding.
[18] Real-world ~ MFECs, Mel- Dense AE, CNN-AE, Compared performances of three proposed AE archi-
& Synthetic spectogram LSTM-AE tectures using real and synthetic data in three different
(industrial & experiments
in-vehicle)
[5] Real-world  Not specified SVM, K-means, Mounted multiple microphones on a vehicle to col-
(vehicles) CNN lect acoustic data to detect abnormal operations and
improve general customer satisfaction
[25] Real-world ~ Mel-spectogram CAE Detect abnormal event in industrial plants for the new
(industrial) generation of factories.
[62] Google Data ICA AE Introduced ICA and AE for the detection of anoma-

Set

lous sound in industrial environments with Google’s
dataset.
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In general, most studies have recorded their own real-world audio datasets, primarily
in industrial environments with machinery sounds during operation. In [5], multiple
microphones are deployed simultaneously to better capture vehicle sounds, allowing the
detection of deviations from normal acoustic patterns.

An interesting example is found in [43], which utilizes three datasets: a real-world
dataset, a synthetic one (with induced anomalies) from a hydropower plant and a third
dataset from a washing machine. This thesis builds on that paper, as the same dataset is
used in this thesis. The advantage of using synthetic audio datasets lies in their utility
for validation. Controlled environments, such as the washing machine setup, where
anomalies can be deliberately induced, allow rigorous testing of anomaly detection
algorithms to evaluate their accuracy. However, most of the datasets are collected in
industrial settings, highlighting the growing emphasis on applying machine learning
techniques in real-world scenarios.

In terms of feature extraction, Mel-spectrograms are the most commonly used tech-
nique [11, 18, 25, 32, 43, 57, 65], followed by MFCCs and STFT [43, 65]. This
demonstrates the importance and effectiveness of converting raw audio signals into
meaningful inputs for machine learning models. Although feature extraction is widely
employed, it appears to be somewhat undervalued. A more in-depth analysis of feature
extraction techniques could lead to better data understanding and, consequently, improved
anomaly detection performance.

The most used machine learning models across the reviewed works are AEs. This is
logical given that AEs are highly adaptable to the specific audio signals of an environ-
ment, enabling them to effectively detect abnormal sounds that deviate from the learned
baseline. These models are particularly suitable for capturing complex temporal and
spectral patterns, making them effective for anomaly detection in noisy environments.
Interestingly, various different AE architectures are seen in these works. For instance, [18]
explores three different AE architectures, while [32] compares LSTM-AE and CNN-AE
models. In contrast, [11] utilizes Conv-LSTMAE and CAE. This diversity in architectural
choices highlights a limitation in terms of standardization, as no single model consistently
outperforms others across all scenarios or applications.

There are two studies that stood out for their innovative methodologies:

* Huber (2023) [43]: This work employs a hybrid approach by combining AE, LOF,
IF, and PCA. Although IF and PCA do not perform as well as expected, LOF and

AE achieved near-perfect classification metrics on their synthetic dataset. This
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demonstrates the potential of hybrid models to improve classification accuracy and

robustness.

» Miiller et al. (2020) [57]: This study stands out due to its approach of extracting
features using neural networks pre-trained on image classification tasks, rather
than relying solely on deep autoencoders. These features were then used to train a
variety of anomaly detection models. The authors demonstrated that this approach
outperformed conventional convolutional autoencoders, particularly in noisy en-
vironments with recordings from four different types of factory machines. This
reinforces the importance of using hybrid approaches that combine multiple models

and feature extraction methods to achieve better results.

Both works highlight the effectiveness of using ensemble methods and hybrid systems in
anomaly detection, suggesting that integrating different models and extraction techniques

can lead to more reliable and accurate results.

2.2.2 Research Gaps & Considerations

Despite the progress in the industry so far, some research gaps remain in the field. This

thesis tries to address these pain points and will consider them in the methodology.

* Scalability and Noise Resilience: Some anomaly detection frameworks seem
to be very specific to the research being carried out. This limits the scalability
of the systems in other industries. In addition, noise-resilient systems could be
further explored by implementing hybrid strategies that integrate reconstruction-

and density-based models to build more robust anomaly detection frameworks.

* Feature Extraction: Not enough emphasis has been placed on manual data analysis
and feature extraction of datasets. A more in-depth analysis of the datasets would
allow one to gain deeper insights into the recordings, and thus absorb a better

understanding of the anomalies.

» Standardization and Benchmarking: The lack of standardized architectures and
benchmarking metrics makes it difficult to compare models directly. Establishing

consistent standards would facilitate more meaningful evaluations and comparisons.

By addressing these gaps, future research can enhance the robustness, scalability, and
generalization capabilities of acoustic anomaly detection systems, particularly in complex

industrial environments.

20



2.2 Related Work

2.2.2.1 Key Insights for Methodology

As seen previously in Section 2.2.1, there are multiple ways to analyze and preprocess
audio samples, just as there are numerous ML models that can be trained for anomaly
detection.

Given the constraints of limited computational resources and the critical need for
high-accuracy and noise-resilient anomaly detection models, as well as building on the
current research gaps in the literature, the methodology of this thesis will be carried out

with the following considerations in mind:

» AEs are widely used because of their ability to model normal operating conditions
and detect deviations effectively. Given their flexibility, this thesis considers LSTM-
based AEs to leverage their ability to capture temporal dependencies in audio

signals.

* Following the success of [43] in the integration of multiple models, this thesis
incorporates a hybrid approach, also combining traditional ML algorithms such
as OC-SVM and K-means with the autoencoder model. These models are com-
putationally efficient while maintaining high accuracy and complying with the

constraints of industrial environments.

* Feature extraction techniques such as Mel-spectrograms and MFCCs are effective
in converting raw acoustic data into structured input for ML models. Furthermore,
more emphasis will be placed on feature extraction in general as well as targeting
noise resilience and scalability with preprocessing techniques like noise reduction

and normalization.

* Standardized benchmarks for model evaluation will be crucial for fair comparison

of model performance.

21



Chapter 3

Methodology

As discussed in the previous chapter, this thesis provides a comparative analysis of
three different models trained for anomaly detection. The anomaly detection framework
proposed in the methodology follows the pipeline shown in Figure 3.1, whose steps are
described below. Section 3.1, explains the data acquisition process in detail, including
the structure and limitations of the actual datasets used in this thesis. Section 3.2 outlines
the acoustic features that are extracted from the datasets in the exploratory data analysis
(EDA). The ML models selected for anomaly detection in this thesis are then presented
in Section 3.3, followed by an explanation and discussion of the evaluation metrics used
to compare the trained models in Section 3.4.

Figure 3.1 summarizes these steps and presents the necessary steps that must be
taken to detect anomalies: including recording audio, processing the signals, training and
fine-tuning models, and finally evaluating them. What may at first glance look like simple
architecture is in reality a framework built by many smaller steps that lead to a complex
system capable of detecting and predicting anomalies for predictive maintenance in the

industry.

3.1 About the Dataset

The dataset is arguably one of the most critical components for anomaly detection, as
its quality can have a direct impact on data analysis and model performance. This
section explains the process of acquiring training data, as well as its format and recording

conditions.

3.1.1 Data acquisition

The dataset used in this thesis is based on the dataset used in [43]. It consists of both
controlled and real-world environments recordings. The recordings were taken under

normal machine working conditions. To collect data, microphones were strategically
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Figure 3.1: General Overview of the Proposed Pipeline for Anomaly Detection

placed to record machine sounds, and subsequently the recordings were segmented into
normal and anomalous .wav files for further processing. Each audio file has a sampling
rate of 44,100 Hz. As an example, Figure 3.2 shows one of three microphones that were
placed to record the sounds of the industrial hydropower plant under normal operating

conditions.

3.1.2  Splitting of Data for Training and Testing

To maximize robust model evaluation, the datasets are divided into training, evaluation,
and testing subsets. This approach aims to balance the representation of normal and
anomalous sounds for effective model training. The partitioning can be described as
follows.

The normal data is split into three subsets: training, validation, and testing. A fairly
extensive part of the normal data is allocated to the training set, with smaller portions
reserved for validation and testing. The anomalous sound data is used only for the testing
phase, ensuring that models are evaluated against previously unseen anomalies. The test

set consists of a combination of normal and anomalous sounds, shuffled to prevent bias.
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Figure 3.2: Hydropower Plant Rodundwerk II.

3.1.3 Limitations

The datasets used in this thesis are limited to a short period of real-world anomalies,
which for training and testing purposes may not be ideal. However, no further datasets
were recorded or added, as the proposed framework aims to show the applicability of the

method, and this can still be achieved with a small amount of data.

3.2 Exploratory Data Analysis (EDA)

After the data acquisition process, the EDA allows us to expand our understanding of the
recorded data. It is a crucial step in understanding the structure and unique characteristics
that the dataset holds. It is a holistic approach that includes examining both the time and
frequency domains, identifying the properties of the audio signals, comparing similarities
and differences, and extracting features that are useful for subsequent machine learning

processing.

3.2.1 Preprocessing Steps

In contrast to other related works, this thesis focuses heavily on the data analysis and
preprocessing phases. It can be argued that anomalies can be spotted already before

training a model just by looking at the data visualizations if these are processed correctly.
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Furthermore, a well-defined preprocessing phase ensures that the audio dataset is
clean and well-structured for analysis and model training. This thesis uses the following

techniques:

» Sampling Consistency: Once each audio file is uploaded, the sampling rate of
each recording is checked to ensure uniformity across all datasets. This is crucial
to ensure consistent sampling rates across recordings and thus ensure that the

recordings are comparable.

* Audio Normalization: The audio recordings are normalized using their root means
square through their average amplitude levels to ensure consistency across record-

ings while preserving their feature stability and also enabling easier comparisons.

* Noise Reduction: Wavelet-based denoising is applied to each audio recording to
enhance signal quality while preserving the characteristics of normal and anoma-
lous sounds [87]. Noise reduction is a fundamental preprocessing step because it
allows to provide cleaner features of the audio signals and reducing the influence
of noisy backgrounds, potentially leading to better model performance or EDA
visualizations. A concrete example in the EDA would be to better visualize the raw
audio waveforms. These waveforms are not as useful if the audio recordings have
too much noise in the background because you cannot distinguish the waveforms
correctly, but if the amplitude structure of the recordings is well defined then they

can provide valuable insights on the structure of the dataset.

* Segmentation: Before inputting the audio signals into the ML models, the record-
ings are split into smaller frames to facilitate meaningful feature extraction and
maintain a balanced dataset for training and testing [86]. Audio segmentation, in
this case specifically overlapping frames, can isolate short audio segments and en-
sure that important transitions in the audio that span across different boundaries are
captured effectively, allowing the models to focus on localized frequency patterns

instead of complete recordings or spectograms at once.

Without these steps, audio recordings could potentially be misleading or missing
information, representing a systematic error that ultimately affects the results of the

complete acoustic analysis.
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3.2.2 Feature Extraction

Before training models, raw audio signals must be converted into stable and interpretable
representations, particularly in the context of anomaly detection [43]. Their visualizations
can also be helpful to spot anomalies by hand, or to understand the nature of the anomalies
in a given dataset. Thus, feature extraction represents a pillar of the anomaly detection

system. The EDA in this thesis covers all the following features:
1. Time-Domain Features

* Waveform Analysis: Visualization of the raw audio signals to observe overall
trends and potential anomalies can help detect obvious anomalies such as
sudden spikes or irregular patterns in the amplitude of the the waveform. It
also informs how the audio recording is structured, for example, if there are
cyclical patterns that represent changes in operations mode of the machine or

if the waveform is completely unstructured and contains anomalies.

* Zero-Crossing Rate (ZCR): The ZCR measures the number of times the
signal changes polarity, which can indicate signal complexity. In general
terms, high ZCR usually means more sudden or unusual changes from the
baseline, which could potentially represent anomalies as they are deviations

from the normal training data [92].
2. Frequency-Domain Features

* Fast Fourier Transform (FFT) Amplitude Spectrum: It displays the energy
distribution across different frequencies in the signal [9], enabling the identifi-
cation of unexpected amplitude peaks in unusual frequencies that may indicate

abnormal mechanical behaviors.

* Short-Time Fourier Transform (STFT) Spectogram: The STFT displays the
frequency and spectral content of a signal over time, offering a time-frequency
view of the recording [63], which when converted into a spectogram can be
helpful in determining the high or low intensity frequencies that correspond to

anomalies.

* Mel-Spectrograms: Converts the frequency domain into a perceptually mean-
ingful representation using the Mel scale, so that the energy distribution of the
signal becomes humanly perceivable [80], potentially visualizing anomalies if

there are disruptions in the energy levels of the recording.
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* Wavelet Coefficients: Because the wavelet transform decomposes a signal into
multiple resolutions levels of a signal, it effectively lets us analyze the acoustic
changes locally at different scales and can be helpful to spot irregularities of a

recording at different frequencies [103].
3. High-Level Features

* Mel-Frequency Cepstral Coefficients (MFCCs): The MFCCs are inroduced
into the thesis because they compress the frequency-domain of a signal into a
compact set of coefficients [34] that in this context highlight the salient spectral

features of the recording, making it helpful to detect anomalies.

* Spectral Centroid: The spectral centroid of an audio signal indicates where
most of the frequency energy is concentrated [40], thus providing a comparison

between the frequencies between normal and anomalous data.

* Spectral Rolloff: The spectral rolloff measures the frequency of the total
spectral energy below 85%. So, for example, if a large part of the energy in
the recording is concentrated in the lower frequencies, the spectral rolloff will
be lower [40].

The selected features collectively enable robust analysis of audio signals, offering the
opportunity to detect abnormal behaviors in the audio signals even before training models
for anomaly detection, ultimately improving anomaly detection performance and general

analysis depth.

3.3 ML Models

While the EDA enables a strong foundation to understand audio signals and identify
preliminary patterns, ML models are the backbone of ADSs. ML models learn from
the extracted acoustic features in the EDA and generalize them to detect patterns that
may not be recognizable in plain sight, or in this case, anomalies. Therefore, in line with
the goals of this thesis and insights from the related work, this thesis adopts a hybrid
framework for acoustic anomaly detection by leveraging a combination of unsupervised
and deep learning techniques. The three models implemented in this thesis have been
selected based on their complementary strengths to ensure a robust ADS that can capture
anomalies in diverse acoustic environments. These models include: clustering-based

identification, boundary learning, and temporal pattern recognition. Each one of the
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models processes the extracted features and acoustic signals uniquely and contributes to

the anomaly detection pipeline in its own way.

1. K-means Clustering, a lightweight yet effective unsupervised approach for de-
tecting anomalies based on feature distributions and grouping of data points into
clusters [5]. The reason behind using K-means as an anomaly prediction algorithm
i1s mainly its minimal computational overhead and intuitive clustering based ap-
proach, making it suitable for real-time applications with limited computational

resources.

2. One-Class Support Vector Machine (OC-SVM), a model that learns a tight
decision boundary around normal (non-anomalous) data, flagging deviations from
the decision boundary as anomalies [57, 65]. This model is well suited for anomaly
detection due to its adaptability to the structure of the normal data to draw a decision

boundary and its capability to identify subtle acoustic deviations.

3. Long Short-Term Memory Autoencoder (LSTM AE), a deep learning model
capable of capturing temporal dependencies in sequential acoustic signals, excelling
at identifying deviations from normal behaviors, as can be seen in [29] where

accuracy rates of 99% were achieved when detecting anomalies.

By integrating these three models into a unified anomaly detection framework, it
allows the analysis to benefit from each of their strengths, thus also improving the
robustness of the framework. While K-means and OC-SVM offer efficient unsupervised
baselines for anomaly detection, the LSTM autoencoder captures more intricate patterns
that might have been missed by traditional techniques. The selection of these models is
based on the literature reviews in the previous chapter and aims to offer a scalable, robust,

and complementary framework for detecting anomalies for PAM.

3.4 Evaluation Metrics

The evaluation of the different models must be supported by a systematic and objective
comparison. Evaluation metrics serve as key performance indicators (KPIs) for assessing
the accuracy and computational efficiency of the model. The metrics can provide tangible
comparisons and quantitative insights into how well a model performs and differentiates
itself from the others, identifying trade-offs among the different approaches. Furthermore,

since anomaly detection models tend to be trained with rather unbalanced datasets -
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where normal audios largely outnumber anomalies - using only accuracy metrics could
be misleading by not providing the whole picture for companies who want to introduce
ADSs into their factories and also want to consider computational metrics. That is
why both performance and computational-focused metrics are used. First, we have the
anomaly detection performance metrics:

AUC-ROC (Area Under the Curve - Receiver Operating Characteristic): This
metric evaluates the model’s capacity to distinguish normal and anomalous data. This
means that it evaluates the overall classification performance of the model. It is measured
from O to 1, 1 being the perfect score and means that the model can perfectly separate

normal and anomalous data [25].
1
AUC = / TPR(FPR)d(FPR) (3.1)
0

Precision, Recall and F1-Score: While precision measures how many of the positive
predictions of the model are correct, recall measures how many of the actual positives
were correctly predicted by the model. F1-score is the harmonic mean of precision and
recall, balancing the scores of both metrics into one. In cases where the datasets are
imbalanced, which is the case in the anomaly datasets, the F1-score is preferred over
accuracy because it provides a more balanced evaluation of the model considering both

precision and recall [22].

TP
Precision = —— (3.2)
TP+ FP
TP
Recall = ——— 3.3
T TP EN (3-3)
Fi=2x Precision x Recall (3.4)

Precision 4 Recall
Confusion Matrix: A confusion matrix visualizes the prediction summary of a
model in matrix form. It includes true positives, false positives, true negatives, and false
negatives into the matrix and simplifies the analysis of trade-offs between missed and
mistaken classifications [22, 43].
These metrics are the baseline for measuring the model overall performance in
detecting anomalies, but beyond plain detection accuracy, real-world applications require

models to be computationally feasible for deployment in industrial environments in a
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timely manner. That is why both training and inference time have also been added as
fundamental evaluation metrics.

Training Time: Measures how long it takes to train a model on the dataset. Some
methods, such as deep learning models, tend to require significantly longer training times
than traditional statistical models due to their architecture complexity, which could be an
issue if a hydropower plant wants to introduce real-time ADSs. So, training time can be a
valuable insight for companies or manufacturers that have tight time constraints and need
fast ML models.

Inference Time: The inference time measures how quickly a model can classify an
instance of the dataset. This is relevant because anomalies should be spotted quickly in
order to proceed with predictive maintenance.

With these evaluation metrics, it is possible not only to compare the performance of
the models objectively, but also to analyze the trade-offs that could arise in real-world
scenarios, where time and computational resources could be a constraint. Or, for example,
the fact that, in the context of anomaly detection, higher recall (less false negatives) can
be considered one of the most important metrics because missed anomalies can be more
costly as false positives [43].

As mentioned earlier, the EDA plays a fundamental role in this thesis and not only
aligns with the goal of developing a robust and scalable anomaly detection framework,
but also reinforces the importance of understanding the data before feeding it to ML
models. Furthermore, the integration of three different ML models into the system
ensures flexibility and adaptability in deployment and training across distinct industries,
but especially in high-altitude hydropower plants.

Finally, the defined evaluation metrics proposed to rate the performance of the ML
models offers a holistic approach that not only evaluates them in terms of detection per-
formance but also computational feasibility, which can be crucial in real-world scenarios.

Together, the methodological steps presented in this chapter build a cohesive frame-

work, guided by empirical evaluation for a solid anomaly detection system.
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Chapter 4

Implementation

This chapter outlines the practical implementation of the anomaly detection framework
proposed in Chapter 3. The general structure of the anomaly detection system and
tools used to develop the system are presented in Section 4.1. Section 4.2 describes the
implementation of Exploratory Data Analysis (EDA), focusing on how audio features are
extracted and prepared for model input. Finally, Section 4.3 covers the data partitioning
strategy for model training and evaluation, the implementation of each ML model, and its

respective evaluation.

4.1 System Overview

The anomaly detection system is divided into two separate Jupyter Notebooks in a
Python-based environment. One notebook is dedicated to the EDA 4.2 which consists
of visualizing key features and extracting necessary data representations for model
training, while the second notebook handles model trainings and the evaluation of anomaly
predictions 4.3. This dedicated separation of the two notebooks aims to maintain clarity
and modularity in the workflow, while highlighting the importance of both parts of the
system.

For developing the complete framework in Python, key libraries were used. The most

relevant ones in terms of contributing to anomaly detection aspects include:
* NumPy & Pandas: For numerical operations and data manipulation.
* Matplotlib & Seaborn: For visualizing data and results.
* Librosa: For audio loading, processing, and feature extraction.
* scikit-learn: For implementing K-means clustering and OC-SVM.

* PyTorch: For building and training of the LSTM AE.
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4.2 Exploratory Data Analysis (EDA)

In the first notebook, key acoustic features are extracted and visualized to understand the
properties of the dataset. The implementation of the most relevant functions of the EDA

will be illustrated in the following code snippets.

4.2.1 Data preprocessing

The first step in the EDA 1is to prepare the data for subsequent analysis. Concretely, the first
step is to denoise the audios and ensure consistent loudness. A wavelet-based denoising
function is applied to the audio recording to suppress background noise while preserving
the integrity of the features in the recordings. After denoising, gain normalization is
applied to a target loudness level in decibels full scale (ABFS) to ensure the audios are

comparable in further stages.

Listing 4.1: Data Preprocessing Steps

4.1.1 def wavelet_denoise(audio, wavelet='db4', level=3,

threshold_multiplier=1.5):

4.1.2 coeffs = pywt.wavedec(audio, wavelet, level=level)

4.1.3 detail_coeffs = coeffs[1]

4.14 sigma = np.median(np.abs(detail_coeffs)) / 0.6745

4.1.5 threshold = sigma * threshold_multiplier

4.1.6 new_coeffs = list(coeffs)

4.1.7 for i in range(1l, min(3, len(coeffs))):

4.1.8 coeffs i = coeffs[i]

4.1.9 sign = np.sign(coeffs_i)

4.1.10 magnitude = np.abs(coeffs_i)

4.1.11 thresholded = sign * np.maximum(magnitude - threshold, 0)
4.1.12 new_coeffs[i] = thresholded

4.1.13 denoised_audio = pywt.waverec(new_coeffs, wavelet)

4.1.14 if len(denoised_audio) > len(audio):

4.1.15 denoised_audio = denoised_audio[:len(audio)]

4.1.16 elif len(denoised_audio) < len(audio):

4.1.17 denoised_audio = np.pad(denoised_audio, (0, len(audio) - len(

denoised_audio)))

4.1.18 return denoised_audio

4.1.19

4.1.20 def normalize_audio(audio, target_dBFS=-20):

4.1.21 rms = np.sqrt(np.mean(audio**2))

4.1.22 current_dBFS = 20 * np.loglO(rms) if rms > O else -80
4.1.23 gain = 10**((target_dBFS - current_dBFS) / 20)
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4.1.24 normalized_audio = audio * gain
4.1.25 if np.max(np.abs(normalized_audio)) > 1.0:
4.1.26 normalized_audio = normalized_audio / np.max(np.abs(

normalized_audio))
4.1.27 return normalized_audio
4.1.28

4.2.2 Generating a Normalized Mel-pectogram

To compute the Mel-spectogram of an audio file, first the STFT has to be calculated to
obtain its spectogram, using the built-in librosa function. Then the results are converted
into a Mel-spectogram by mapping the frequencies to the Mel scale with 128 Mel bins
and a hop length of 512. The result is then converted to decibel and normalized between

0 to 1 to ensure consistent comparisons.

Listing 4.2: Generating Mel-spectrogram

4.2.1 def generate_mel_spectrogram(audio, sr, n_mels=128, n_fft=1024,
hop_length=512):

422 S = np.abs(librosa.stft(audio, n_fft=n_fft, hop_length=hop_length)
) xk 2

423 mel = librosa.feature.melspectrogram(S=S, sr=sr, n_mels=n_mels)

424 mel_db = librosa.power_to_db(mel, ref=np.max)

4.2.5 mel_norm = (mel_db - mel_db.min()) / (mel_db.max() - mel_db.min())

4.2.6 return mel _norm

4.2.3 Individual Feature extraction

Various signal descriptors mentioned in 3.2.2 are extracted to characterize both normal
and anomalous acoustic behavior. These features include MFCCs, spectral centroid,
spectral rolloff, spectral contrast, and zero-crossing rate which all have a dedicated

built-in function in the librosa library.

Listing 4.3: Individual Feature Extraction

43.1 def extract_mfccs(audio, sr, n_mfcc=13):

432 mfccs = librosa.feature.mfcc(y=audio, sr=sr, n_mfcc=n_mfcc)
433 return mfccs

434

4.3.5 def extract_spectral_centroid(audio, sr):

4.3.6 centroid = librosa.feature.spectral_centroid(y=audio, sr=sr)
4.3.7 return centroid

4.3.8
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439 def extract_spectral_rolloff(audio, sr):

4.3.10 rolloff = librosa.feature.spectral_rolloff(y=audio, sr=sr)
4.3.11 return rolloff

43.12

4.3.13 def extract_spectral_contrast(audio, sr):

4.3.14 contrast = librosa.feature.spectral_contrast(y=audio, sr=sr)
4.3.15 return contrast

4.3.16

4.3.17 def extract_zero_crossing_rate(audio):

4.3.18 zcr = librosa.feature.zero_crossing_rate(audio)

4.3.19 return zcr

4.3.20

4.2.4 FFT, STFT and Wavelet Coefficients

Additionally, key frequency-domain metrics such as the FFT amplitude spectrum, the
STFT, and the wavelet coefficients are extracted to provide a summary of the signal’s
frequency content and plotted for visual analysis. The computations are mostly done
by libraries such as NumPy for numerical operations, librosa for audio processing tasks
and PyWavelets for performing the discrete wavelet transforms. A summary of these

functions is illustrated in the following code snippet:

Listing 4.4: Computing FFT, STFT, and Wavelet Coefficients (No Plotting)

4.4.1 def compute_fft(audio, sr):

4.4.2 N = len(audio)

443 yf = fft(audio)

4.4.4 xf = np.linspace(0.0, sr/2, N//2)

4.4.5 amplitudes = 2.0/N * np.abs(yf[:N//2])

4.4.6 return xf, amplitudes

4.4.7

4438 def compute_stft(audio, sr, n_fft=1024, hop_length=512):

449 stft_result = librosa.stft(audio, n_fft=n_fft, hop_length=
hop_length)

4.4.10 return stft_result

44.11

4.4.12 def compute_wavelet(audio, wavelet='db4', level=5):

4413 coeffs = pywt.wavedec(audio, wavelet, level=level)

4.4.14 return coeffs
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4.3 Model Training & Evaluation

4.3.1 Data Splitting Strategy

The data segmentation strategy begins by loading two separate audio files — one repre-
senting normal operation and one containing anomalous events - into the environment.
The audio recordings are then converted into a Mel-spectogram and segmented into
overlapping frames, where the frame size is determined by a specified duration relative to
the hop length and a hop ratio (e.g., 20% overlap) defines the stride between frames; each
frame retains its two-dimensional structure (Mel bins x frame width) and is saved as a
NumPy array.

Next, only the frames derived from normal audio are used to construct the training
and validation sets by applying scikit-learn’s train_test_split — approximately 15%
of the normal frames are reserved as test data while the remaining 85% is divided into
roughly 70% for training and 15% for validation.

The final test set is assembled by combining these normal test frames with the
anomalous frames, assigning the corresponding labels (0 for normal and 1 for anomalous),
and shuffling the combined data set to avoid any ordering bias. Finally, all audio sets are
saved as . npy files to ensure efficient loading and seamless integration into the subsequent
model training and evaluation stages. The implementation of this data segmentation

strategy was taken from [43].

Listing 4.5: Data Splitting for Model Training and Evaluation

4.5.1 mel_db_anomalous, sr_anomalous = generate_mel_spectrogram(

anomalous_audio_path)

4.5.2 mel_db_normal, sr_normal = generate_mel_spectrogram(normal_audio_path)

4.5.3 assert sr_anomalous == sr_normal, "Sampling rates do not match!"

454

45.5 frame_size = int((time_per_frame * sr_anomalous) / hop_length)

4.5.6 hop_size = int(frame_size * hop_ratio)

4.5.7 anomalous_frames = generate_frames(mel_db_anomalous, frame_size,
hop_size)

4.5.8 normal_frames = generate_frames(mel_db_normal, frame_size, hop_size)

459

4.5.10 np.save (output_anomalous_frames_path, anomalous_frames)

45.11 np.save (output_normal_frames_path, normal_frames)

4.5.12

4.5.13 normal_frames = np.load(output_normal_frames_path)

4.5.14 anomalous_frames = np.load(output_anomalous_frames_path)
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4.5.15 normal_train_val, normal_test = train_test_split(normal_frames,
test_size=0.15, random_state=42)
4.5.16 normal_train, normal_val = train_test_split(normal_train_val,

test_size=0.1765, random_state=42)

4.5.17

4.5.18 test_frames = np.concatenate([normal_test, anomalous_frames], axis=0)

4.5.19 test_labels = np.concatenate([np.zeros(len(normal_test)), np.ones(len(
anomalous_frames))])

4.5.20 indices = np.arange(len(test_frames))

4.5.21 np.random.shuffle(indices)

4.5.22 test_frames = test_frames[indices]

4.5.23 test_labels = test_labels[indices]

4.5.24

4.5.25 np.save(train_frames_path, normal_train)

4.5.26 np.save(val_frames_path, normal_val)

4.5.27 np.save(test_frames_path, test_frames)

4.5.28 np.save(test_labels_path, test_labels)

4.3.2 K-means Clustering

After the data is loaded and split accordingly, it is time to train the models. In the case of
K-means, the algorithm starts by flattening the data frames into one-dimensional vectors
of size n_mels x frame_size. Since the K-means algorithm uses Euclidean distances, the
data is standardized using a StandardScaler which centers and scales the features to
units. For training, the model is set to use a single cluster (n_clusters = 1) that represents
the central tendency of the normal data. The model is then trained with a fixed random
seed (e.g., random_state=42) to ensure reproducibility and the model is saved for later

evaluation. The following code snippet shows the pipeline for the K-means model:

Listing 4.6: K-means Model Implementation

4.6.1 X_train_kmeans = train_frames.reshape(len(train_frames), -1)

4.6.2 scaler_kmeans = StandardScaler ()

4.6.3 X _train_kmeans = scaler_kmeans.fit_transform(X_train_kmeans)

4.6.4 n_clusters = 1

4.6.5 kmeans = KMeans(n_clusters=n_clusters, random_state=42)

4.6.6 kmeans.fit (X_train_kmeans)

4.6.7 joblib.dump(scaler_kmeans, "../../Models/KMeans/scaler_kmeans.pkl")
4.6.8 joblib.dump(kmeans, "../../Models/KMeans/kmeans_model.pkl")
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433 OC-SVM

Similarly to the K-means algorithm, the OC-SVM model is trained solely on normal
data to learn a decision boundary. The workflow is similar, first, the audio frames are
flattened into a one-dimensional vector using the reshape (len(array), -1) function
and then a StandardScaler is used to center the data (zero mean) and scale it to unit
variance. The SVM model is then created with a Radial Basis Function (RBF) kernel for
capturing nonlinear relationships in the data and sets nu = 0.05 as an an upper bound on
the fraction of training errors and a lower bound on the fraction of support vectors. This

simplified code snippet shows the the steps mentioned:

Listing 4.7: =OC-SVM Model Implementation

47.1 X_train_ocsvm = normal_train.reshape(len(normal_train), -1)

472 scaler_ocsvm = StandardScaler()

4.7.3 X_train_ocsvm = scaler_ocsvm.fit_transform(X_train_ocsvm)

474 ocsvm = OneClassSVM(kernel='rbf', gamma='scale', nu=0.05)

477.5 ocsvm.fit(X_train_ocsvm)

4.7.6 joblib.dump(scaler_ocsvm, "../../Models/0CSVM/scaler_ocsvm.pkl")
4.7.7 joblib.dump(ocsvm, "../../Models/0CSVM/ocsvm_model.pkl")

4.3.4 LSTM Autoencoder

The LSTM Autoencoder captures both spectral and temporal dynamics within audio
frames. Its encoder-decoder architecture first compresses the input sequence into a lower-
dimensional latent space and then uses the decoder to reconstruct the original input from
this compact representation.

In this thesis, the encoder uses a single-layer LSTM with input size of 128 and 64
hidden units. The encoder compresses the input into a latent projection of 32 dimensions
by extracting a 64-dimensional hidden state and passing it through a fully connected
layer.

The decoder reverses this process by first expanding the latent projections back to 64
dimensions and repeating the process along the time axis to match the sequence length.
Then a second LSTM layer reconstruction of the original sequence was performed using

a configuration of 64 input features and 128 hidden units.
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The autoencoder is then trained to minimize the loss of Mean Squared Error (MSE)

between the input x and its reconstruction x. The MSE loss function is defined as:

MSE =

S| =

n
Z(xi _5%1')27
i=1

where x; is the original input, X; is the reconstructed output, and » is the number of data

points [48]. In addition, an Adam optimizer is used with a learning rate of 1 x 10™# to

ensure stable convergence during training, which is run for a fixed number of 10 epochs.

The trained model is then saved for later evaluation in the test set.

The definition of the explained architecture is represented in the following code

snippet.

Listing 4.8: LSTM-AE Model Implementation

4.8.1 class LSTMAutoencoder (nn.Module) :

4.8.2 def __init__(self, input_size=128, hidden_size=64, latent_size=32,
num_layers=1):
4.8.3 super (LSTMAutoencoder, self).__init__Q)
4.8.4 self.encoder = nn.LSTM(input_size, hidden_size, num_layers,
batch first=True)
4.8.5 self.fc_enc = nn.Linear(hidden_size, latent_size)
4.8.6 self.fc_dec = nn.Linear(latent_size, hidden_size)
4.8.7 self .decoder = nn.LSTM(hidden_size, input_size, num_layers,
batch_first=True)
4.8.8
4.8.9 def forward(self, x):
4.8.10 # Encode
4.8.11 enc_out, _ = self.encoder(x)
4.8.12 last_hidden = enc_out[:, -1, :]
4.8.13 latent = self.fc_enc(last_hidden)
4.8.14 # Decode
4.8.15 dec_input = self.fc_dec(latent).unsqueeze(1)
4.8.16 dec_input = dec_input.repeat(l, x.size(1), 1)
4.8.17 dec_out, _ = self.decoder(dec_input)
4.8.18 return dec_out
4.3.5 Model Evaluation

As discussed in Section 3.4, the performance of the model is evaluated in terms of both

the accuracy of detection accuracy and computational effectiveness. This section explains
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how relevant performance metrics such as ROC AUC, precision, recall, and F1-score are

captured for each model, and how training and inference times are measured.

1. K-means Evaluation: The evaluation process begins by loading the pre-trained
K-means model and its scaler. The test frames are reshaped and standardized before
being passed to the model, and for each sample the minimum Euclidean distance to
the cluster centroids is computed and used as the anomaly score. Using the 97th
percentile of distances on the validation set, a threshold for anomalies is computed,
and the samples with distances exceeding this threshold are flagged as anomalies.
Although using the 95th percentile was initially considered, the 97th percentile was
ultimately chosen to prioritize capturing all true anomalies, even at the cost of a
few additional false positives. The ROC AUC score is computed using the raw
distance values, reflecting how well the model separates normal and anomalous
data. The precision, recall, and F1-score are computed based on binary predictions
after thresholding. Additionally, the inference time is recorded using Python’s time

library and the training time is already captured during the model’s training.

Listing 4.9: K-means Evaluation

4.9.1 scaler_kmeans = joblib.load("../../Models/KMeans/scaler_kmeans.
pk1™)

4.9.2 kmeans = joblib.load("../../Models/KMeans/kmeans_model.pkl")

49.3 X_test_kmeans = test_frames.reshape(len(test_frames), -1)

494 X_test_kmeans = scaler_kmeans.transform(X_test_kmeans)

49.5 start_time = time.time()

49.6 dist_test = kmeans.transform(X_test_kmeans) .min(axis=1)

4.9.7 inference_time_kmeans = time.time() - start_time

4.9.8 X_val_kmeans = val_frames.reshape(len(val_frames), -1)

49.9 X_val_kmeans = scaler_kmeans.transform(X_val_kmeans)

4.9.10 dist_val = kmeans.transform(X_val_kmeans) .min(axis=1)

4.9.11 threshold_kmeans = np.percentile(dist_val, 97)

4.9.12 y_pred_kmeans = (dist_test > threshold_kmeans) .astype(int)

49.13 roc_auc_kmeans = roc_auc_score(test_labels, dist_test)

4.9.14 precision_kmeans, recall_kmeans, fl_kmeans, _ =

precision_recall_fscore_support(test_labels, y_pred_kmeans,
average='binary')

49.15 conf_kmeans = confusion_matrix(test_labels, y_pred_kmeans)

2. OC-SVM: The procedure for the OC-SVM is very similar to the one used for

the K-means model. But in this case, the OC-SVM’s decision function is used,
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where negative decision scores are the ones that indicate anomalies. The process

for computing the evaluation metrics is the same as can be seen in the following

snippet.
Listing 4.10: OC-SVM Evaluation

4.10.1 scaler_ocsvm = joblib.load("../../Models/0CSVM/scaler_ocsvm.pkl")

4.10.2 ocsvm = joblib.load("../../Models/0CSVM/ocsvm_model.pkl")

4.10.3 X_test_ocsvm = test_frames.reshape(len(test_frames), -1)

4,104 X _test_ocsvm = scaler_ocsvm.transform(X_test_ocsvm)

4.10.5 start_time = time.time()

4.10.6 decision_scores = ocsvm.decision_function(X test_ocsvm)

4.10.7 inference_time_ocsvm = time.time() - start_time

4.10.8 y_pred_ocsvm = (decision_scores < 0).astype(int)

4.10.9 roc_auc_ocsvm = roc_auc_score(test_labels, -decision_scores)

4.10.10 precision_ocsvm, recall_ocsvm, fl_ocsvm, _ =
precision_recall_fscore_support(test_labels, y_pred_ocsvm,average
='binary')

4.10.11 conf_ocsvm = confusion_matrix(test_labels, y_pred_ocsvm)

3. LSTM AE: In the case of the LSTM, the model is first loaded and set to evaluation
mode. The test frames are converted to PyTorch tensors and fed through the model
to obtain reconstructions. Using the MSE, the reconstruction error is computed
for each sample and the threshold is determined based on the 97th percentile of
validation errors. Similarly to the previous models, if the threshold is exceeded, then
the frame gets marked as anomaly. Additionally the code snippet also illustrates the
computation of the relevant metrics discussed earlier, which are computed in the

same way as for the other models.

Listing 4.11: LSTM AE Evaluation

4.11.1 lstm_ae = LSTMAutoencoder(input_size=128, hidden_size=64,
latent_size=32, num_layers=1)

4.11.2 lstm_ae.load_state_dict(torch.load("../../Models/LSTM_AE/lstm_ae.
pth"))

4.11.3 lstm_ae = lstm_ae.float()

4114 lstm_ae.eval()

4.11.5 start_time = time.time()

4.11.6 with torch.no_grad():

4.11.7 test_outputs = lstm_ae(test_frames_tensor_lstm)
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4.11.8 test_loss_tensor = nn.functional.mse_loss(test_outputs,
test_frames_ tensor_lstm, reduction='none')
4.11.9 test_mse = test_loss_tensor.reshape(test_loss_tensor.size(0),

-1) .mean(dim=1) . numpy ()

4.11.10 inference time lstm = time.time() - start_time

4.11.11 with torch.no_grad():

4.11.12 val_outputs = lstm_ae(val_frames_tensor_lstm)

4.11.13 val_loss_tensor = nn.functional.mse_loss(val_outputs,

val_frames tensor_lstm, reduction='none')
4.11.14 val_mse = val_loss_tensor.reshape(val_loss_tensor.size(0),

-1) .mean(dim=1) .numpy ()

4.11.15 threshold_lstm = np.percentile(val_mse, 97)

4.11.16 y_pred_lstm = (test_mse > threshold_lstm).astype(int)

4.11.17 roc_auc_lstm = roc_auc_score(test_labels, test_mse)

4.11.18 precision_lstm, recall_lstm, f1_1stm, _ =
precision_recall_fscore_support(test_labels, y_pred_lstm, average
='binary')

4.11.19 conf_lstm = confusion_matrix(test_labels, y_pred_lstm)

Furthermore, for all models, the ROC curves and confusion matrices are plotted for
visual assessment of their performance, but not shown in the code snippets for conciseness
purposes. The training time for all models is measured when the models are trained.
This overview shows that the evaluation process provides a comprehensive approach that
measures each model’s ability to detect anomalies in a standardized manner using the

same techniques.
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Chapter 5

Results and Discussion

This chapter presents the results and findings of the anomaly detection framework im-
plemented in this thesis and offers a comprehensive discussion and evaluation of the
performance with respect to the evaluation metrics mentioned in Section 3.4.

The discussion is organized in specific sections to provide a structured overview of
the results. Section 5.1 gives an overview of the experimental setup, Section 5.2 presents
the key results from the EDA in 5.2.1 and the performance of the individual models in
5.2.2. Furthermore, these results are then systematically compared and interpreted in

Section 5.3 in the context of the research objectives and the review of the literature.

5.1 Experimental Setup

This section outlines the experimental setup used for the evaluation of the thesis to meet
its research objectives. For reproducibility purposes, both the hardware and software

environments used for the EDA and to train the models are summarized below.

» Hardware Specifications: MacBook Air (M2, 2022), 8-core CPU with 4 perfor-
mance cores and 4 efficiency cores, 8-core GPU, 16-core Neural Engine, 100GB/s

memory bandwidth, 8GB unified memory and running on macOS Sequoia 15.2.

» Software Specifications: PyCharm 2024.2.4 (Professional Edition), with VM
OpenJDK 64-Bit Server VM by JetBrains s.r.o. Both EDA and model training were

run using Jupyter Notebooks.

As mentioned in Section 3.1, the dataset and methodology of this thesis build upon
the data made available in [43]. The dataset comprises recordings from both controlled
laboratory settings and real-world environments. The same methodologies discussed in
Section 3.1 were applied uniformly across all recordings, highlighting the reproducibility

and transferability of the framework. The audio recordings used in this thesis consist of:
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» Washing Machine: Recordings obtained from a controlled laboratory setup in-
volving a washing machine, where anomalies were artificially induced to simulate

abnormal operating conditions. Two recordings are used:

— normal_audio_wm: A 19-minute and 49-second recording of a washing ma-

chine in normal operating mode.

— anomalous_audio_wm: A 1-minute and 26-second recording of anomalous
knocking sounds by introducing shoes instead of clothes into the washing

machine.

* Synthetic Industrial Machine: This dataset consists of two recordings during
normal operation mode of the hydropower plant, including synthetic anomalies in a

controlled environment.

— normal_audio_synthetic: A 12-minute and 46-second recording of the machine

under normal operating conditions.

— anomalous_audio_synthetic: A 3-minute and 29-second recording of arti-
ficially induced anomalies by hitting a hammer with a shovel, providing a

similar sound to real-world anomalies.

* Real Industrial Machine: The main dataset consists of two recordings captured in

a real pumped storage hydropower plant in operation. This set includes:

— normal_audio_real: A 59-minute and 53-second recording of the machine

working under routine conditions, providing a baseline for normal operation.

— anomalous_audio_real: A 5-second recording containing real anomalies pro-

duced by the machine during operation.

The experimental setup, including hardware, software and dataset specifications, was
chosen to align with the proposed framework that aims to address the central thesis goals:
leveraging acoustic sensing for anomaly detection, investigating state-of-the-art ML
techniques, and integrating these insights into a comprehensive framework for predictive
maintenance in hydropower plants. The setup ensures reproducibility and demonstrates
the applicability of the framework with distinct datasets, allowing to integrate spectral

analysis techniques and evaluate the proposed approach extensively.
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5.2 Presentation of Results

This section covers the details of the results obtained from both the EDA and the perfor-

mance evaluation of the anomaly detection models.

5.2.1 Exploratory Data Analysis Outcomes

The EDA aims to uncover the unique sound and spectral characteristics of the acoustic
signals in each dataset, providing insights to support the distinction needed for anomaly
detection. The analysis includes visualizations in both the time and frequency domains,
as well as the extraction of high-level acoustic features which provide a comprehensive
overview of the audio recordings and their anomalies. For brevity, only the most relevant
visualizations and insights are presented, specifically those that most clearly show the
distinction between normal and anomalous recordings in each dataset. The complete

results of the EDA can be found in the Appendix A.

5.2.1.1 Washing Machine Dataset

Visual analysis of the raw waveforms of the recordings can provide valuable insight
into the acoustic characteristics of the recordings. Additionally, at this step, the audio
recordings are already normalized, so it is easier to compare them. Figure 5.1 presents
the waveforms of both normal and anomalous recordings. It can be seen in Figure 5.1a
that the normal recording exhibits a relatively uniform amplitude distribution, indicating
a relatively consistent signal strength throughout. The spikes exhibited in the normal
recording, especially in the beginning, represent the different operation modes of a
washing machine. In contrast, the anomalous waveform in Figure 5.1b displays much
more abrupt spikes and irregular amplitude fluctuations throughout the recording. In
comparison, the normal waveform is much more compact than the anomalous recording.
The sudden amplitude changes in the anomalous recording are indicative of transient
acoustic events, which likely correspond to the induced anomalies in the experiment.

In this case, the focus on amplitude as a key preliminary indicator is due to the nature
of this experiment, where anomaly-induced events such as shoes colliding with the walls
of the washing machine cause sharp and louder noises. Since amplitude strictly correlates
to the signal strength of the recording, such irregularities are a strong signal of abnormal
behavior in this context and thus help indicate anomalies.

Another relevant visualization of the audio recordings is the Mel-spectogram, which

reveals time-frequency patterns in the recordings. The Mel-spectogram of both audio
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Figure 5.1: Comparison of Anomalous and Normal Recordings Raw Waveforms

recordings can be seen in Figure 5.2b. The normal Mel-spectogram in 5.2a reveals a
cyclical pattern, especially in the first quarter of the recording, that suggests the operating
cycle of a washing machine (e.g., tumbling and spinning). For example, vertical striping
patterns indicate periodic drum rotations. In contrast, the anomalous Mel-spectogram
in Figure 5.2b shows no apparent cyclical pattern. It also can be seen that the energy
distribution is not as uniform as in the normal recording; this can be detected in the
thinner energy spikes in the anomalous Mel-spectogram, which can suggest the collisions

caused by the shoe tumbling introduced into the washing machine.
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Figure 5.2: Comparison of Anomalous and Normal Recordings Mel-Spectograms

The smoother energy distribution in the normal recording compared to the anomalous
recording can also be seen in the STFT-spectogram shown in Figure 5.3. This STFT-
spectogram provides a complementary view of the audio signals by preserving more raw
frequency information of the signals using the actual frequency content with linear/loga-
rithmic scaling and without applying the Mel filter bank. Apart from the energy changes
from the different washing operation modes seen in the normal recording (Figure 5.2a),

the energy is well distributed which can be noticed at the smoother distribution of colors
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in the STFT-spectogram, while in the anomalous recording these color shifts are much
more abrupt and spiky, as can be recognized by the thinner energy stripes. This again,
shows abnormal conditions in the anomalous recording, which can lead to deducing the

anomalies in that recording.
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Figure 5.3: Comparison of Anomalous and Normal Recordings STFT-Spectograms

Furthermore, the EDA also captures features such as spectral centroid, spectral roll-
off, and spectral contrast. The findings of these recordings are shown in Table 5.1.
In this case, the mean centroid of the anomalous recording is lower than the one for
the normal recording. This can suggest that the energy in the anomalous recording
is more concentrated in the lower frequencies during anomalous events, for example,
low-frequency sounds such as the shoes colliding with the washing machine walls. The
spectral roll-off is also lower for the anomalous recording, indicating less high-frequency
components during anomalies. Finally, the spectral contrast values lie relatively close.
These slight variations may reflect subtle differences in the dynamic range of the frequency
components. Interestingly, the zero crossing rate of the normal recording is also higher, at
0.070 compared to 0.047 in the anomalous recording. A higher zero crossing rate usually
means more sudden or unusual changes from the baseline, which can potentially be
flagged as anomalies. Although these findings are counterintuitive, it can be argued that
due to the nature of this experiment the zero crossing rate is higher in the normal recording
due to the shifting operation modes and high frequency vibrations of the machine under
normal conditions. To justify it, it was also stated earlier with the mean spectral centroid
that the anomalies took place in a lower frequency range, which can potentially yield

longer periods between zero crossing and thus explain the lower zero crossing rate.
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Metric Anomalous Normal

Spectral Centroid (Hz) 2945.91 3962.37

Spectral Rolloff (Hz)  6020.86 8502.82

Spectral Contrast { 14.62, 8.23, 12.23, 16.38, 14.08, 14.93,20.17 }  { 14.40, 8.30, 12.23, 16.40, 13.88, 15.50, 18.83 }
Zero Crossing Rate 0.047 0.070

Table 5.1: Spectral Metrics for the Washing Machine Dataset

5.2.1.2  Synthetic Industrial Machine Dataset

Figure 5.4 shows the raw waveforms of the normal and anomalous recordings in the
synthetic dataset. It is worth noting that compared to the washing machine dataset, these
recordings are quite saturated, due to the amount of consistent background noise in the
microphones. Nevertheless, similarly to the washing machine dataset, it can be seen
here too, that the amplitude distribution of the normal recording in Figure 5.4a is much
more compact compared to the amplitude distribution of the anomalous recording in
Figure 5.4b. The normal recording exhibits the amplitude distribution of the pumped
storage in the hydroelectric plant under normal operations. Thus the waveform is rather
smooth without many changes in its amplitude except for shortly after the 5th minute of
the recording which represents a changing operation mode. In contrast, the anomalous
recording shows abrupt amplitude spikes throughout the recording that represent the
high frequency sounds produced by the hits between the shovel and hammer, making the

anomalies visible at plain sight.
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Figure 5.4: Comparison of Anomalous and Normal Recordings Raw Waveforms

The Mel-spectograms of the synthetic anomaly and normal datasets are presented in
Figure 5.5. Again, the Mel-spectogram of the normal recording 5.5a shows a smooth and
constant energy distribution of the normal operating mode of the hydropower plant with
even frequencies throughout the recording, whereas the anomalous Mel-spectogram in
Figure 5.5b reveals multiple bursts of energy throughout the recording. This can be seen

by the changing vertical energy stripes that represent the induced anomalies.
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Figure 5.5: Comparison of Anomalous and Normal Recordings Mel-Spectograms

Figure 5.6 shows the MFCC coefficients of the mel frequency for both recordings.
The spectral patterns of the MFCC coefficients in the normal recording shown in Figure
5.6a remain relatively uniform across the entire recording. This suggests a stable spectral
envelope with minimal short-term fluctuations compared to anomalous recording, where
Figure 5.6b reveals more sudden blanks in the MFCC coefficients over short time intervals,
especially in coefficient O which represents the average log-energy of the signal. Overall
though, the spectral patterns in both MFCC bands remain fairly similar between the two

recordings, which can be due to the background noise of the hydroelectric plant.
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Figure 5.6: Comparison of Anomalous and Normal Recordings MFCCs

Furthermore, Figure 5.7 displays the FFT Amplitude spectrum, revealing the ampli-
tude distribution across frequencies. The amplitude of the normal synthetic recording
5.7a shows a concentrated spectral profile in the lower frequency axis, while the anoma-
lous recording in 5.7b exhibits a much wider energy distribution and distinct amplitude
spikes in higher frequencies compared to the normal recording, corresponding to the high

frequency acoustic signals introduced by the induced anomalies. This is yet another great
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example of how anomalies can be manually spotted in a graph before model training,
which reflects the substantial value of the EDA.
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Figure 5.7: Comparison of Anomalous and Normal Recordings FFT Amplitudes

Lastly, Figure 5.8 compares the wavelet coefficients of the two recordings. It can
be seen that the wavelet coefficients of the anomalous recording in Figure 5.8b exhibit
several noticeable spikes, especially at mid to high decomposition levels. Conversely, the
normal recording in Figure 5.8a shows relatively stable amplitudes within all coefficient
levels and rather small values in higher coefficient levels compared to the anomalous
recording. It is notable that at the higher levels (e.g., Level 4 and Level 5), the wavelet
coefficients remain relatively compact, indicating that the most energy is concentrated
in the lower frequency band of the machine’s operating noise. Thus, due to the high
frequency of the induced anomalies, the anomalous recording presents sudden spikes and

higher values in the higher coefficients.

5.2.1.3 Real Industrial Machine Dataset

So far, the EDA has been helpful in revealing the acoustic characteristics of each dataset,
especially in finding indicators of anomalies or the anomalies themselves within the
audio recordings. Most of the visualizations in the EDA help to understand the data and
allow humans to spot irregularities manually, before training a ML model. This provides
immense value for humans that could potentially detect anomalies by only looking at the
datasets. The previous evaluations of the datasets have proved that the EDA is a step in the
right direction to analyze data manually and not only supports anomaly detection but also
provides crucial clues into the nature of the anomalies, especially when combined with
domain knowledge. However, the EDA has only proved its usefulness using synthetically
induced anomalies. Thus, an analysis of a real-world dataset needs to be done to validate
the real capabilities of the notebook and to test the feasibility of spotting real-world and

harder-to-spot anomalies.
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Figure 5.8: Comparison of Anomalous and Normal Recordings Wavelet Coefficients

In this subsection, the dataset of a real-world scenario of an operational hydropower
plant, Rodundwerk II, is analyzed.

Figure 5.9 presents the results of the raw waveforms of the real recordings. For
context, the normal recording consists of three separate recordings from three different
microphones recording simultaneously and containing three different operation modes
of the pumped storage. Also, three real anomalies were found in the recording which
took place during the change of operating modes of the power plant but were removed
manually in order to have a clean recording. The anomalous recording consists of the
three anomalies concatenated into one dataset. Furthermore, similarly to the synthetic
dataset, this dataset too has a high consistent background noise due to the high volume
operations done by the pumped storage in the hydropower plant.

The operation cycles of the normal recording can be clearly seen in Figure 5.9a,
where the three cycles of the operations are repeated three times. This figure exhibits
a highly concentrated amplitude and compact waveform within each cycle. In contrast,
the waveform of the anomalous recording shown in Figure 5.9b shows irregular acoustic

amplitudes, with small and pronounced amplitude spikes. The lack of structure and
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continuous variations in the anomalous waveform suggest a disruption in the regular
operational pattern of the machine and thus hint towards anomalies or transient events.
Of course, in this case, because the anomalous recording is short, the waveform does not
necessarily present a clear representation of anomalies. Thus, at this stage it cannot be
stated already that the irregularities are anomalies, which is why further acoustic features

are presented.
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Figure 5.9: Comparison of Real Anomalous and Normal Recordings Raw Waveforms

The Mel-spectogram of the recordings in this dataset is presented in Figure 5.10.
The three operating modes of the machine are clearly visible in Figure 5.10a where the
operation modes are represented by the pronounced shift in energy stripes in the graph. It
is important to note that even though the energy shifts are visible in the graph, this does
not necessarily mean they would correspond to an anomaly. In this case for example,
even when the machine changes from one operation mode to another, the changes are
prolonged and the frequency distribution stays uniform. On the other hand, the frequency
distribution of the anomalous recording is not as smooth, as can be seen in Figure 5.10b.
It exhibits inconsistent frequency changes without any apparent pattern throughout the

complete recording.
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Figure 5.10: Comparison of Real Recordings Mel-Spectograms

51



5.2 Presentation of Results

The previous observations can also be seen in Figure 5.11 which shows the MFCCs
of both recordings. Figure 5.11a shows consistent color bands in most coefficients in
the normal recording indicating a stable spectral envelope. Apart from the evident the
changes in operating modes in coefficient 0, each coefficient contains a stable spectral
envelope. In contrast, it can be seen from Figure 5.11a that the anomalous recording
exhibits higher variability in the MFCC coefficients. The coefficients 1-12 fluctuate more
intensely during anomalies, showing unstable spectral patterns. Additionally, coefficient

0 shows a lower log-energy suggesting reduced energy in abnormal sounds.
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Figure 5.11: Comparison of Real Recordings MFCCs

Finally, Figure 5.12 shows a comparison of the FFT Amplitude spectrum of both
recordings. The amplitude and frequency distribution shown in Figure 5.12b is signif-
icantly broader compared to the normal recording. The frequency distribution for the
normal recording in Figure 5.12a is much more compact, representing normal operat-
ing conditions. Furthermore, the amplitude peak in the normal recording is 0.010dB
compared to a higher peak in the anomalous recording of over 0.050dB. This is due to
the longer audio file for the normal recording and more distributed acoustic signals in
contrast to the short and noisy signals in the anomalous recording. Furthermore, this still
shows that the anomalous recording contains a wider energy spectrum and more acous-
tic variations in the recordings which correspond to the real anomalies of the pumped
machine.

The observations and visualizations from the real-world dataset in this EDA demon-
strate that while anomalies are less immediately recognizable than in synthetic recordings,
the combined insights from the acoustic waveforms, Mel-spectogram, MFCCs and FFT
analyses still reveal meaningful deviations indicative of anomalous behavior. Unlike the
synthetic dataset, where anomalies were induced arbitrarily and were easily identifiable,
real-world anomalies manifest themselves in a more subtle manner, such as irregular

amplitude spikes, inconsistent frequency distributions, and abrupt spectral shifts. These
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Figure 5.12: Comparison of Real Recordings FFT Amplitude

results underline the value of EDA in providing a comprehensive and multifaceted per-
spective on acoustic signals, enabling the detection of anomalies even in complex and

noisy environments.

5.2.2 Model Performance

This section presents the results of the model trainings on each dataset. The metrics
discussed in Section 3.4 will be used to compare the results of the model trainings

systematically.

5.2.2.1 Washing Machine Dataset

Table 5.2 shows the results of the models performance with the dataset from the washing
machine. With a training time of 7.0023 seconds, the OC-SVM achieved the best
performance on the washing machine dataset, reaching a high ROC AUC of 0.9659
and relatively high precision (0.8905) and recall (0.7679). Furthermore, Figure 5.13b
shows that the model was able to successfully classify most of the anomalies (569 true
negatives). This indicates that boundary learning anomaly detection is highly effective
for this dataset where the anomalies are subtle low-frequency density sounds caused by
the impacting shoes inside the machine.

The K-means model was not able to detect any anomalies (5.13a), having a low ROC
AUC of 0.5871 and 0.0000 of precision and recall. From its confusion matrix, it can also
be seen that 741 normal frames were flagged as anomalous. This is most likely due to the
fact that the model was not able to cluster the density variations in this specific dataset,
and indicating that clustering is not the best approach for the operational fluctuations and
anomalies in the context of low-frequency anomalies in the washing machine dataset.

The LSTM AE achieved decent performance with a ROC AUC of 0.8885 but a low
recall of 0.1943, and only detecting 141 anomalies (5.13c). This could be attributed to the
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fact that the AE struggled to reconstruct the subtle differences in the anomalies because
they are similar to the normal training noise. Additionally, it needed significantly more
training time than the other two models, approximately 48.31 seconds (6525%) more
K-means and 42.04 seconds (601%) more than the OC-SVM. In terms of inference time,
the OC-SVM needed the longest to classify an anomaly (2.0666s), but still remains as a

small inference time in general.

Model Train Time (s) ROC AUC Precision Recall F1 Score Inference Time (s)
K-Means 0.7403 0.5871 0.0000  0.0000  0.0000 0.0270
OC-SVM 7.0023 0.9659 0.8905 0.7679  0.8246 1.9641
LSTM-AE 49.0513 0.8885 0.8521 0.1943  0.3165 0.3669

Table 5.2: Performance Comparison on the Washing Machine Dataset
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Figure 5.13: Comparison of Confusion Matrices for Washing Machine Dataset

5.2.2.2 Synthetic Industrial Machine Dataset

The differences between anomalies and normal operating sound in this dataset are large,
allowing the models to capture the differences in a clearer way. The results are summa-
rized in Table 5.3.

The K-means model achieved near perfect ROC AUC (0.9974) as well as recall
(0.9989) in a short training time of 0.3700 seconds. Furthermore, the OC-SVM had an
almost flawless recall of 0.9994 and almost perfect ROC AUC of 0.9977, demonstrating
again the robustness of boundary decision for anomaly detection. In addition, the training
time of the model was still relatively short at 2.8284 seconds. The LSTM AE had the best
ROC AUC (0.9995) of the three models and very similar results for precision (0.9814)
and recall (0.9972), yet having the slowest training time of 32.8777 seconds. All the

three models had excellent performance and only slight performance differences, but in
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general, taking into account all the evaluation metrics, the OC-SVM still remains one of
the strongest models, despite having the slowest inference time (2.1469 seconds).

This dataset shows the capability of each model to learn high-frequency patterns and
their true potential for detecting anomalies. Nevertheless, it would not be wise to assume
that anomalies always contain high-frequency frames, as this does not always happen

in the real world. This leads us to the next dataset, the real-world scenario for anomaly

detection.
Model Train Time (s) ROC AUC Precision Recall F1 Score Inference Time (s)
K-Means 0.3700 0.9974 0.9825  0.9989  0.9906 0.0275
OC-SVM 2.8284 0.9977 0.9615  0.9994 0.9801 2.1469
LSTM-AE 32.8777 0.9995 0.9814  0.9972  0.9893 0.4765

Table 5.3: Performance Comparison on the Synthetic Industrial Machine Dataset
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Figure 5.14: Comparison of Confusion Matrices for Synthetic Dataset

5.2.2.3 Real Industrial Machine Dataset

Finally, the real anomaly dataset represents a real-world scenario where the models could
actually be used in production. Table 5.4 summarizes the results of each models training
for this dataset. Due to the considerably larger dataset, all models required more time
for training. K-means was the fastest at 5.2506 seconds, followed by the OC-SVM at
55.5363 seconds and the LSTM AE at 145.2456 seconds.

Both the OC-SVM and AE had great detection performance with ROC AUC of 0.9976
and 0.9974, respectively, and perfect recall of 1.0000, detecting all the anomalies in the
dataset. K-means remained behind them but still exhibited great detection performance
with a ROC AUC of 0.9618 and 0.8605 recall. Additionally, its inference time (0.0430
seconds) 1s much shorter compared to the other models, especially to the OC-SVM
(12.1680 seconds).
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Model Train Time (s) ROC AUC Precision Recall F1 Score Inference Time (s)

K-Means 5.2506 0.9618 0.1917  0.8605  0.3136 0.0430
OC-SVM 55.5363 0.9976 0.1503 1.0000 0.2614 12.1680
LSTM-AE 145.2456 0.9974 0.2194  1.0000  0.3598 0.8667

Table 5.4: Performance Comparison on the Real Industrial Machine Dataset

In general, the precision of the models was low though; 0.1917 for K-means, 0.1503
for OC-SVM and 0.2194 for the LSTM AE. This can also be seen in Figure 5.15, where
K-means had 156 (5.15a) falsely detected anomalies, the OC-SVM 243 (5.15b), and the
LSTM AE 150 (5.15¢). So in general, in can be seen that the models achieved high recall
(especially the OC-SVM and LSTM AE) but at the cost of precision.
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Figure 5.15: Comparison of Confusion Matrices for the Real Industrial Dataset

5.3 Discussion & Comparative Analysis

This section brings together the findings from the EDA and model evaluations, providing
a comprehensive review of the performance of both the EDA and the ML models for
detecting anomalies in a high-altitude hydroelectric plant. The analysis reveals critical
insights into the models efficacy, computational advantages, and the role of the EDA
in bridging acoustic theory with anomaly detection, a core contribution of this work.
Furthermore, it establishes the significance of the findings as a further step into improving
anomaly detection systems which will allow industrial companies, or in this case a high-
altitude hydropower plant, to improve their PAM strategies and detect mal-functions to
avoid overhead costs for unnecessary maintenance. Ultimately, this thesis presents a
comparative evaluation of the best found approaches for building an effective ADS in

order to detect anomalies in industrial settings.
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The EDA served as a foundational pillar for providing a thorough understanding of
the datasets by visualizing the unique insights into the acoustic properties of each of
them.

For the washing machine dataset, the identification of low-frequency anomalies
through the Mel- and STFT-spectograms and the spectral centroid analysis 5.2 explained
OC-SVM'’s superior performance (ROC AUC: 0.9659), as boundary-based methods
excel at detecting subtle deviations in such distributions. Conversely, K-means’ failure
(precision: 0.000) aligned with the EDA’s revelation of overlapping density patterns
between normal and anomalous clusters, underscoring the limitations of centroid-based
clustering in low-separation scenarios. Thus, the preliminary findings in the EDA can
already give a decent idea of what is behind the recordings and what can be expected
from the model trainings.

Furthermore, the EDA’s clear visualization of high-frequency anomalies (Figure 5.7)
in the synthetic dataset justified the near-perfect performance of all models (ROC AUC
>(0.9974) and anomalous energy shifts were also found in the wavelet coefficients of the
audios, reinforcing the visibility of engineered anomalies introduced in the environment.

In terms of real-world scenarios, the EDA demonstrated a dual role in its usability:
while Mel-spectrograms and MFCCs revealed subtle anomalies (Figure 5.10), they also
highlighted challenges such as persistent background noise and overlapping spectral
patterns. These are factors that contributed to the models degraded precision (0.15-0.21)
despite high recall (0.86—1.00). This duality reinforces the thesis’s emphasis on EDA
being not only a diagnostic tool for anomaly characterization but also as a strategic
guide for addressing real-world challenges, providing robustness to the proposed PAM
framework.

The chosen evaluation metrics and results found in the performance comparison of
the trained models - K-means, OC-SVM and LSTM AE - revealed significant trade-offs
in detection accuracy and computational efficiency.

In the washing machine dataset, the OC-SVM achieved a good balance between high
ROC AUC (0.9659), precision (0.8905), and recall (0.7679), aligning well with the EDA
insights that indicated clear but subtle acoustic deviations. The K-Means model however,
struggled to effectively cluster the small differences in density variations and ended up
having poor anomaly detection performance (ROC AUC: 0.5871), not being able to

identify any of the anomalies (precision and recall: 0.0000). Furthermore, even though
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the LSTM AE reached decent ROC AUC (0.8885), the low recall (0.1943) suggests that
the AE could not reconstruct the anomalies easily.

The synthetic dataset showed, that in optimal controlled environments, all models can
perform extremely well. Although the anomalies were more clearly visible, as seen in
the EDA, even lightweight models could achieve near-perfect model performance (ROC
AUC>0.9974). However, in the real industrial machine dataset, where the length of the
video, noise and complexity of the acoustic signals were more complex, it proved to
be more challenging to detect anomalies due to broader energy distributions. This also
leads to the observation that further hyperparameter tuning or hybrid modeling could
potentially enhance precision without compromising sensitivity. In the end, the systematic
comparison of the models performance provided in this thesis serves as a baseline for
future works or companies to compare the distinct trade-offs that each model poses.
In the synthetic environment, where all models had similar performance scores (ROC
AUC >0.9974, Precision>0.9615, Recall>0.9972 and F1Score>0.9801) the training and
inference time could be a deciding factor for a hydropower energy plant that needs real
time and cheap computational models compared to another manufacturer who can allow
himself more time but needs the models to be more accurate. The potential trade-offs in

choosing a model can be summarized in the following points:

* OC-SVM (Boundary Leaning): The model dominated in scenarios that required
sensitivity to subtle acoustic deviations, achieving the highest ROC AUC (0.9659-
0.9976) in two datasets. In addition, its computational efficiency (training time:
2.8-55.5s) aligns with the thesis objectives of developing deployable solutions for

industrial settings.

* K-means (Clustering): Performed well under synthetic conditions (ROC AUC:
0.9974) but failed with overlapping distributions (washing machine ROC AUC:
0.5871), underlining its niche applicability depending on the dataset. However, its
fast inference (0.027-0.043s) could support real-time anomaly detection, but with

limited robustness.

* LSTM AE (Temporal pattern recognition): Demonstrates resilience to noise in
real-world data (ROC AUC: 0.9974) but suffers from high training overhead (145s).
While the model can capture temporal dependencies which aligns with the goals of
this thesis to focus on robust ADSs, the models complexity and training overheads

could hinder its scalability.
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In summary, the proposed hybrid approach for an anomaly detection system highlights
the significance of not only training a model to predict anomalies but also the process
of understanding the audio samples and seeing why some models work better than
others for a specific dataset. Although the LSTM AE was the most sophisticated model
tested and probably the most common one used in the industry, it was possible to show
that cheap computational models like the OC-SVM can perform even better than the
LSTM AE in certain scenarios. The OC-SVM is proof that a hybrid approach for
anomaly detection can be more beneficial to an analysis given its excellent performance
and computational efficiency. In that sense, this framework successfully analyzes the
applicability of acoustic sensing to detect anomalies in hydropower plants and achieved
good results in both controlled environments and real-world scenarios. Furthermore,
it also proved that a hybrid approach, where multiple models work alongside to detect
anomalies, can bring more value to the final results and provide a collective impact
on the performance of the anomaly detection system. This marks a huge step for the
industry, given that anomaly detection systems can use lightweight computational models
using real-time analysis to detect anomalies. This also reduces the complexity barrier
for companies to develop their own solutions for anomaly detection systems, making a
headway for optimized PdM in high-cost industrial environments like hydropower plants,

where minutes of downtime can incur significant losses.
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Chapter 6

Conclusions & Future work

6.1 Summary

This thesis explored the feasibility and efficacy of using acoustic sensing for anomaly
detection in a high-altitude hydropower plant. The proposed framework was tested on a
range of datasets, from synthetic to real-world acoustic recordings from an operational
high-altitude power plant. Through the EDA and subsequent model training, it was shown
that the anomalies could be successfully identified even in challenging environments such
as in the real-world scenario.

A standout result was the performance of the OC-SVM, which outperformed K-
Means and LSTM AE under both controlled and real-world conditions. This shows
the effectiveness of boundary decision algorithms for anomaly detection, even with
minimal training and inference times. In that sense, a contribution of this thesis is that
simpler, computationally lightweight algorithms can also be used to detect anomalies and
potentially outperform more sophisticated ones under certain conditions.

The LSTM AE also demonstrated good performance, especially in the synthetic and
real industrial dataset, but needed much longer training times compared to the other
models. K-Means showed strong performance in the synthetic and real industrial dataset
too, but lacked robustness in more ambiguous scenarios such as the washing machine
dataset.

The implementation and results of this thesis can be publicly accessed on Github:

https://github.com/nico-keller/acoustic-sensing-anomaly-detection.

6.2 Final Considerations

The research carried out in this thesis validated the use of acoustic sensing for anomaly

detection in a high-altitude hydropower plant, validating its utility in predictive mainte-
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nance systems. The integration of the EDA into the framework served as an essential
component not only for preprocessing the dataset, but also for revealing insights about
their acoustic patterns and offering a holistic perspective on the datasets. Techniques
such as visualizing the raw waveforms, Mel- and STFT-spectogramms, MFCCs, and FFT
amplitude analyses proved to be highly relevant for identifying anomalies even before
any machine learning was applied.

Through a systematic comparative evaluation of different ML models, it became
clear once again that there is no universal best model for anomaly detection. In this
thesis, the OC-SVM showed the best performance and computational efficiency all round.
The LSTM AE was also effective for datasets with clearer temporal patterns, while the
K-Means was most suitable for high-contrast synthetic anomalies but less so for noticing
small subtleties as in the washing machine dataset. This can be seen as an opportunity
for hydropower plants to integrate multiple ML models into their pipelines to detect
anomalies and not having to rely on only one model.

The challenges encountered in this thesis are the scarcity and imbalance of anomaly
data and the inherent noise in real-world recordings. On the one hand, having only a
handful of anomalies to test the models limits their potential and precision, especially in
the case of the real dataset. In addition, minor inconsistencies in data acquisition, such as
background noise, also left a noticeable mark on the datasets. Although the preprocessing
steps in the notebooks use noise reduction techniques to hinder the effects of background
noise, it was still evident in the EDA. These findings highlight the importance of clean
data acquisition and robust processing techniques to overcome these issues.

Another relevant finding is the demonstrated value of a hybrid approach for anomaly
detection systems. By integrating a thorough EDA and multiple ML models with com-
plementary strengths, the framework achieved more reliable results and error-tolerant
detection capabilities, which is crucial for high-altitude hydropower plant. This further
supports the idea that hybrid anomaly detection systems, particularly those that include
lightweight computational models, can be effective and scalable in real-world scenarios
for industrial deployment.

In conclusion, this thesis established a solid foundation for acoustic sensing in
predictive maintenance. The findings demonstrate the high effectiveness and potential of
classical ML algorithms in real-world scenarios and highlighted the value that a hybrid
approach yields in such an anomaly detection system. Thus, this proposed framework

serves as an effective and practical foundation for real-time anomaly detection in high-
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altitude hydropower plants with the objective of improving predictive maintenance, where

operational downtime translates into financial losses.

6.3 Future Work

Given that one of the biggest challenges encountered in this thesis was the scarcity of
data, future research should focus on expanding the datasets to include a broader variety
of operational scenarios and to avoid imbalanced datasets. This would enhance model
training and validation, allowing for more generalizable results.

Another primary area for improvement would be to integrate the findings of the
EDA to dynamically adjust the model hyperparameter and achieve even better training
results by automatically adapting the models to each dataset. For instance, a model could
adapt its hyperparameters depending on the noise level or frequency distributions of a
given dataset revealed in the EDA. This would allow the anomaly detection system to
automatically adapt itself to the dataset and thus increase performance and precision
without human intervention. This could also pave the way for universal systems that
could be introduced in any industrial setting for real-time monitoring.

Furthermore, noise-resilient approaches should be further investigated so that noisy
environments are no longer limited when training ML models. Techniques such as
adaptive filtering, transfer learning, or data augmentation could potentially improve

real-world performance and lead to more robust anomaly detection frameworks.
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Appendix A
Exploratory Data Analysis Results

A.1  Washing Machine Dataset

This section presents the EDA results for the Washing Machine dataset.
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Figure A.1: Comparison of Anomalous and Normal Recordings Raw Waveforms
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Figure A.2: Comparison of Anomalous and Normal Recordings Mel-Spectograms

Metric Anomalous Normal

Spectral Centroid (Hz) 2945.91 3962.37

Spectral Rolloff (Hz) 6020.86 8502.82

Spectral Contrast { 14.62, 8.23, 12.23, 16.38, 14.08, 14.93,20.17 }  { 14.40, 8.30, 12.23, 16.40, 13.88, 15.50, 18.83 }
Zero Crossing Rate 0.047 0.070

Table A.1: Spectral Metrics for the Washing Machine Dataset
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Figure A.3: Comparison of Anomalous and Normal Recordings MFCCs
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Figure A.4: Comparison of WM Recordings FFT Amplitude
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A.1 Washing Machine Dataset
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Figure A.6: Comparison of Anomalous and Normal Recordings Wavelet Coefficients
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A.2 Synthetic Dataset

A.2  Synthetic Dataset

This section presents the EDA results for the Synthetic dataset.
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Figure A.7: Comparison of Anomalous and Normal Recordings Raw Waveforms
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Figure A.8: Comparison of Anomalous and Normal Recordings Mel-Spectograms

Metric Anomalous Normal

Spectral Centroid (Hz) 2194.10 1595.73

Spectral Rolloff (Hz) 4890.26 3675.63

Spectral Contrast { 20.04, 8.14, 12.43,15.52, 14.22, 17.46,2791 }  { 20.78, 8.73, 12.10, 15.74, 13.65, 16.13, 28.39 }
Zero Crossing Rate 0.029 0.016

Table A.2: Spectral Metrics for the Synthetic Dataset
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A.2 Synthetic Dataset
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A.2 Synthetic Dataset
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A.3 Real Industrial Machine Dataset

A.3 Real Industrial Machine Dataset

This section presents the EDA results for the Real Industrial Machine dataset.
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Figure A.13: Comparison of Anomalous and Normal Recordings Raw Waveforms
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Figure A.14: Comparison of Anomalous and Normal Recordings Mel-Spectograms
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Figure A.15: Comparison of Anomalous and Normal Recordings MFCCs
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A.3 Real Industrial Machine Dataset

Metric A 1 Normal

Spectral Centroid (Hz) 1953.99518 1758.28663

Spectral Rolloff (Hz) 4321.02606 3948.34216

Spectral Contrast { 18.88061, 9.75598, 12.37520, 15.49265, 13.50399, 16.23916, 26.45347 }  { 17.49419, 8.52598, 11.99904, 16.88300, 13.46328, 15.95403, 27.69915 }
Zero Crossing Rate 0.02382 0.02373

Table A.3: Spectral Metrics for the Real Industrial Dataset
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Figure A.16: Comparison of Real Recordings FFT Amplitude
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Figure A.18: Comparison of Anomalous and Normal Recordings Wavelet Coefficients
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Appendix B

Model Performance Results

B.1 Washing Machine Dataset

This section presents the results of the model training performance for the Washing

Machine dataset.

Model Train Time (s) ROC AUC Precision Recall F1 Score Inference Time (s)
K-Means 0.7403 0.5871 0.0000  0.0000  0.0000 0.0270
OC-SVM 7.0023 0.9659 0.8905 0.7679  0.8246 1.9641
LSTM-AE 49.0513 0.8885 0.8521 0.1943  0.3165 0.3669

Table B.1: Performance Comparison on the Washing Machine Dataset
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Figure B.1: Comparison of Confusion Matrices for Washing Machine Dataset
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Figure B.2: Comparison of ROC AUCs for Washing Machine Dataset
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B.2 Synthetic Dataset

B.2  Synthetic Dataset

This section presents the results of the model training performance for the Synthetic

dataset.
Model Train Time (s) ROC AUC Precision Recall F1 Score Inference Time (s)
K-Means 0.3700 0.9974 0.9825 0.9989  0.9906 0.0275
OC-SVM 2.8284 0.9977 0.9615 0.9994  0.9801 2.1469
LSTM-AE 32.8777 0.9995 0.9814  0.9972  0.9893 0.4765

Table B.2: Performance Comparison on the Synthetic Industrial Machine Dataset
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Figure B.3: Comparison of Confusion Matrices for Synthetic Dataset
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Figure B.4: Comparison of ROC AUC:s for Synthetic Dataset
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B.3 Real Industrial Machine Dataset

B.3 Real Industrial Machine Dataset

This section presents the results of the model training performance for the Real Industrial

Machine dataset.

Model Train Time (s) ROC AUC Precision Recall F1 Score Inference Time (s)
K-Means 5.2506 0.9618 0.1917 0.8605 0.3136 0.0430
OC-SVM 55.5363 0.9976 0.1503 1.0000 0.2614 12.1680
LSTM-AE 145.2456 0.9974 0.2194 1.0000  0.3598 0.8667

Table B.3: Performance Comparison on the Real Industrial Machine Dataset
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Figure B.5: Comparison of Confusion Matrices for Real Industrial Machine Dataset
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Figure B.6: Comparison of ROC AUC:s for Real Industrial Machine Dataset
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