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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
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Chapter 1

Introduction

In industrial sectors, such as manufacturing, transportation, and energy production,
the ef ciency 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 signi cant
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 signi cant
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 uctuating 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 Il

Predictive maintenance (PdM) has emerged as a vital strategy to minimize downtime
and enhance operational ef ciency [3]. The common premise of PdM is that by constant



monitoring of mechanical conditions and operational ef ciency, the systems will provide
the necessary data to ensure anticipated minimal repair times and reduce the costs of
unplanned outages. In reality though, PdM is much more than that; it is the means of
improving product quality, productivity, and overall ef ciency for large machinery [67].

In practice, however, PdM refers to the intelligent monitoring of industrial equipment

to avoid future failures [74]. Using data-driven technologies such as Internet-of-Things
(loT) 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 PdM [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 ef ciency of older hydropower facilities, ensuring their
long-term reliability and safety. The speci ¢ 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 PdM 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 arti cially. 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 PdM 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 ndings of the
proposed anomaly detection system and discusses the results and their contribution
to this thesis.

» Chapter 6: Conclusions & Future Work - The nal chapter summarizes the
ndings, 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. Speci cally, 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 arti cial 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 PdM 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 signi cant opportunities for businesses to
improve their productivity and ef ciency [109].

» Cost ef ciency: 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, PdM itself can be expensive.
Most businesses do not have the resources or personnel to develop their own PdM
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 advancementsThe 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 con dence 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 speci c 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 identi cation 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 rst 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 (DWa&ims to represent a discrete
time seriesx(n), as a set of wavelet coef cients [87]. It decomposes a signal
into approximation and detail coef cients, enabling the suppression of noise while
retaining essential signal characteristics [13, 61]. The mathematical representation
of DWT is:

X(j;K) = & x(N)y jx(n) (2.1)

wherey j.(n) represents the wavelet basis function at s¢gad@d translatiork.
Wavelet transforms in which the wavelets are continuously sampled is referred to
as a Continuous Wavelet Transform (CWT) [10].

2. Adaptive Filtering : Adaptive Iters 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 Iter coef cients iteratively to minimize
the mean square error between output and desired signal [33]:

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

wheremis the learning rateg(n) is the error signal, ang(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 xed range, typically [0,1] or [-1,1]
[17]:

X Xmi
L (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 functionw(n). Fixed windowing is simple and computationally ef cient

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 prede netop sizg4, 97]. If F is the frame size and
H is the hop size, the number of overlapping frariiesan be computed as:

Nf = +1 (2.4)

whereT is the total number of time steps.

2.1.2.5 Feature Extraction

Audio feature extraction is the process of nding insightful characteristics from audio
signals to create compact and representative samples that can be ef ciently 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 Coef cients (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 re ect how humans perceive sound. [1, 21, 34]:

f
m= 2595log, 1+ =00 (2.5)

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

2. Spectral Features:A Mel-spectogram transforms the frequencies of an audio le
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) = & X(f;t)Hm(f) (2.6)
f
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whereS(m;t) is the Mel-spectrogram at tinte X( f;t) is the frequency represen-
tation of the signal, anHi,(f) are the Mel Iters. This conversion represents the
audio signal in a time-frequency plot [44] as can be seen in Figure 2.1.

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 identi cation and diag-
nosis of anomalies within acoustic signals [98]. It is a statistical method used to estimate
how the total power of a nite 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 ef cient computational
algorithm to compute the Discrete Fourier Transform (DFT) of a sequence from a
time domain to the frequency domain [16]. The algorithm has signi cant savings
in computer time, having a complexity @f(nlog2n) [12]. For spectral analysis,
this transformation represents a signi cant part in the identi cation 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:

N 1

X(K) = & x(n)e 1Tk 2.7)
n=0

10
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wherex(n) represents the signal in the time domainis the number of samples
andX(Kk) 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 de ned as
follows:
Zy
X(t; f) = , x(t)w(t  t)e 12Tt (2.8)

wherew(t t) is a window function centered at tinbe

. 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 de ned as
follows:
1 ‘¥ t b
W(ab)= p—= x(t)y —— dt (2.9)
a ¥ a

wherey (t) is the mother waveleg is the scale parameter, ahds 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 signi cant role in the preparation of data for
analysis. However, identifying anomalies requires more robust classi cation and pattern
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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 eld 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 classi cation
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 signi cant 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 classi cation and regression
tasks, supervised learning is often impractical due to the dif culty 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
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scenarios [69]. For instance, they are well suited for anomaly detection because they
do not rely on prede ned 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 metleogls (
K-means, DBSCAN), dimensionality reduction techniqueg (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 speci ¢ goals. Unlike supervised learning, which relies on
xed 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 eld with diverse
applications in robotics, nance, 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 signi cantly, 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 lEryythf a data point
x in the isolation trees [58]:

h(x)

s(x;n)= 2 «m (2.10)
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wheren is the number of sampleb(x) is the average path length xfandc(n) is the
average path length of an unsuccessful search in a binary tree:

2(n 1)

c(n)= 2H(n 1) -

(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 replagesriginal variables by a smaller
number,q, 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 lter noise and highlight signi cant deviations from normal data.

2.1.4.4 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]:

J= 34 & k¢ mk’
k= 1x;2Cy
wherel is the total intra-cluster varianck,denotes the number of clustexsis a data
point in clusteiCy, andny is the centroid (mean) of the points@.

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.¢., normal acoustic signals). Thus, anomalies are classi ed
as data points that fall signi cantly 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 classi ed as anomalies [55].

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 ef ciently identi es 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
Speci ¢ 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 speci cally 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 CNNs SVM, KDE, DCAE and slide rails in industrial environments.
[65] Real-world MFCC, STFT, Mel- OC-SVM, AE Comparison of AE architectures to nd 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,
re, 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 speci ed SVM, K-means, KNN, 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 speci ¢ 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 classi cation metrics on their synthetic dataset. This
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demonstrates the potential of hybrid models to improve classi cation accuracy and
robustness.

» Muller et al. (2020) [57]: This study stands out due to its approach of extracting
features using neural networks pre-trained on image classi cation 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 eld. 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 speci c 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 dif cult 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.
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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 exibility, 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 ef cient 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.
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