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Abstract

Pumped-storage hydropower underpins grid-scale �exibility for renewable generation,

but its frequent mode changes expose a weakness of acoustic fault diagnostics: when the

operating regime shifts, the baseline signature moves with it and unimodal detectors raise

synchronized false alarms, a domain shift con�rmed on the industrial Rodundwerk II

(ROW II) machine. This thesis asks a sharper question than the usual fuse-and-condition

remedy: at realistic data scale, when does jointly trained multimodal fusion earn its

complexity over simpler unimodal, late-fusion, or classical alternatives? It answers with

a leakage-controlled comparison across anomaly detection and source localization.

Because ROW II recordings could not be released in time, the study uses a 3D-

printed, reduced-scale turbine prototype recorded over �ve campaigns. A single chained

system combines per-modality convolutional encoders, a cross-attention stage that learns

a self-supervised context vector, a context-conditioned normalizing-�ow anomaly head,

and a localization head fusing a classical steered-power map with structure-borne time-

difference features, all under recording-level splits. The available anomalies are induced

casing impacts, which bounds the claims.

The verdict is consistent and partly unexpected: no fusion paradigm dominates, and

parameter-free or single-pathway combinations repeatedly match or beat joint training.

Conditioning the anomaly head on recovered context helps only slightly; robustness

comes instead from a parameter-free late-fusion AND rule whose healthy alert rate stays

near-zero and calibrated as conditions change. Localization is geometry-bound, with the

accelerometer time-difference pathway transferring best to roughly0:11to 0:13m, while

of�ine mining of the real ROW II supervisory-control archive recovers the operating mode

at up to0:96nats of mutual information on real-turbine data. At this scale, disciplined

parameter-free use of the learned components beats end-to-end joint training, leaving

whether fusion eventually overtakes them a falsi�able, data-scale-dependent prediction.
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Chapter 1

Introduction

The global energy system is undergoing a structural transformation driven by binding

climate commitments and national decarbonization strategies, as centralized fossil-fuel

plants give way to decentralized, weather-dependent renewable generation. The Inter-

national Energy Agency projects global renewable power capacity to grow by nearly

4,600 GW between 2025 and 2030, double the pace of the preceding �ve years, with

variable renewable energy (VRE) sources, chie�y solar photovoltaics and wind, account-

ing for roughly 95% of all new additions [50]. This shift is indispensable for Net Zero

Emissions (NZE) targets, but it introduces a structural vulnerability: as inverter-based

generation displaces synchronous thermal machines, power grids lose the rotational

inertia that once resisted frequency deviations and stabilized active power balance [43,

103, 112]. Compensating for this erosion demands responsive, dispatchable storage at

grid scale, and among the available technologies pumped-storage hydropower (PSH) has

consolidated its position as the primary stabilizing backbone of clean power systems [52,

130]. Hydropower remains the world's largest source of renewable electricity, supplying

about 14.3% of global electricity demand, and global PSH capacity stood at roughly

189 GW by end-2024, forecast to add 16.5 GW annually by 2030 as the need for �exibility

accelerates [50, 51].

These dynamics are acutely apparent in Austria, where hydropower accounted for

up to 67% of domestically generated electricity in 2024, from a total installed capacity

of 14,130 MW with a substantial pumped-storage share [51, 52]. The national energy

strategy targets 100% renewable electricity generation by 2030,[4, 28] which places an

unprecedented premium on the �exibility, ef�ciency, and continuous availability of the

existing pumped-storage �eet [4, 113].

Continuous �exible operation, however, carries profound mechanical consequences.

Pumped-storage plants were historically engineered for steady-state baseload generation
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or predictable peak-shaving schedules. Today, their Francis pump-turbines must execute

frequent start-stop cycles, sustain extended operation in deep part-load regimes, and

function in phase-shifting mode to supply reactive power on demand [76, 97]. These

regimes subject the hydraulic machinery to severe transient phenomena including vortex

rope formation, high-frequency �uid-structure interactions, intense pressure pulsations,

and acoustic cavitation [61, 76, 100]. Over time, these stresses accelerate structural

fatigue: micro-fractures propagate in runner blades,[76, 100] guide vane linkages wear

progressively,[20] and critical thrust and journal bearings degrade prematurely [9, 20].

Unplanned outages in high-capacity PSH units carry economic losses that extend well

beyond repair costs to the disruption of grid balancing services [8, 9].

These pressures have catalyzed a paradigm shift in asset management. The hy-

droelectric industry is actively transitioning from reactive and time-based preventive

maintenance to data-driven Predictive Maintenance (PdM) [9, 39, 61]. PdM seeks to

optimize component lifetime by continuously estimating machine health from sensor

data, identifying degradation trends before the operational impact becomes irreversible [9,

39]. Conventional approaches, however, rely on macroscopic indicators such as elevated

bearing temperatures or vibration amplitudes that only trigger alerts when deterioration is

already well-advanced and potentially irrecoverable [9, 28]. There is therefore an urgent

scienti�c and industrial imperative to develop diagnostic systems capable of detecting

and localizing incipient faults at their earliest emergence, long before conventional alarm

thresholds are reached [39, 61].

Several sensing modalities have been proposed to meet this need, including thermal

imaging, electrical signature analysis, and oil-debris monitoring [9, 61]. Recent studies

show that the combination of acoustic and vibration signals yields higher fault-detection

accuracy than either modality alone [25, 57]. Acoustic emissions respond to micro-

fractures, cavitation, and blade-wake interactions that precede most mechanical failures.

In isolation, however, acoustic signals suffer from severe ambiguity in the subterranean

machine room of a PSH plant, where massive concrete walls, steel spiral casings, and

complex networks of penstocks and draft tubes aggressively re�ect and scatter sound

waves, producing a complex superposition of direct and multiply re�ected paths at every

microphone [56, 77]. When multiple auxiliary systems such as cooling fans, governor oil

pumps, and compressor units operate concurrently, their broadband emissions mask the

subtle, high-frequency signatures of incipient faults [56, 61].
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Figure 1.1: Schematic of the domain-shift failure mode. A detector calibrated on

TURBINE-mode data �res a synchronized burst of false alarms across a healthy TU! PU

transition, because the healthy PUMP baseline sits above the TURBINE-�t threshold.

Illustrative, not measured.

This acoustic ambiguity makes fault localization highly unreliable when attempted

from sound alone. An anomaly detected in the audio stream may originate from the upper

generator assembly, the lower hydraulic turbine housing, or an entirely separate auxiliary

system. The challenge is compounded by the inherent non-stationarity of reversible

pump-turbines: the baseline acoustic and vibratory signature in Turbine (TU) mode is

fundamentally different from those in Pump (PU) or Phase-shifting (PH) mode [47].

A static anomaly detection model applied uniformly across all modes will inevitably

misclassify the routine acoustic shift accompanying a mode transition, such asTU ! PU ,

as a catastrophic fault, producing an unmanageable rate of false-positive alarms. This

phenomenon, known as domain shift, is the central failure mode of unimodal acoustic

diagnostics and fundamentally undermines their operational reliability [47]. It was

observed directly at industrial scale by Khamaisi et al., whose otherwise near-perfect

acoustic anomaly detectors generated a synchronized spike of false alarms during a

�ve-second generation-to-pumping transition that plant personnel con�rmed as entirely

normal machine behavior [65]. Current literature offers no systematic investigation of

synchronized multimodal sensing combined with context-aware deep learning models

capable of adapting to such domain shifts in the setting of large-scale pumped-storage

hydropower.
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Industrial Context and the Move to a Prototype

This thesis was initiated in direct cooperation with illwerke vkw AG, the operator of the

Rodundwerk II (ROW II) pumped-storage facility in Vorarlberg, Austria [49]. ROW II

was the intended object of study throughout. Commissioned in 1976 and comprehensively

rehabilitated between 2009 and 2011, it houses a single reversible Francis pump-turbine

that delivers 295 MW in turbine mode and consumes up to 286 MW in pump mode at

a nominal rotational speed of 375 rpm [48]. The machine operates across four steady

regimes, Standstill (ST), Turbine (TU), Pump (PU), and Phase-shifting (PH), each impos-

ing a fundamentally different physical loading on the machinery [49]. The brief intervals

between these regimes are mode transitions rather than separate operating modes, and

they are precisely where unimodal detectors fail most often. The original intention was

to develop and validate the proposed diagnostic architecture directly on operational data

recorded at the ROW II machine.

That plan could not be realized, because the operational recordings from ROW II

could not be released within the timeframe of this work. A low-rate supervisory-control

archive of the machine was eventually released, but too late in the project, and in too

coarse a form (one-hertz process channels rather than the high-rate acoustic and vibration

recordings) to serve as the object on which the diagnostic architecture is trained and

validated. Rather than abandon the scienti�c objectives, the investigation was carried out

instead on a 3D-printed, reduced-scale Francis turbine prototype that mimics the ROW II

machine at laboratory scale. This fallback carries three consequences that must be stated

plainly. First, the prototype is much smaller than the 295 MW industrial machine and

does not preserve its absolute scale, power, or hydraulics. Second, neither the rig nor its

instrumentation matches the hardware a production plant would use: the microphones

and accelerometers available for this work are less capable than industrial-grade sensors,

and the housing is 3D-printed plastic rather than steel and reinforced concrete. Third,

and most consequentially for the detection results, the anomalies recorded on the rig

are deliberately induced casing impacts (“knocks”) rather than the naturally occurring

incipient faults, such as cavitation, crack propagation, or bearing wear, that motivate the

work. A knock is a broadband impulsive event that excites both modalities at once, which

makes it a convenient but comparatively easy anomaly target; the detection numbers

therefore establish a method and a relative ordering between paradigms rather than a

sensitivity to real incipient damage, and this bound is revisited in Chapter 7.
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The methodology nonetheless transfers, because the problems it targets are invariant

to scale. The questions of how to fuse acoustic and vibration streams, how to infer the

machine's operating context without manual labels, how to attribute an anomaly to a

physical location inside a reverberant housing, and how to remain calibrated across abrupt

shifts in operating condition do not depend on the absolute size of the turbine; they arise

from the structure of the signals and the geometry of the sensor array, both of which the

prototype reproduces. Where prototype scale materially constrains a result, this is �agged

explicitly, and the limitations of the laboratory setting are revisited in the discussion of

Chapter 7.

Two differences from the �eld machine must nevertheless be made explicit. First, the

prototype reproduces three of the four operating modes, ST, PU, and TU, but not PH, and

each mode was recorded in isolation rather than capturing the mode-to-mode transition

events themselves. These three modes constitute the operational context that the model

is required to recover without supervision: in the later campaigns the operating mode is

genuinely present in the signal but was never annotated, and is instead discovered post

hoc by clustering the learned context representation. Second, the later campaigns vary an

added background-noise fan across three levels, denoted speed1 through speed3; these

are acquisition settings rather than operating modes, and are pooled when the encoder

learns its context representation (Chapter 3).

Because the corpus contains no transition events, robustness to a change of operating

condition is measured not across a real transition but by a threshold-transfer protocol

on the steady recordings, detailed in Chapter 5, while the transition event itself is ap-

proximated separately by synthetic crossfades. This is a partial proxy: it tests whether

a calibrated decision boundary survives a change of steady operating and acquisition

condition, not the abrupt regime change of a �eldTU ! PU transition, and that gap is

revisited in Chapter 7.

The prototype data was not collected as a single �xed dataset. It grew over �ve

recording campaigns, denoted D1 through D5, each one extending the sensor array or

re�ning the acquisition protocol of the one before. The array combines airborne acoustics

and structural vibration: between four and nine microphones across the campaigns,

together with four to �ve accelerometers mounted on the casing wall. Operating mode

is labeled explicitly only in the �rst two campaigns (D1 and D2); the later three (D3,

D4, and D5) hold the mode �xed and instead vary the speed1–speed3 noise conditions.

The acoustic and vibration streams share an acquisition trigger, but hardware-level
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alignment between them is not guaranteed, particularly for the raw-vibration stream, so

a custom cross-modal synchronization step veri�es and, where necessary, corrects the

offset between the two streams so that they can be fused reliably both for this corpus

and for future �eld data. The prototype, its sensor array, the �ve campaigns, and the full

preprocessing pipeline are described in Chapter 3.

Research Questions

The central research question addressed in this thesis is:

To what extent can latent representations of operational context be extracted

from multi-modal sensor streams (acoustic and vibration), and does condi-

tioning anomaly detection and source localization on these representations

improve performance under domain shifts?

This question is pursued in a deliberately adversarial form. The prevailing assumption

in the multimodal fault-diagnosis literature is that fusing modalities and jointly training

a shared representation improves on simpler alternatives. Rather than assume that gain,

this thesis tests it directly, treating each research question as a leakage-controlled, head-

to-head contest between the unimodal, late-fusion, and intermediate (jointly trained)

paradigms, and asking at what data scale, and for which task, a jointly trained fusion

model earns its added complexity over a parameter-free or single-pathway alternative.

The deliverable of this framing is a map of which paradigm wins which operating point,

and the chained architecture developed in Chapters 3 and 4 is the testbed through which

each paradigm is tried rather than a system assumed to win. A measured result in which

a parameter-free alternative matches or beats the jointly trained model is therefore a

designed outcome of the comparison, not a shortfall of the architecture.

More speci�cally, this thesis addresses four questions:

• Which multimodal fusion strategy best captures cross-modal dependencies between

acoustic and vibration signals for the purpose of operational context learning?

• To what extent does conditioning anomaly detection on the inferred operational

regime reduce false positive rates caused by domain shifts during mode transitions?

• How effectively can a source localization model exploit the fused representation and

TDOA features to spatially attribute detected anomalies within the turbine housing?
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• Does incorporating complementary supervisory signals such as temperature and

pressure reduce residual uncertainty and further improve detection and localization

performance? This fourth question is posed from the outset as a deployment-

feasibility analysis, answered by of�ine mining of the real plant archive and a

wiring check on the prototype, rather than as a hypothesis the prototype corpus can

settle, for the reason given immediately below.

The fourth question cannot be settled in full with the data on which the system is

trained, because the prototype corpus contains only acoustic and vibration channels

and carries no temperature, pressure, or SCADA signals. It is therefore retained as an

exploratory constraint that scopes the present work rather than as a question the prototype

alone can answer. It is nonetheless addressed in two partial ways. First, the conditioning

pathway is exercised on the prototype with the recorded operating-condition token as

a stand-in supervisory variable to test the end-to-end mechanism. More substantively,

the real ROW II data, delivered by the company after the prototype experiments were

complete, is mined of�ine: an information-theoretic ranking of its process channels is

conducted to investigate whether the operating context is recoverable, and to explore

which speci�c channels a �eld deployment might route into the supervisory vector. What

remains for future instrumented campaigns is the one part neither source can supply, a

per-fault validation of supervisory conditioning on a machine that carries these channels

live. This of�ine analysis, and the caveats that bound it, are reported in Chapter 6 and

discussed in Chapter 7.

Contributions

The contributions of this thesis follow directly from this adversarial framing, and the

chained system it builds (the preprocessing pipeline, the label-free cross-attention context

encoder, the context-conditioned normalizing-�ow anomaly head, and the fusion localiza-

tion head, all detailed in Chapters 3 and 4) is the vehicle through which each paradigm is

tested rather than an end in itself.

The �rst and central contribution is methodological: a leakage-controlled, head-to-

head comparison of the unimodal, late-fusion, and intermediate-fusion paradigms across

both anomaly detection and source localization, conducted under recording-level splits,

held-out calibration, multi-seed stability reporting, and baselines drawn from the prior

ROW II study the system is meant to improve on. This turns the usual question of whether
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fusion helps into the more useful question of which paradigm to reach for under which

operational demand.

The second contribution is a set of measured negative and null results, each reported

with its mechanism rather than buried: that the fused operating-context representation

is acoustic-dominated and that fusion adds no seed-robust mode-discovery gain at this

scale; that conditioning the density head improves the healthy model only modestly; that

adding the acoustic pathway harms position-held-out localization through soft-argmax

over�tting; and that no supervisory channel survives a global anomaly-association test on

the real archive. A negative result with a measured cause is usable guidance for a �eld

deployment, and reporting it as such is treated here as a �rst-class outcome.

The third contribution is a concrete, deployable recipe that follows from those results:

a parameter-free late-fusion AND rule as the high-speci�city anomaly operating point, an

accelerometer time-difference (TDOA) pathway for spatial transfer with sensor placement

as the governing design variable, and a ranked set of supervisory channels to route into

the detector's context.

The fourth contribution carries the operating-context premise off the prototype and

onto real-turbine data: an of�ine information-theoretic mining of the real ROW II

supervisory-control archive that con�rms the operating mode is almost fully determined

by its process channels, and that yields a bounded recommendation for the channels a

�eld deployment should use.

In support of these contributions, the complete source code that produced every result

and �gure in this thesis is released publicly; Appendix C gives the repository and, together

with the hyperparameter grids and run manifests of Appendix A, is intended to make the

entire study reproducible.

System Overview

Before the individual components are developed in the chapters that follow, this section

presents the complete system in a single view, so that each later chapter reads as the

elaboration of one part of a whole that is already familiar. End to end, the system takes

the two synchronized sensor streams of the prototype, airborne acoustics and structural

vibration, and turns them into two operator-facing products: a calibrated anomaly alert

and, for the windows that raise one, an estimate of the three-dimensional source position

inside the casing. The same chain is also the apparatus through which the central

comparison of this thesis is run, because each learned stage can be exchanged for a
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unimodal, late-fusion, or intermediate-fusion variant without disturbing the stages around

it. Figure 1.2 shows this �ow, organized into the three subsystems that the remaining

chapters expand in turn.
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The �rst subsystem (Chapter 3) is responsible for turning a heterogeneous, incremen-

tally collected corpus into one uniform input format. The �ve recording campaigns differ

in array size, in the rate and format of their vibration stream, and in what they annotate,

and the preprocessing pipeline absorbs all of this variation: it ingests each recording,

veri�es the cross-modal time alignment, extracts a time-frequency image per microphone

and a three-channel series per accelerometer, and cuts both into time-aligned windows.

Its output is a per-window tensor pair in which the two modalities are registered in time

but never mixed in value, so the downstream model is left free to decide how, and how

much, to combine them. Keeping the streams separate at this boundary is precisely what

makes the fusion question an empirical one rather than a choice baked into the data.

The second subsystem (Chapter 4, stages V1 and V2) learns a representation of the

machine's operating state. A pair of per-modality convolutional encoders reduce each

sensor channel to a token, a single cross-attention stage lets the acoustic and vibration

tokens read one another, and a pooling step compresses the result into one context vector

ccct that summarizes the current operating condition. This representation is learned without

operating-mode labels, by self-supervision, because the mode is present in the signal

but annotated on only two of the �ve campaigns; and because every operation in the

subsystem is permutation-invariant, a single set of weights serves the differently-sized

arrays of the corpus. The context vector is the pivot of the whole design: it is the quantity

examined to test whether operating mode is recoverable without supervision, and the

signal on which both downstream heads are conditioned.

The third subsystem (Chapter 4, stages V3 and V4) turns that representation into

decisions. A conditional density model scores each window by how improbable it is

under a learned model of healthy operation that is modulated byccct , and a per-context

threshold converts the score into an alert; conditioning onccct is what holds the alert rate

steady as the operating regime changes, which is the domain-shift failure the system

is built to resist. Only windows that raise an alert reach the localization head, which

fuses a classical acoustic power map with structure-borne time-difference cues, again

conditioned onccct , to place the source inside the casing. The architecture additionally

exposes an optional supervisory pathway for slow process channels such as temperature

and pressure; these are absent from the prototype and are therefore carried as a �eld-only

provision, the subject of the fourth research question, and drawn dashed in Figure 1.2.

Three commitments run through every stage and account for the shape of the design

as a whole. The system is channel-agnostic, so the same trained weights process any

11



array geometry; its operating context is label-free, so it leans on no annotation a �eld

deployment might lack; and its anomaly score is an exact likelihood rather than a re-

construction error, so the score is directly interpretable and can be streamed. Because

the stages are chained on frozen weights and each learned block has a parameter-free

or single-pathway counterpart, this one system doubles as the testbed for the paradigm

comparison of Chapters 5 and 6. With this map in place, the remaining chapters develop

each subsystem in detail.

Thesis Outline

Mapping the subsystems of Figure 1.2 onto the document, the remainder of this thesis is

organized as follows. Chapter 2 reviews the relevant literature in predictive maintenance,

acoustic and vibration sensing, multimodal deep learning, anomaly detection, and source

localization. Chapter 3 presents the design of the data and preprocessing pipeline:

the ROW II reference machine, the bench-top prototype and its sensor array, the �ve

recording campaigns (D1 through D5), and the steps that turn the raw recordings into

the per-window tensors used for learning. Chapter 4 describes the proposed multimodal

architecture, covering the per-modality feature-extraction branches, the cross-attention

fusion mechanism, the conditional anomaly detection head, and the source localization

component. Chapter 5 details the experimental setup, including the training protocols,

baseline con�gurations, and evaluation metrics. Chapter 6 reports the experimental

results, which are discussed in Chapter 7 alongside the limitations of the prototype setting

and directions for future work. Chapter 8 concludes the thesis.
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Chapter 2

Related Work

2.1 Predictive Maintenance in Hydropower

Hydropower maintenance was historically dominated by corrective (run-to-failure) and

time-based preventive maintenance (TBM) frameworks, both calibrated to the steady-state

baseload operations that characterized the twentieth-century hydroelectric �eet [6]. The

accelerating integration of VRE has restructured this context. PSH plants now execute

frequent start-stop cycles, sustain prolonged operation in deep part-load regimes, and

provide rapid frequency regulation and reactive power support on demand,[61] driving

the industry toward condition-based maintenance (CBM) and predictive maintenance

(PdM) under the broader Maintenance 4.0 paradigm [10].

The ef�cacy of any predictive model depends on how faithfully it captures the under-

lying hydro-mechanical degradation physics [86]. In Francis pump-turbines, operation

below the Best Ef�ciency Point (BEP) generates a highly energetic precessing vortex rope

in the draft tube, with a sub-synchronous precession frequency of approximately0:25 f

to 0:35 f (where f denotes the rotational frequency) [135]. The resulting low-frequency

pressure pulsations can trigger acoustic resonance with the hydraulic circuit, imposing

severe cyclic fatigue on the runner blades and shaft. In parallel, Rotor-Stator Interaction

(RSI) arises from the periodic pressure disturbance encountered by each runner blade as it

traverses the wake of the stationary guide vanes. The associated blade passing frequency

is de�ned asfb = Z R � f , whereZR is the number of runner blades,[31] and prolonged

exposure to RSI-induced pressure pulsations leads to high-cycle fatigue cracking at the

blade roots [31]. Transient phase transitions between pumping and generating modes

introduce water hammer effects alongside rapid reversals of hydraulic axial thrust. These

reversals can destabilize the hydrodynamic oil �lm in the journal and thrust bearings, driv-

ing them into boundary lubrication regimes [110]. Each of these degradation mechanisms
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2.1 Predictive Maintenance in Hydropower

produces a distinct acoustic and vibratory signature. The shifts in those signatures across

operational states de�ne the domain-shift problem that any production-grade diagnostic

system must solve.

To capture these degradation mechanisms, diagnostic systems must combine syn-

chronized data from multiple types of sensors [47]. Vibration is the most foundational

measurement. Non-contact proximity probes measure the relative radial displacement of

the rotating shaft, while accelerometers mounted on the bearings measure the structural

acceleration of the surrounding assembly [61].

In modern pumped-storage hydropower (PSH), operating conditions vary continu-

ously, so �xed warning thresholds produce an excessive rate of false alarms. To address

this, advanced diagnostic frameworks employ Vibrational Hill Charts (VHCs) [135].

VHCs use arti�cial neural networks to derive adaptive warning thresholds conditioned

on two physical variables: water pressure (net headH) and valve position (wicket gate

openinga ). This state-aware approach measurably improves the model's classi�cation

accuracy (ROC AUC) [135].

This state-aware principle, adjusting the diagnostic boundary to the machine's current

operating point, underpins context-conditioned diagnostics. A natural extension, rather

than relying on manually selected physical variables such asH anda , is to learn the

operating context directly from the raw acoustic and vibration data.

While standard vibration sensors capture structural motion, they cannot detect early-

stage �uid-borne phenomena. Acoustic Emission (AE) sensors address this gap by

responding to high-frequency elastic waves emitted as micro-cracks form and cavitation

bubbles collapse [110]. Under normal conditions, acoustic energy remains concentrated

in lower frequency bands. At the onset of cavitation, however, this energy rises sharply

across a broad frequency range, and its intensity increases with the physical size of the

cavitation event [110].

To complete this sensory pro�le, dynamic pressure transducers are installed through-

out the turbine's water passages, speci�cally in the spiral casing, the inter-vane space, and

the draft tube cone. By measuring the amplitude of water pressure pulses, these sensors

help distinguish whether a measured vibration originates from the water �ow itself or

from a structural mechanical fault [61].

In addition to high-rate acoustic and vibration data, slowly varying operational

variables, such as oil temperature and water pressure, provide essential supervisory

signals. As lubricating oil degrades, for instance, bearing temperatures rise steadily,
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2.1 Predictive Maintenance in Hydropower

providing a long-term indicator of mechanical health that fast-acting vibration sensors do

not capture [61]. Similarly, water pressure measurements in the turbine housing reveal the

actual hydraulic load on the machine, which again helps determine whether an unusual

vibration is driven by the �ow or by a mechanical fault [110].

While prior predictive maintenance research has used these operational variables as

static inputs for fault classi�cation,[135] their potential as dynamic conditioning signals

for deep anomaly detection models remains largely unexplored [61]. This gap motivates

the fourth research question of this thesis: whether fusing real-time temperature and

pressure data into the model's latent context can reduce false positive rates beyond what

acoustic and vibration data achieve alone.

Because these multimodal sensor streams are high-dimensional and non-stationary,

predictive models rely on time-frequency representations such as the Short-Time Fourier

Transform (STFT) and the Continuous Wavelet Transform (CWT), which track how

spectral content evolves during rapid operational changes [92]. Furthermore, because

machine failures in hydropower are rare, labeled fault data are scarce, and the standard

approach is therefore unsupervised anomaly detection [120]. Under this paradigm,

a model learns the characteristics of healthy operation from normal data alone and

�ags departures from that learned baseline at inference time. Section 2.4 reviews the

architectures used for this task, including reconstruction-based autoencoders and density-

based methods.

Two studies conducted with illwerke vkw AG at the Rodundwerk II facility are the

immediate predecessors of this work. Khamaisi et al. benchmarked three unsupervised

acoustic models, a Long Short-Term Memory Autoencoder, K-Means clustering, and a

One-Class SVM, on real-world data from ROW II, reaching near-perfect steady-state

accuracy (ROC AUC up to 0.998) while exposing the transition-induced false-positive

failure introduced in Chapter 1 [65]. From that failure they identi�ed the need for a

multimodal framework integrating acoustics, vibration, and process variables such as

rotational speed and bearing temperature.

Finally, Haller and Länzlinger developed the pysoundlocalization library, which

uses time-difference-of-arrival (TDOA) techniques to locate sound sources in noisy

environments [40]. They validated this pipeline in simulations based on the ROW II

sensor layout. Their work establishes the classical acoustic front-end that serves as one

component of the learning-based localization framework proposed here.
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2.2 Acoustic and Vibration Sensing for Fault Detection

The remainder of this chapter reviews the sensing, fusion, anomaly-detection, and

localization literature on which these challenges bear.

2.2 Acoustic and Vibration Sensing for Fault Detection

Among the sensing methods used to monitor hydraulic machinery, microphones (air-

borne acoustics) and accelerometers (structural vibrations) provide the richest diagnostic

information [59]. Although both capture the dynamic behaviour of the machine, they

do so through different physical channels: microphones register pressure �uctuations

propagating through the air, whereas accelerometers measure motion directly on the

machine casing [101]. Their respective strengths, limitations, and data requirements are

reviewed below. Section 2.3 then examines the fusion architectures that combine the two

modalities to exploit their complementary nature.

2.2.1 Airborne Acoustic Sensing

Airborne acoustic sensing is non-invasive and covers a wide spatial extent, which makes it

well suited to monitoring large-scale infrastructure where instrumenting every component

is either too costly or geometrically infeasible [59]. A distributed network of micro-

phones captures sound from multiple directions and, through time-difference-of-arrival

(TDOA) techniques, can attribute speci�c acoustic events to their physical origin on

the machine [17]. The role of these TDOA features in fault localization is examined in

Section 2.5.

TDOA across multiple microphones is, however, acutely sensitive to timing: a

synchronization error of one millisecond corresponds to roughly 0.34 m of location error

for sound traveling through air, and several times more along the faster structure-borne

path through a plastic casing [40]. Maintaining channel alignment well within that

tolerance is therefore a prerequisite for any TDOA-based localization.

The acoustic spectrum of a hydraulic turbine contains several distinct fault signatures.

One of the most critical is cavitation, which occurs when the local water pressure drops

below the �uid's vapor pressure, causing vapor-�lled cavities to form and collapse

abruptly and generating shockwaves and micro-jets against the turbine blades [29]. The

onset of cavitation appears acoustically as an abrupt rise in broadband noise that extends

into the ultrasonic range [26]. During partial-load operation, rotating vortices in the

water channel further modulate this noise, producing pulsations tied to the rotational

speed [38]. Importantly, microphones can detect early-stage vaporous cavitation before it
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produces measurable structural vibration or triggers standard SCADA-level performance

alarms [114].

Beyond cavitation, mechanical and structural faults also produce distinct acoustic

signatures. As water �ows past the trailing edges of the guide vanes, vortex shedding

generates tonal noise [99]. Under abnormal operating conditions these frequencies can

lock in with the acoustic resonance of the draft tube, inducing severe vibration and

accelerated metal fatigue [99]. Similarly, propagating micro-cracks and bearing-surface

spallation emit short, high-energy acoustic bursts that propagate through the machine

casing and into the surrounding air [12].

Despite this sensitivity, relying on acoustic sensing alone in a pumped-storage plant

is dif�cult owing to the physical environment [98]. Enclosed concrete machine halls

are strongly reverberant: re�ections from the walls, �oor, and ceiling create multipath

propagation that smears the sharp transients of early-stage faults and distorts the frequency

spectrum [18]. Moreover, the target fault sounds are often masked by background

noise from auxiliary equipment, cooling fans, and adjacent operating turbines [98].

Together, these environmental constraints indicate why airborne acoustic sensing alone is

insuf�cient and why it must be fused with structural vibration data.

2.2.2 Vibration Sensing with Accelerometers

Accelerometers provide a direct, physical measure of machine health. They transduce the

motion of the casing, bearing pedestals, and guide vanes into electrical signals, allowing

diagnostic systems to identify internal mechanical forces, mass unbalance, and structural

resonances [2, 109]. In hydraulic turbines, these sensors are typically installed in triaxial

con�gurations (measuring all three spatial axes) across the guide bearing, thrust bearing,

and turbine head-cover.

Microphones and accelerometers have complementary sensitivities. Low-frequency

mechanical faults couple poorly from thick steel casings into the surrounding air, so micro-

phones largely miss them whereas accelerometers detect them readily [131]. Conversely,

the heavy steel casing attenuates the high-frequency vibrations produced by early-stage

cavitation or incipient bearing cracks; these signatures attenuate before reaching the

external accelerometers, yet radiate into the air where microphones register them [105].

In short, acoustic sensors excel at high-frequency, early-stage �uid-borne phenomena,

while vibration sensors provide direct evidence of low-frequency, established mechanical

wear [30]. This complementarity is precisely what a fused acoustic-vibration localizer
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can exploit, using structure-borne timing to resolve location ambiguities that acoustics

cannot resolve alone.

Once the vibration data are acquired, diagnostic systems analyze them against es-

tablished frequency patterns. A strong component at the rotational speed (1X) typically

indicates mass unbalance. Components at twice or three times that speed (2X and 3X),

particularly in combination with axial motion, indicate shaft bend or misalignment.

Fractional components (such as 0.5X or 1.5X) indicate mechanical looseness in the

assembly [3].

Beyond mechanical rotation, the Blade Passing Frequency (BPF) is a key indicator of

�ow health. The BPF is the product of the rotational speed and the number of turbine

blades; an abnormal BPF amplitude indicates �ow restrictions, blade damage, or friction

between rotating and stationary components [111]. When the BPF component begins to

pulse together with lower-frequency instabilities during partial-load operation, it is an

early indicator of escalating �ow-induced problems [88].

Finally, sub-synchronous components below the running speed serve as warnings

of severe faults. Lubricating-oil instabilities (oil whirl and whip), for instance, occur

between 0.4X and 0.48X [82]. The draft tube vortex rope discussed in Section 2.1

likewise exhibits strong activity between 0.2X and 0.4X, imposing cyclic loading that

can fracture the turbine shaft through metal fatigue [127].

2.2.3 Limitations of Each Modality in Isolation

Systems that rely on acoustic sensing alone are limited primarily by background noise and

changing acoustic environments. Because standard microphones are sensitive to sound

from all directions, they readily capture interfering noise from nearby machines and

auxiliary equipment [128]. In addition, enclosed concrete halls are strongly reverberant,

and this reverberation smears the sharp transients of early faults into the continuous

background [17]. Finally, acoustic propagation in a room varies with temperature,

humidity, and equipment placement, so an acoustic-only model trained on historical data

often fails on deployment under altered environmental conditions [41].

Systems that rely on vibration sensing alone are, conversely, limited in detecting

small or early-stage faults. The high-frequency, low-energy vibrations produced by early

mechanical wear are attenuated by the heavy casing and bolted joints before reaching

the external accelerometers [105]. This produces a high false-negative rate, in which

the system misses the earliest signs of degradation [108]. Accelerometers are, moreover,
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largely insensitive to purely �uid-borne phenomena (such as early cavitation) until they

grow severe enough to excite the metal structure mechanically [131].

Both limitations are aggravated when the machine changes its operating state. When a

reversible pump-turbine switches from generating to pumping, for example, the baseline

acoustic and vibratory signature shifts substantially [69]. Comparable shifts occur even

in laboratory prototypes through changing ambient noise or minor rig recon�gurations. A

diagnostic system that relies on a single modality and lacks broader operational context

will systematically misclassify these benign transitions as faults, producing a false-

alarm rate that renders the monitor unusable for plant operators [118]. This failure was

con�rmed directly at ROW II by Khamaisi et al. [65].

2.2.4 Empirical Evidence for Multimodal Fusion

The physical differences between the two sensor types translate into measurable improve-

ments when their data are combined. In a study on wind turbine bearings, models using

vibration data alone achieved about 86.5% accuracy and acoustic-only models about

79.1%; fusing the two streams raised the accuracy to 99.2% in clean conditions and

maintained above 95% under severe background noise, a 16-percentage-point improve-

ment over the acoustic-only model [22]. Studies on other rotating machinery report that

sensor fusion routinely pushes overall accuracy past 99.5% [42]. Notably, one study on

electric motors found that adding microphone data to a vibration network reduced the

false-positive rate to zero, eliminating an entire class of spurious alarms [68].

Fused models are also more robust under dif�cult real-world conditions. They have

been reported to maintain classi�cation accuracy above 94% even with very limited

training data (as few as 20 samples per fault) and when the background noise exceeds the

target signal (signal-to-noise ratios as low as �10 dB) [37].

In aggregate, these results indicate that fusing acoustic and vibration data yields a

diagnostic system whose performance exceeds that of either modality alone. The deep

learning architectures used to achieve this fusion are reviewed in Section 2.3.

2.2.4 Feature Extraction

Raw acoustic and vibration signals are high-rate, non-stationary data streams that must

be reduced to informative features before a learning model can use them. Because

hydropower machines change operating state frequently, these signals shift substantially

over time, so static, single-resolution analysis is insuf�cient [74].
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For audio, the standard approach is the Short-Time Fourier Transform (STFT), which

produces a time-frequency representation, the spectrogram [122]. The STFT imposes

a �xed trade-off between time and frequency resolution. The Continuous Wavelet

Transform (CWT) mitigates this through a multi-resolution analysis, resolving both brief

high-frequency transients and slower low-frequency components,[73] which makes CWT

scalograms informative inputs for modern neural networks [35].

Mel-spectrograms and CWT scalograms are the representations most commonly

supplied to neural fault detectors,[73, 81] and Mel-Frequency Cepstral Coef�cients

(MFCCs) remain a compact perceptual baseline [123]. A relevant caveat from the

ROW II benchmarks is that MFCC and Mel-spectrogram inputs, while effective during

steady operation, degrade systematically during mode transitions [65].

For vibration data, diagnostic systems rely on established statistical descriptors. The

Root Mean Square (RMS) quanti�es the overall energy of the motion, whereas Kurtosis

is far more sensitive to early-stage damage, rising sharply when incipient cracks or pits

produce impulsive shocks well before the overall vibration amplitude increases [11].

Envelope analysis, based on the Hilbert transform, removes the dominant low-frequency

�ow-induced vibration to expose the high-frequency periodic signature of damaged

mechanical components [12].

Because the appropriate impulsiveness statistic depends on the available sample rate,

rolling kurtosis[58] is the standard choice on high-rate streams, while a simpler crest

factor remains well-de�ned when only a slow, decimated signal is available [35].

In summary, neither sensor type is adequate in isolation: microphones are degraded

by reverberation and background noise, while accelerometers tend to miss early-stage

�uid-borne phenomena. Both are, moreover, vulnerable to the distribution shifts induced

when the turbine changes operating state. Existing multimodal models address the sensor

limitations but assume a single, steady operating state. This gap de�nes the central

requirement of this thesis: the diagnostic architecture must adjust its decision boundaries

according to a learned representation of the machine's current operating context. The

foundations for this approach are reviewed in the following section.

2.3 Multimodal Deep Learning and Sensor Fusion

Sensor data can be combined in three standard ways: early fusion (combining raw data),

late fusion (combining �nal decisions), and intermediate fusion (combining extracted

features) [14]. Early fusion is ill-suited to streams with markedly different sampling
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rates: directly merging high-rate audio (needed to capture rapid cavitation transients)

with much lower-rate vibration either discards the high-frequency acoustic content or

incurs prohibitive computational overhead [14]. Late fusion, by contrast, processes each

sensor independently and combines only the �nal decisions; while this is robust to the

failure of a single sensor, it discards the cross-modal timing between events, for example

the coincidence of an acoustic transient with a simultaneous mechanical event [128].

Intermediate fusion addresses this limitation. It �rst compresses each sensor stream

into a compact representation and then fuses the representations at the feature level [83].

Operating in this shared space bridges the gap between airborne pressure and structural

motion, allowing the model to learn cross-modal interactions and to weight whichever

modality is more reliable for the current operating state [128].

To compress this data, intermediate fusion uses Convolutional Neural Networks

(CNNs) adapted to the physics of each sensor. For vibration, one-dimensional CNNs

operate directly on the raw time series. Acting as learned �lters, their shallow layers

capture brief impulsive shocks from bearing defects while deeper layers track slower �ow-

induced instabilities,[85] which makes 1D CNNs effective at capturing sudden mechanical

impacts [85]. Acoustic signals in industrial halls are, by contrast, too corrupted by

reverberation for a one-dimensional time-series model, and are therefore converted into a

two-dimensional spectrogram and processed by a 2D CNN [83].

Modern diagnostic systems often pair these CNNs with attention mechanisms that

selectively emphasize informative fault frequencies and suppress background noise [83].

Cross-attention extends this idea across modalities rather than within a single sensor.

A limitation of standard CNNs is their restricted receptive �eld, which makes it

dif�cult to capture long-range dependencies or cross-sensor relationships [16]. Cross-

attention addresses this with a Transformer mechanism: one stream forms the queries

while the other provides the keys and values, yielding a scaled dot-product alignment

score de�ned as:

Attention(Q;K;V) = softmax
�

QK>
p

dk

�
V (2.1)

wheredk is the dimensionality of the key vectors. The operation quanti�es the

relevance of every vibration feature to every acoustic feature, coupling the two physical

domains.
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A particularly useful family of building blocks for this kind of fusion is the Set

Transformer of Lee et al.,[70] whose Multi-head Attention Block (MAB) lets every

token of one modality attend to every token of the other, and whose Pooling-by-Multi-

head-Attention (PMA) module compresses a variable-size set of fused tokens into a

�xed-length context vector using learned seed queries.

These building blocks are permutation-invariant and agnostic to the number of input

tokens, so a model built on them can in principle process a varying number of sensors

without architectural changes, a property that ordinary dual-branch designs lack.

Other researchers have proposed more elaborate multi-stage transformers for fault

diagnosis, including the Twins Transformer with parallel intra-modal and cross-modal

branches,[71] the Domain-Collaborative Multimodal Transformer that projects deep

CNN-BiLSTM features into a shared embedding space,[66] and multi-scale spatiotem-

poral attention pyramids [72]. These designs add considerable capacity, but most can-

not accommodate a changing number of sensors without retraining, a limitation that

permutation-invariant pooling avoids.

2.3.1 Unsupervised Operational Context Learning

A fused representation alone is insuf�cient when the same fault produces different sensor

signatures under different operational states. The network must additionally learn a

representation of the current operational context without requiring explicit state labels,

which are frequently unavailable or misaligned with high-frequency sensor streams during

rapid transitions [79].

Self-supervised contrastive learning addresses this by training encoders to maximize

representational similarity between augmented views of the same temporal window while

minimizing similarity between temporally separated windows, forcing the model to learn

the invariant physics of each operating regime rather than super�cial noise [84]. Masked

segment reconstruction provides a complementary self-supervised signal by forcing the

network to predict masked portions of a feature sequence from the surrounding context,

capturing the baseline periodicity and harmonic structure of the current machine state.

2.3.2 Context Conditioning Mechanisms

Once the network has inferred the machine's current operating state (the context vector),

this information must be propagated to the anomaly detection head. Feature-wise Linear

Modulation (FiLM) is the most widely used mechanism for this purpose [95]. It applies
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a context-dependent af�ne transformation (h̃i = gihi +b i) parameterized by the context

vector c: the predicted scalegi rescales each feature and the shiftbi offsets it, enabling the

network to amplify regime-relevant components and attenuate irrelevant ones according

to the current operating state.

Other context-aware mechanisms exist alongside FiLM. Conditional normalization re-

places �xed normalization layers with layers whose statistics shift to match the machine's

current load [27]. Conditional Variational Autoencoders (CVAEs) feed the context into

both the encoding and decoding stages of the network [62]. Conditional normalizing

�ows, reviewed in Section 2.4.2, offer a further alternative that yields exact probability

scores rather than the approximations used by CVAEs.

Finally, the CANDE-CP architecture illustrates the practical value of context condi-

tioning. The system infers the machine's operating state from unlabeled data, conditions a

decoder on it through FiLM layers, and smooths the resulting predictions over time. In do-

ing so it forms an adaptive decision boundary that tightens and relaxes with the operating

state, substantially reducing false alarms in multi-state environments and demonstrating

the operational value of context conditioning [102].

The �nal major challenge identi�ed in the literature is domain shift, which occurs

when a machine changes its operating state and alters its baseline sensor data. To ad-

dress it, models such as Multi-Adversarial Attention Networks (MAAN) use adversarial

training, pitting network components against one another so that the learned fault represen-

tations remain invariant to rotational speed, valve angle, and water pressure [104]. Other

approaches, such as the Multi-Attention Meta Transformer (MMT-FD), use meta-learning:

through aggressive augmentation of unlabeled data during training, these models learn

representations that generalize to operating conditions unseen at training time [124].

The literature reviewed above establishes that cross-attention transformers, self-

supervised context learning, and FiLM conditioning each address a distinct, critical

challenge in industrial fault detection. These three techniques have not, however, previ-

ously been combined for multi-state pumped-storage hydropower.

Speci�cally, the �eld lacks a uni�ed, label-free architecture capable of handling

the operational shifts of reversible pump-turbines. No existing system uses a cross-

attention transformer to fuse audio and vibration data into a single context vector that

simultaneously conditions both an anomaly detector and a source localizer, and no

existing framework incorporates slowly varying supervisory signals (such as bearing

temperature and hydraulic pressure) into that context pathway. This leaves an open
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question: can these low-bandwidth variables be used to further reduce false alarms within

a deep detection boundary? Closing these gaps constitutes the primary architectural

contribution of this thesis.

2.4 Anomaly Detection Methods

In large-scale hydropower, severe machine failures are rare, so historical sensor databases

consist almost entirely of healthy operational data and lack the balanced fault examples

needed to train standard supervised models [46]. Supervised models can, moreover, only

recognize fault types present in their training data, which leaves them insensitive to new

or unanticipated forms of damage [64].

For these reasons, the standard approach in this setting is unsupervised anomaly

detection. A model is trained exclusively on healthy data to learn the boundaries of

normal machine behavior, and any sensor reading that falls outside these boundaries at

inference time is �agged as anomalous [91].

2.4.1 Reconstruction-Based Methods

Reconstruction-based anomaly detection rests on the principle of compression. A network

is trained to compress and reconstruct healthy sensor data; when it encounters data unlike

anything seen in training, the reconstruction is inaccurate, and the magnitude of this

reconstruction error serves as the anomaly score [91]. Standard autoencoders (CNN-AEs)

operate on spectrogram representations. While effective in steady conditions, they tend

to memorize the training sequences and adapt poorly to the benign baseline shifts that

accompany turbine aging [19].

Variational Autoencoders (VAEs) address this rigidity by learning a smooth, continu-

ous latent distribution rather than memorizing individual data points [78]. This �exibility

suppresses false alarms caused by benign background variation, but it introduces a known

side effect, over-smoothing: because VAEs effectively average over the data to construct

this latent space, they behave as a low-pass operation, attenuating sharp transients and

thus missing the high-frequency indicators of early-stage structural damage [78]. For

sequential data, LSTM Autoencoders offer a complementary advantage: through recur-

rent state, they model long-range temporal dependencies, which makes them sensitive to

rhythmic phenomena such as a localized acoustic burst recurring at a �xed phase of each

rotation, or the slow pulsation of a draft tube vortex rope [65].
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In a pumped-storage setting, however, all three architectures share a critical vulnera-

bility: domain shift. A model trained primarily while the machine is generating (Turbine

mode) is optimized for that speci�c operating state. When the machine reverses into

Pump mode, the �ow and mechanical loads change, the sensor data diverge from the

training distribution, the reconstruction error in�ates, and the system produces a burst of

false alarms [134].

For this reason, standard reconstruction models are largely unsuitable for variable-

state environments unless they are explicitly conditioned on the operating context [78].

This limitation was observed directly in the ROW II benchmarks introduced in Chap-

ter 1 [65].

Context-aware architectures address this limitation directly. The CANDE-CP system

(Context-Aware Novelty Detection AutoEncoder with Context Prediction), for example,

infers the operating state from unlabeled data and conditions the decoder on it through

FiLM layers, allowing the decision boundary to shift with the operating state [102]. To

accommodate the transient sensor noise that accompanies a mode change, the system

applies temporal smoothing (a rolling exponential-decay queue), yielding a boundary

that tightens during steady operation and relaxes during transitions, without manual

intervention [102]. This capability directly motivates the anomaly detection design

proposed in this thesis.

The DCASE Task 2 benchmark (a major competition for unsupervised machine

sound detection) provides extensive empirical evidence of the domain-shift problem.

Across the 2021–2025 editions, standard reconstruction algorithms consistently exceed

90% accuracy on their source domain but degrade sharply when evaluated on data from

different operating conditions [63]. Indeed, a persistent negative correlation has been

observed between the two: the more closely a model �ts the source domain, the worse it

generalizes to shifted conditions [87]. Consequently, the most successful competition

entries have moved away from static reconstruction toward context-aware adjustment and

metadata conditioning [19].

It should be noted that the DCASE competition concerns small industrial components

such as fans and valves, which operate at a power scale far below that of a 295 MW

Francis pump-turbine. While the absolute accuracy �gures are therefore not directly

comparable, the underlying domain-shift problem is identical, and the need for context-

aware architectures carries over to the ROW II machines, as con�rmed by the Khamaisi

experiments [65].
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2.4.2 Density-Based and Normalizing Flow Methods

Density-based anomaly detection takes a fundamentally different approach. Rather than

measuring how poorly a network reconstructs an input, it estimates the probability that

a given sensor reading belongs to normal operation [96]. This yields an interpretable

probability score that measures statistical rarity directly, removing the need to select an

arbitrary error threshold [94].

The One-Class SVM (OC-SVM) is the most established algorithm of this type in

industrial monitoring. It projects the data into a high-dimensional space and constructs a

boundary (a hyperplane) enclosing the healthy data; anything outside that boundary is

classi�ed as anomalous [121]. As noted earlier, the Khamaisi study reported near-perfect

accuracy (0.998 ROC AUC) for the OC-SVM on steady-state ROW II data, rivaling

deep models such as LSTM-AEs [65]. The OC-SVM nonetheless has two signi�cant

drawbacks for this setting. First, its computational cost scales quadratically with dataset

size, which is prohibitive for continuous high-rate audio and vibration streams. Second,

its static boundary cannot adapt to mode transitions (domain shift) without extensive

manual feature engineering [121].

Normalizing �ows overcome these limitations through a sequence of invertible trans-

formations that map a simple base distribution to the complex distribution of the observed

sensor data [106]. Because every step is invertible, the network can compute the ex-

act log-likelihood of any incoming reading, a key advantage over autoencoders [106].

Whereas an autoencoder may reconstruct an out-of-distribution noise pattern accurately

and thus score it as normal, a normalizing �ow assigns such a pattern the low likelihood

it warrants during healthy operation [106].

To make likelihood evaluation ef�cient enough for real-time monitoring, several

architectures exploit structural simpli�cations. The RealNVP architecture partitions the

variables and uses one partition to transform the other, which keeps the Jacobian tractable

and the likelihood inexpensive to evaluate [80]. The Glow architecture extends this with

learnable invertible convolutions, enabling channel mixing across audio and vibration

features at every layer [116]. In both, the diagnostic principle is the same: the onset of a

fault produces an immediate drop in the assigned likelihood [60].

In environments where the machine changes operating mode frequently, Conditional

Normalizing Flows (CNFs) provide an effective solution. Rather than a single �xed

density, CNFs incorporate the operating-context vector directly into the transformation,

allowing the model to maintain a state-speci�c density [62]. Studies on complex time-
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series data con�rm that CNFs adapt as the operating state changes, treating a given

signal as normal under one regime while �agging the identical signal as anomalous under

another [36].

One practical dif�culty nonetheless remains: training �ows directly on raw, high-rate

sensor streams (such as high-speed audio and vibration) is numerically unstable. The

standard remedy is to apply a lightweight �ow to the compressed latent representations

produced earlier in the network rather than to the raw signal itself [129].

Synthesizing this literature yields a clear set of design rules for the anomaly detection

system built in this thesis. Reconstruction methods model temporal structure well but

trigger an intolerable number of false alarms during mode transitions unless explicitly

conditioned on the operating context. Normalizing �ows, by contrast, provide exact

anomaly scores and naturally support such conditioning; because they are unstable on

raw data, they must be applied to compressed features.

Crucially, neither approach has been evaluated with context-conditioned, multimodal

sensors in a pumped-storage hydropower plant, and neither has examined whether adding

simple temperature and pressure signals improves the context guidance.

The anomaly detection head in this thesis must therefore satisfy a strict set of re-

quirements. It must remain calibrated across distinct operating modes without relying on

manual labels, and it must accommodate slowly varying supervisory process variables

(such as temperature and pressure) to suppress residual false alarms that the audio and

vibration sensors cannot resolve alone.

2.5 Sound Source Localization

Once a diagnostic system has con�rmed an anomaly, engineers must determine its

physical location in order to act on it. The physical environment of the ROW II machine

hall makes this attribution problem particularly dif�cult, for two reasons.

First, the enclosed concrete turbine housing is strongly reverberant. Each transient

event, such as a mechanical crack, produces a cascade of re�ections that reach the mi-

crophones from spurious directions, corrupting the timing differences on which classical

localization relies to triangulate the source.

Second, the continuous operation of nearby auxiliary equipment introduces substantial

background noise whose spectral content often overlaps that of genuine turbine faults.

This produces a continually shifting balance between the target signal and the interference,

degrading the system's ability to localize the source across operating states.
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Together, these re�ections and overlapping noise create conditions in which a dom-

inant direct path rarely exists. Because classical localization assumes free-�eld prop-

agation, these estimators fail systematically in this setting. The following subsections

review classical time-difference (TDOA) methods and their learning-based successors,

and de�ne the open localization questions this thesis addresses.

2.5.1 Time-Difference-of-Arrival Methods

By measuring the difference in arrival time of a sound at two microphones, a system can

constrain the source to a curved surface in three dimensions. Intersecting these surfaces

across multiple microphone pairs triangulates the source location [34].

The standard tool for estimating this delay is the Generalized Cross-Correlation with

Phase Transform (GCC-PHAT). The phase transform whitens the cross-spectrum so

that stationary background noise does not dominate the target signal, sharpening the

correlation peak that marks the arrival-time difference [34]. Steered-Response Power

with Phase Transform (SRP-PHAT) extends this to entire microphone networks: it

evaluates a discrete three-dimensional grid of candidate locations against all microphone

pairs, producing a steered-power map whose maximum is taken as the source location.

Because it aggregates evidence across all sensors, it is more robust to individual corrupted

measurements caused by re�ections [33].

In highly reverberant environments such as a concrete turbine hall, however, both

methods share a fundamental limitation. Reverberation and interference populate the

steered-power map with spurious maxima, and without a strong prior on the source

location the true peak cannot be reliably distinguished from re�ection artifacts [33].

Reliably localizing multiple concurrent sources in a cluttered, reverberant industrial

environment therefore remains an open research problem [132].

Haller and Länzlinger recently implemented this classical pipeline in a software

toolbox. In simulation they showed that for a single source the method is highly ac-

curate, achieving a mean localization error below one centimeter (0.009 m) with four

microphones in a noisy environment [40].

When multiple overlapping sources (polyphonic conditions) were introduced, how-

ever, the classical method degraded sharply: lacking a source-separation stage, the mean

error rose to 9.46 m, with worst-case errors exceeding 136 m in the same simulated

room [40].
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This degradation makes a key point: classical TDOA methods alone are inadequate

for the multi-source environment of the real ROW II machine hall, where the main turbine,

auxiliary fans, governor pumps, and compressors emit sound concurrently, producing

overlapping interference that these methods cannot resolve.

In structural health monitoring, acoustic emission TDOA methods mount piezoelectric

sensors directly on a structure to record impulsive elastic waves from internal damage

events, combining pairwise TDOAs with the known wave velocity to triangulate the

damage origin [136]. Closed-form velocity-free formulations using the complete set

of pairwise TDOAs have demonstrated robustness to TDOA noise,[136] and jointly

estimating both source coordinates and propagation velocity from TDOA measurements

has been shown to approach the Cramér-Rao lower bound [137]. Accelerometers mounted

on the ROW II turbine housing record structure-borne elastic waves from fault-induced

impulsive excitations in a manner directly analogous to AE sensors, making these methods

relevant to the vibration-sensor component of the localization problem.

The nine microphones and four accelerometers installed at ROW II have complemen-

tary timing characteristics, which makes them well suited to joint fusion. Sound travels

through air at roughlyc � 343 m/s, whereas elastic waves travel through solid steel at

roughlyc � 5;000 m/s. Because steel transmits elastic energy about fourteen times faster

than air, accelerometers resolve the onset of a mechanical impact with high temporal

precision.

Airborne microphones, by contrast, bene�t from the lower speed of sound in air, which

produces larger and more easily measured time delays between sensors; as established

above, however, these microphones are highly susceptible to reverberation. Fusing

both sets of timing measurements allows the precise structure-borne arrivals of the

accelerometers to disambiguate the reverberant acoustic measurements, localizing faults

that neither modality resolves alone.

Ultimately, classical estimators are fundamentally limited in this setting. They presup-

pose a dominant direct path; because the ROW II environment violates this assumption,

classical estimators fail. This motivates the shift toward the learning-based approaches

discussed next.

2.5.2 Learning-Based Localization

A major survey by Grumiaux et al. reviewed over two hundred learning-based localization

systems. It found that a network trained on recordings from a given room implicitly
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learns that room's reverberation and noise characteristics, compensating for the very

distortions that defeat classical TDOA estimators [34]. CNNs operating on raw correlation

features, for instance, roughly doubled the accuracy of classical methods in highly noisy

environments [34]. Convolutional Recurrent Neural Networks (CRNNs) improved on

this further: their recurrent state regularizes the per-frame estimates over time, halving

the mean localization error relative to earlier algorithms [1].

The Cross3D architecture demonstrates the value of combining classical physics with

learned models. Rather than discarding the SRP-PHAT steered-power maps, Cross3D

feeds them into a three-dimensional network, retaining the geometric prior of the classical

estimator while gaining the robustness of a learned model; under heavy reverberation it

continues to track the source and consistently outperforms models trained on raw audio

alone [21]. This hybrid design, combining classical spatial maps with deep networks, is

the direct inspiration for the localization system proposed in this thesis.

More recently, Transformer-based architectures have set new accuracy records for

localization in reverberant rooms. Rather than relying on recurrent state, Transformers

use self-attention to model the entire temporal context jointly, capturing the long-range

acoustic patterns that carry essential location information [55]. Networks equipped with

channel attention have likewise proven effective, learning to suppress the frequency bands

most corrupted by reverberation [45]. A 2025 review identi�ed multimodal sensor fusion

as the most promising route for localization problems that microphones alone cannot

resolve, concluding that combining attention mechanisms with multiple sensor types is

key to accurate localization in loud, highly reverberant environments [126].

Throughout the machine diagnostics literature, networks combining microphones

and accelerometers consistently outperform single-sensor systems [125]. A substantial

gap nonetheless remains in application: existing work largely reduces localization to

classifying the faulty component, rather than estimating the three-dimensional coordinates

of the fault within a large turbine housing.

To date, no published study has built a system that uses fast-traveling structure-

borne timing (accelerometer TDOA) to correct the localization errors of an acoustic-only

baseline. Nor has any study run an ablation in a real machine hall to quantify the spatial-

accuracy gain from adding vibration sensors. Finally, no learning-based localization

method has been evaluated in a real pumped-storage hydropower plant, an environment

characterized by multiple operating modes, sensors distributed across different elevations,

severe reverberation, and heavy background interference.
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Discussion

The preceding sections have identi�ed four research gaps, corresponding directly to the

four research questions stated in Chapter 1.

First, domain shift in pumped-storage plants is well documented but remains unsolved.

Current diagnostic systems assume a single, steady operating state, and their accuracy

degrades sharply when the machine transitions between operating modes, a failure

con�rmed directly at the ROW II plant by Khamaisi et al. [65].

Second, while cross-attention transformers and self-supervised learning each solve

part of the sensor-fusion problem, they have not been combined. The literature reviewed

in Section 2.3 lacks a uni�ed, label-free architecture capable of handling the extreme

environment of a multi-mode pumped-storage plant.

Third, the literature reviewed in Section 2.4 shows that anomaly detection must

adapt to the machine's current context, and that normalizing �ows applied to compressed

features provide an exact, principled means of doing so. No existing anomaly detection

method, however, incorporates slowly varying supervisory signals such as temperature

and pressure to further reduce false alarms, an integration the prior literature explicitly

calls for.

Finally, the localization literature reviewed in Section 2.5 shows that learning-based

approaches can overcome the reverberation that defeats classical estimators. No study,

however, has combined the fast structure-borne timing of accelerometers with the acoustic

timing of microphones to estimate the three-dimensional location of a fault inside an

active turbine housing.

The uni�ed architecture proposed in the following chapter is designed to close all

four of these gaps simultaneously.

31



Chapter 3

Design

This chapter describes the prototype data this thesis is built on and the preprocessing

pipeline used to prepare it. The data's provenance, the move from the ROW II machine

to the bench-top prototype, and the �ve recording campaigns (D1 to D5) are introduced

in Chapter 1; this chapter takes that corpus as given and documents how it is prepared.

The focus is on the data as received and on the steps that turn it into the tensors

the model reads: how a mixed, incrementally collected prototype corpus is ingested,

normalized, synchronized, and windowed into a single uniform format. The model itself,

how it is trained, and how it is evaluated are covered in later chapters.

The operating mode matters throughout preprocessing because the machine's healthy

signature changes with it (Chapter 1). The pipeline is therefore built so that healthy

operation is sampled at several operating points, and the operating mode is carried through

to each window rather than averaged away. The chapter moves from the prototype and its

sensors (§3.1, §3.2), through the �ve campaigns that make up the corpus (§3.3), to the

pipeline that produces the per-window tensors (§3.4).

3.1 The Prototype

The prototype replicates the ROW II casing geometry at a reduced scale. The acoustic

analysis grid (§3.4.3) is selected empirically on the prototype recordings and is, in

addition, �ne enough to resolve the characteristic tones of the full-scale machine, so

that the same preprocessing would transfer to a �eld deployment without re-tuning; the

reduced-scale prototype is not claimed to reproduce those tones itself.

The corpus was recorded on two different bench-top rigs, which are kept separate

because they use different coordinate frames. The �rst two campaigns (D1, D2) used

a rectangular rig whose sensors span a15:5 � 41 �24cm corner-origin frame. The last

three (D3, D4, D5) used a circular 3D-printed casing about10 cmacross, with the sensors
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3.1 The Prototype

inside an11 � 10 � 7cm envelope and the deliberately-evoked knock positions placed

around it, spanningx 2 [�20;22] andy 2 [�25;4]cm . Several knock positions therefore

sit outside the sensor footprint.

The rig is roughly1:110of the full machine's casing radius (R � 5:5m ). The speed

of sound is taken as343 ms�1 at about20� C, and the structure-borne wave speed in

the plastic casing is treated as a single �xed constant, so every distance and delay in

the pipeline is expressed in physical units. All spatial labels in this thesis are reported

in meters on this prototype scale. The single-constant model is a deliberate �rst-order

approximation. A fused-deposition print is anisotropic along its layer direction and its

thin, curved shell is geometrically complex, so no single bulk speed is exact; moreover,

�exural waves in such a shell are dispersive, with group and phase velocity that vary

with frequency, which is a known confound for time-difference-of-arrival estimation in

plates. The constant is therefore used only as a �rst-order propagation model; per-part and

dispersion-aware calibration is left to future work, and the consequence of this choice for

localization, namely that an over-estimated wave speed compresses the time-difference

geometry and suppresses the vibration timing channel, is reported in Chapter 6.

33




	Table of Contents
	List of Abbreviations
	List of Figures
	List of Tables
	1 Introduction
	2 Related Work
	2.1 Predictive Maintenance in Hydropower
	2.2 Acoustic and Vibration Sensing for Fault Detection
	2.2.1 Airborne Acoustic Sensing
	2.2.2 Vibration Sensing with Accelerometers
	2.2.3 Limitations of Each Modality in Isolation
	2.2.4 Empirical Evidence for Multimodal Fusion

	2.3 Multimodal Deep Learning and Sensor Fusion
	2.3.1 Unsupervised Operational Context Learning
	2.3.2 Context Conditioning Mechanisms

	2.4 Anomaly Detection Methods
	2.4.1 Reconstruction-Based Methods
	2.4.2 Density-Based and Normalizing Flow Methods

	2.5 Sound Source Localization
	2.5.1 Time-Difference-of-Arrival Methods
	2.5.2 Learning-Based Localization


	3 Design
	3.1 The Prototype
	3.2 Sensor Array and Data Acquisition
	3.3 The Five Campaigns
	3.3.1 Handling of Background Noise Conditions
	3.3.2 Labeling Schemes Across Campaigns

	3.4 Preprocessing Pipeline
	3.4.1 Ingestion and Normalization
	3.4.2 Cross-Modal Time Synchronization
	3.4.3 Acoustic Feature Extraction
	3.4.4 Vibration Feature Extraction
	3.4.5 Windowing


	4 Architecture
	4.1 Architecture Overview
	4.2 Per-Modality Encoders
	4.2.1 Acoustic Encoder
	4.2.2 Vibration Encoder
	4.2.3 Channel Tokens and the Set-Transformer Pool

	4.3 Cross-Modal Fusion and the Context Vector
	4.4 Self-Supervised Context Learning
	4.5 Conditional Anomaly Detection Head
	4.6 Source Localization Head
	4.7 Integration of Supervisory Signals
	4.8 Chained Inference and Streaming

	5 Experimental Evaluation
	5.1 Evaluation Protocol and Data Splits
	5.2 Metrics
	5.2.1 Operating Context (RQ1)
	5.2.2 Anomaly Detection under Domain Shift (RQ2)
	5.2.3 Source Localization (RQ3)
	5.2.4 Supervisory Signals (RQ4)

	5.3 Baselines and Fusion Paradigms
	5.4 Ablation Protocol

	6 Results
	6.1 Experimental Setup
	6.2 Reference Baselines
	6.3 RQ1: Operational Mode Discovery
	6.4 RQ2: Anomaly Detection under Domain Shift
	6.4.1 Impact of Conditioning on the Flow
	6.4.2 DDomain-Shift Robustness
	6.4.3 The Mode-Transition Limitation

	6.5 RQ3: Source Localization
	6.5.1 Leave-One-Recording-Out
	6.5.2 Leave-One-Position-Out and Cross-Session Transfer

	6.6 RQ4: Supervisory Conditioning
	6.6.1 Prototype stand-in
	6.6.2 Real plant SCADA

	6.7 Robustness and Hyperparameter Sensitivity
	6.8 Summary of Headline Numbers

	7 Discussion
	7.1 Performance Trade-Offs Across Operating Points
	7.2 Acoustic-Trunk Context Learning (RQ1)
	7.3 Conditioning and the Conjunction Rule (RQ2)
	7.4 Paradigm- and Geometry-Bound Localization (RQ3)
	7.5 Regime Identification from Supervisory Signals (RQ4)
	7.6 Cross-Cutting Synthesis
	7.7 Limitations
	7.8 Implications

	8 Conclusion
	8.1 Summary of Findings
	8.2 Contributions
	8.3 Outlook

	Bibliography
	Appendix A Hyperparameters and Reproducibility
	A.1 Stage hyperparameters
	A.2 Model-selection grids
	A.3 Parameter counts

	Appendix B Supplementary Anomaly-Head Experiments
	B.1 Post-Freeze Conditioning Refinements
	B.2 Deep Impulse-Aware Flow

	Appendix C Source Code Availability
	Declaration of Authorship
	Declaration of Auxiliary Aids

