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Abstract

Pumped-storage hydropower underpins grid-scale flexibility 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 confirmed 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 five 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-flow 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 roughly 0.11 to 0.13 m, while

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

at up to 0.96 nats 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 falsifiable, 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 five years, with

variable renewable energy (VRE) sources, chiefly 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 flexibility

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 flexibility, efficiency, and continuous availability of the

existing pumped-storage fleet [4, 113].

Continuous flexible 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 fluid-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

scientific 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 reflect and scatter sound

waves, producing a complex superposition of direct and multiply reflected 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 fires a synchronized burst of false alarms across a healthy TU→PU

transition, because the healthy PUMP baseline sits above the TURBINE-fit 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 as TU→ 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

five-second generation-to-pumping transition that plant personnel confirmed 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 scientific 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 flagged

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

Chapter 7.

Two differences from the field 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 field TU→ PU transition, and that gap is

revisited in Chapter 7.

The prototype data was not collected as a single fixed dataset. It grew over five

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

refining 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 five accelerometers mounted on the casing wall. Operating mode

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

D4, and D5) hold the mode fixed 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 verifies and, where necessary, corrects the

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

and for future field data. The prototype, its sensor array, the five 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 specifically, 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 offline 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 offline: an information-theoretic ranking of its process channels is

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

which specific channels a field 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 offline 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-flow 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 first 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

overfitting; 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 field

deployment, and reporting it as such is treated here as a first-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-specificity 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 offline information-theoretic mining of the real ROW II

supervisory-control archive that confirms the operating mode is almost fully determined

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

field deployment should use.

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

and figure 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 flow, organized into the three subsystems that the remaining

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

tally collected corpus into one uniform input format. The five 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,

verifies 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 five 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 by ccct , and a per-context

threshold converts the score into an alert; conditioning on ccct 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 on ccct , 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 field-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
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array geometry; its operating context is label-free, so it leans on no annotation a field

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 five

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 configurations, 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 fleet [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 efficacy 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 Efficiency Point (BEP) generates a highly energetic precessing vortex rope

in the draft tube, with a sub-synchronous precession frequency of approximately 0.25 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 defined as fb = ZR · f , where ZR 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 film in the journal and thrust bearings, driv-

ing them into boundary lubrication regimes [110]. Each of these degradation mechanisms

13



2.1 Predictive Maintenance in Hydropower

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

operational states define 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 fixed warning thresholds produce an excessive rate of false alarms. To address

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

VHCs use artificial neural networks to derive adaptive warning thresholds conditioned

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

opening α). This state-aware approach measurably improves the model’s classification

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 as H and α , 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 fluid-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 profile, dynamic pressure transducers are installed through-

out the turbine’s water passages, specifically 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 flow 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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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 flow or by a mechanical fault [110].

While prior predictive maintenance research has used these operational variables as

static inputs for fault classification,[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

flags 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 identified 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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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 fluctuations

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 specific 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 fluid’s vapor pressure, causing vapor-filled 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 flows 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 difficult owing to the physical environment [98]. Enclosed concrete machine halls

are strongly reverberant: reflections from the walls, floor, 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

insufficient 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

configurations (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 fluid-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

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

blades; an abnormal BPF amplitude indicates flow 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 flow-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 fluid-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 reconfigurations. 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

confirmed 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 difficult real-world conditions. They have

been reported to maintain classification 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 insufficient [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 fixed 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 Coefficients

(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) quantifies 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

flow-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-defined 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

fluid-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 defines 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 final 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 final 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 first 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 filters, their shallow layers

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

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 field, which makes it

difficult 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 defined as:

Attention(Q,K,V ) = softmax
(︃

QK⊤√
dk

)︃
V (2.1)

where dk is the dimensionality of the key vectors. The operation quantifies 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

fixed-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 insufficient 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 superficial 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 affine transformation (h̃i = γihi +βi) parameterized by the context

vector c: the predicted scale γi rescales each feature and the shift βi 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 fixed 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

flows, 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 final major challenge identified 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.

Specifically, the field lacks a unified, 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 flagged 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 flexibility

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 fixed 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 specific operating state. When the machine reverses into

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

training distribution, the reconstruction error inflates, 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 fits 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 figures 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 confirmed 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

classified 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 significant

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 flows 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 flow assigns such a pattern the low likelihood

it warrants during healthy operation [106].

To make likelihood evaluation efficient enough for real-time monitoring, several

architectures exploit structural simplifications. 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 fixed

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

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

signal as normal under one regime while flagging the identical signal as anomalous under

another [36].

One practical difficulty nonetheless remains: training flows 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 flow 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 flows, 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 confirmed 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 difficult, for two reasons.

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

event, such as a mechanical crack, produces a cascade of reflections 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.

27



2.5 Sound Source Localization

Together, these reflections and overlapping noise create conditions in which a dom-

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

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

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

and define 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 reflections [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 reflection 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 roughly c≈ 343 m/s, whereas elastic waves travel through solid steel at

roughly c≈ 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, benefit 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 identified 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 identified 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

confirmed 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 unified, 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 flows 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 unified architecture proposed in the following chapter is designed to close all

four of these gaps simultaneously.
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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 five 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 five 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, fine enough to resolve the characteristic tones of the full-scale machine, so

that the same preprocessing would transfer to a field 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 first two campaigns (D1, D2) used

a rectangular rig whose sensors span a 15.5×41×24cm corner-origin frame. The last

three (D3, D4, D5) used a circular 3D-printed casing about 10 cm across, with the sensors
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inside an 11×10×7cm envelope and the deliberately-evoked knock positions placed

around it, spanning x ∈ [−20,22] and y ∈ [−25,4]cm. Several knock positions therefore

sit outside the sensor footprint.

The rig is roughly 1:110 of the full machine’s casing radius (R≈ 5.5m). The speed

of sound is taken as 343 ms−1 at about 20 ◦C, and the structure-borne wave speed in

the plastic casing is treated as a single fixed 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 first-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,

flexural 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 first-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.
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3.2 Sensor Array and Data Acquisition

Figure 3.1: The two bench-top prototypes. (a) The rectangular rig of D1/D2; (b) the

circular 3D-printed rig of D3–D5 (∼10 cm across) with its nine microphones and four

accelerometers. Parts are keyed below the panels; the handwritten tape labels are the

sensor IDs of the position.json registry.

How the rig was driven changed as the corpus grew, and that evolution runs through

§3.3. The first two campaigns ran the rig through the three steady regimes and labeled

each recording PUMP, STANDSTILL, or TURBINE. The last three held the runner in a

single, unrecorded regime and instead varied an added background-noise fan, trading

mode labels for denser anomaly coverage and, from D4 on, full raw-waveform vibration.

As a result, operating mode is labeled on only two of the five campaigns, which constrains

how the data can be used and shapes several of the choices in the pipeline below.

3.2 Sensor Array and Data Acquisition

Every recording carries two sensor modalities placed around the casing: airborne acous-

tics and structural vibration.

Acoustic stream. The acoustic channels are wide-band single-channel microphones

recording mono WAV at 16 kHz, 16-bit per channel. The number of microphones grew
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3.2 Sensor Array and Data Acquisition

from four to nine over the campaigns as the rig was instrumented, so the channel count is

not constant across the corpus.

Vibration stream. The vibration channels are accelerometers on the casing wall,

recorded in one of two ways.

• Peak-amplitude mode (D1, D2, D3). The acquisition board reports, per channel,

only a timestamp plus the amplitude and dominant frequency of the strongest spec-

tral peak it found in a short on-board window. This limits the effective vibration rate

to about 3 Hz to 16 Hz, so these campaigns give only a slow, envelope-like signal

and cannot recover structure-borne detail at the 43.75 Hz runner-blade-passing tone

or above.

• Raw-waveform mode (D4, D5). The same hardware was reconfigured to stream

the raw ADC samples in direct-memory-access (DMA) batches of 128 slots, of

which a median of about 109 are real samples and the rest zero-padding, arriving

roughly every 290 ms. This gives an effective rate of about 376 Hz on D4 and about

446 Hz on D5, with one D5 sensor running at about 471 Hz. These rates are high

enough to capture every characteristic frequency in Table 3.3.

The move from peak-amplitude to raw-waveform vibration is the biggest change

across the corpus, and it makes the per-dataset vibration rate a value the pipeline has to

track explicitly. It feeds directly into the choice of impulsiveness statistic in §3.4.4.

File layout and timing. Each session is one directory of microphone WAVs and per-

channel vibration CSVs. The metadata, namely which sensors were active, which

operating mode the unit was in, and where a knock was applied, is encoded in the folder

names rather than in a separate file, and a per-campaign parser reads it (§3.3). The two

streams are started together by the acquisition firmware, so they share a common start

time. That alignment is still checked on every recording (§3.4.2), because the bench rig

has no way to enforce it.
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Figure 3.2: Sensor arrays and the 16 labeled knock positions (prototype frame, m).

(a, b) The circular rig shared by D3–D5, top and side views: several knock positions fall

well outside the dashed sensor convex hull, the geometric limit behind the per-position

failures of Figure 6.10. (c) The earlier rectangular D2 rig with its three single-mode

positions; open stars mark excluded recordings (dual-mode context or five-accelerometer

folder).

3.3 The Five Campaigns

The corpus is the union of five campaigns, each with its own array geometry, vibration

acquisition mode, label scheme, and purpose. They are summarized in Table 3.1. The

microphone rate is fixed at 16 kHz across all of them and kept without resampling; the

effective vibration rate differs from campaign to campaign and is resampled onto a per-

dataset regular grid at ingestion (§3.4.1) so the feature extractors always see a known,

uniform rate.
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Table 3.1: The five bench-top prototype campaigns. Vib mode distinguishes the embedded

peak-detection format from the raw-waveform DMA format of §3.2; Vib eff. SR is the

effective vibration rate after ingestion has resampled the stream onto a regular grid.

Spatial is the number of folder-encoded knock positions. The Operating points column

separates the annotated modes of D1 and D2 from the fan-noise levels (speed{1,2,3})

that D3 and D4 carry instead of a mode label (§3.3.1).

Dataset nmic nvib Mic SR Vib mode Vib eff. SR Spatial Operating points

D1 4 4 16 kHz peak ≈ 4Hz 0 PUMP, STANDSTILL, TURBINE, anomaly
D2 5 5 16 kHz peak 4Hz 5 PUMP, STANDSTILL, TURBINE, anomaly
D3 9 4 16 kHz peak 16Hz 1 speed{1,2,3}, knock
D4 9 4 16 kHz raw ≈ 376Hz 7 speed{1,2,3}, knock
D5 9 4 16 kHz raw ≈ 446Hz 6 healthy, knock

Figure 3.3: The five campaigns at a glance (Table 3.1): the array grows from a 4+4

to a 9+4 rig, and the vibration stream jumps two orders of magnitude in effective rate

(peak-amplitude ∼4 Hz → raw-waveform ∼446 Hz) between D3 and D4. Operating

mode is labeled only on D1/D2; D3/D4 carry the speed{N} fan-noise token instead

(§3.3.1).

The campaigns fall into three groups: a mode-detection pair (D1, D2), a fault-

detection-and-localization pair (D3, D4), and a focused localization campaign (D5). D1

and D2 sampled the three operating regimes and labeled every recording at the folder level.

D3 and D4 traded mode labels for denser anomaly coverage and the first raw-waveform
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vibration. D5 was recorded for localization alone, with a flat healthy pool and six knocks

at known positions due to its late reception.

3.3.1 Handling of Background Noise Conditions

One naming detail is easy to misread. The speed1, speed2, and speed3 tokens in

the D3 and D4 folder names are three levels of an added background-noise fan, used

at collection time to vary the signal-to-noise ratio. They are not three settings of the

runner. The runner’s actual mode during D3 and D4 was held fixed but never written

into the folder names, and the D5 healthy recordings carry no speed token at all. All

three campaigns are therefore treated as unlabeled for operating mode, and their healthy

recordings are pooled together. Reading speed{N} as a mode would split the healthy

data along an axis that has nothing to do with the machine’s regime. This pooling governs

both representation learning and the fitting of the healthy density model, and the speed

levels are not otherwise used to partition the data. The anomaly-detection transfer test of

§5.2.2 fits a threshold on one set of healthy recordings and evaluates it on a disjoint set

drawn from the pooled corpus, so the fan level is only one of several conditions that may

differ between the two sides, alongside operating mode and recording session, rather than

the axis along which the split is made. Its effect on robustness is reported separately as a

noise-level ablation.

3.3.2 Labeling Schemes Across Campaigns

The campaigns differ along two axes that matter for the rest of the pipeline: whether a

recording carries an operating-mode label, and how densely anomalies fill an anomaly

recording.

Anomaly mechanism. Across every campaign the anomalies are of one physical kind:

deliberately-induced impulsive impacts, produced by striking the casing with an impactor

(a “knock”), rather than naturally occurring faults. The campaigns differ only in whether

a knock carries a spatial label, not in the underlying mechanism.

D1 and D2. Each recording is labeled PUMP, STANDSTILL, or TURBINE at the folder

level. D1’s anomaly is a single bulk RandomFault recording of these knocks with no

per-event spatial annotation, so it contributes no knock position (the zero in Table 3.2)

and is used only for global, non-localized anomaly detection. D2 also splits its anomaly

recordings by knock position and operating context. Three of D2’s five anomaly folders

are single-mode (TURBINE); the other two are dual-mode, with pump and turbine engaged

38



3.4 Preprocessing Pipeline

at once, an artifact of how the test stand was wired at the time. The dual-mode recordings

mix two regimes under one label, so they are kept out of the labeled spatial set. The

single-mode anomaly recordings are anomalous throughout, so their knock position

applies to the whole recording.

D3 and D4. Each recording carries a speed{N} token but no mode. D3 has a single

instrumented-hit recording, whose position is the midpoint of the two named accelerom-

eters, at about (0.085,−0.025,0.080)m on the prototype scale. D4 has seven knock

folders, each named after the casing position where an impactor was applied. Unlike

the earlier campaigns, anomalies inside a D3 or D4 recording are sparse rather than

continuous: each D4 recording is about 11 minutes of mostly healthy background with

a few impulsive knocks inserted, so the folder’s knock position does not describe most

of its windows. One of D4’s seven folders carries a fifth accelerometer that the strict

ingestion step rejects (§3.4.1), leaving six usable D4 positions.

D5. D5 reuses the circular rig’s nine-microphone, four-accelerometer layout but is

organized around localization: a flat healthy pool with no speed split, plus six knock

folders at known positions, all recorded as raw waveform.

The durations behind these campaigns are summarized in Table 3.2, read directly

from the recording headers. D4 and D5 contribute most of the labeled knock positions;

the earlier campaigns add the D3 hit and the three D2 single-mode recordings, for sixteen

labeled positions in all.

Table 3.2: Durations and the number of labeled knock positions per campaign. The

“Anomaly” column is the total length of every anomaly recording in the campaign.

Campaign Healthy Anomaly Knock positions

D1 ∼ 39min ∼ 11min 0
D2 ∼ 20min ∼ 8min 3 (single-mode)
D3 ∼ 7min ∼ 0.6min 1 (midpoint)
D4 ∼ 33min ∼ 77min (sparse) 6
D5 ∼ 4min ∼ 27min 6

Total 16

3.4 Preprocessing Pipeline

This section describes the pipeline that turns a recording directory into the per-window

tensors. It has four stages: ingestion and normalization (§3.4.1), acoustic feature ex-
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traction (§3.4.3), vibration feature extraction (§3.4.4), and windowing (§3.4.5), with

a synchronization check inside the first stage (§3.4.2). Each stage is configured per

campaign, so the differences between campaigns (vibration rate, channel count, label

scheme) all end up in one uniform output format.

Figure 3.4: The four-stage preprocessing pipeline. Per-campaign differences (vibration

format, channel count, label scheme) are absorbed at ingestion; the output is one uni-

form per-window tuple pairing an (nmic,2,96,Tac) acoustic tensor at ∼7.81 Hz with an

(nvib,3,Tvib) vibration tensor at the campaign rate, aligned in time but never mixed in

value.

3.4.1 Ingestion and Normalization

A single ingestion step reads each recording directory into a paired data segment and

hides the per-campaign details from the rest of the pipeline. It does three things in order:

loads the audio, parses the vibration, and attaches the campaign metadata.

Audio load. Each microphone WAV is read into a floating-point array and stacked into

an (nmics,nsamples) tensor at the native 16 kHz rate. Integer PCM is scaled to [−1,1], and

a float WAV whose peak sits far outside that range is rescaled with a warning. If the

microphone count is not one the campaign expects, the step raises an error instead of

silently truncating, so a miscount surfaces immediately rather than as an unexplained

problem later. This is also what rejects the five-accelerometer D4 folder mentioned in

§3.3.2.
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Vibration parse. Depending on the acquisition mode, the pipeline routes the data

through one of two parsers. The peak-amplitude parser (D1, D2, D3) standardizes the

various on-disk column names into a single internal schema, using a sample-and-hold

step to resample the irregular stream of peaks to the campaign’s target rate (4 Hz for D1

and D2, 16 Hz for D3). For the raw waveforms (D4, D5), the parser reconstructs the

DMA batches by using the median real-sample count to define the batch size, sequentially

concatenating the samples from each row, and deriving the sample interval from the

median timestamp spacing between those rows. Since each accelerometer operates on its

own independent clock, every channel is mapped to a common target grid based on its

individually measured rate to maintain precise time alignment. To ensure data integrity,

the parser will halt and throw an error if these per-channel rates diverge by more than

10%. Regardless of the parser used, the final output is always a uniform (nvib,Tvib) array

at a known, consistent rate.

Positions and units. The last step attaches the sensor positions, the parsed mode label,

the operating-condition token, and the knock position where one exists. The position

files store centimeters, so every coordinate is divided by 100 and reported in meters. This

conversion matters: without it the circular-rig microphones would land at 0–11 meters

instead of 0–0.11 meters, which silently inflates every time-difference. A regression test

guards the published D3 position against this kind of unit drift.

3.4.2 Cross-Modal Time Synchronization

The ingestion step lines up the audio and vibration by sample index, taking sample 0 of

every WAV to match sample 0 of every vibration channel and trimming both to the shorter

length. Because the firmware starts the two streams together this is usually right, but

the bench rig cannot prove it, so the alignment is checked on every recording. The two

streams share information only at the slow envelope scale, where a common physical event

appears in both, so the check cross-correlates the mean microphone envelope, decimated

to the vibration rate, against the mean vibration envelope over a ±0.5s window:

r(k) =
∑t m̃(t) ṽ(t− k)√︁
∑t m̃(t)2

√︁
∑t ṽ(t)2

, k ∈ [−K,+K], K = ⌊0.5 fv⌋, (3.1)

where m̃ and ṽ are the zero-mean audio and vibration envelopes and fv is the vibration rate.

A confidence score, the ratio of the dominant peak to the next-largest local maximum,

separates a real shift from noise.
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A correction is applied only when the recording clears four gates: a peaked enough

audio envelope (excess kurtosis at least 1.0), a confidence of at least 1.5, an offset stable

across five sub-segments (spread and drift both within 10 ms), and an offset of at least

1 ms. When all four hold the offset is removed by dropping whole samples from the

lagging stream and then applying a sub-sample frequency-domain shift refined with a

three-point parabola [54], which avoids inventing samples and leaves a residual below

1/max( fmic, faccel) ≈ 62.5µs. On this corpus the gates almost never fire: the healthy

recordings are too steady to give the correlation a peak and the knock peaks do not line

up across the two streams, so most recordings confirm the firmware-level alignment

rather than override it. The step is therefore off by default and is retained for a future

deployment whose streams share no common trigger.

3.4.3 Acoustic Feature Extraction

Each microphone channel becomes a two-channel time-frequency image: channel 0 is

a log-mel spectrogram over the full audio band, and channel 1 is a continuous-wavelet

scalogram over the narrow band that holds the machine tones. The analysis grid is set by

the characteristic frequencies in Table 3.3.

Table 3.3: Characteristic mechanical and electrical frequencies of the ROW II pump-

turbine at 375rpm. These are the reference tones of the full-scale machine; the prototype

is not claimed to reproduce them, and the rationale for sizing the analysis grid to resolve

them is given in §3.4.3. The shaft fundamental and the guide-vane-passing tone are given

at their loading-adjusted values (5.87Hz and 117.3Hz) rather than the no-load nominals

(6.25Hz and 125Hz); see footnote1.

Quantity Frequency (Hz)

Shaft fundamental (nominal, 375rpm) 6.25
Shaft fundamental (loading-adjusted) 5.87
Runner-blade-passing (7×) 43.75
Electrical-network 50.00
Rotor-pole-passing (16×) 100.00
Guide-vane-passing (loading-adjusted, 20×) 117.30

1The nominal shaft fundamental of 6.25 Hz corresponds to a synchronous 375rpm runner under no
load. Under load, synchronous slip and guide-vane back-pressure pull the effective fundamental down to
about 5.87 Hz, and that shift carries through to every harmonic, moving the guide-vane-passing tone from
125 Hz to 117.3 Hz. The loading-adjusted values are used so the analysis grid matches the content actually
present in the recordings.
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3.4 Preprocessing Pipeline

Analysis grid. The grid was selected empirically, with a sweep over nfft, hop length, and

the number of mel bands across the five campaigns, settling on nfft = 4096, hop = 2048,

and nmels = 96. At 16 kHz this is a 256 ms window, a 128 ms hop, and a frame rate

of about 7.81 Hz. This choice is also forward-compatible with the field machine: the

tightest frequency-resolution demand a ROW II deployment would place on the grid is

the 17 Hz gap between the rotor-pole-passing tone at 100 Hz and the guide-vane-passing

tone at 117.3 Hz, and nfft = 4096 resolves it with room to spare (3.9 Hz bins), so the same

preprocessing would transfer to the field without re-tuning. On the prototype data the fine

resolution is not harmful: it is the empirical optimum of the sweep, the short impulsive

events are captured by the multi-scale windowing and the wavelet channel rather than by

frequency resolution, and the hop length barely affected the result once window and band

count were fixed. The same grid is therefore used for all five campaigns.

Channel 0: log-mel spectrogram. The log-mel channel is computed with librosa [81]

over 20 Hz to the 8 kHz Nyquist limit. The mel scale puts most of its resolution at

low frequencies, where the machine tones live, which is the usual reason to prefer it

over a linear scale in this setting [15]. An absolute decibel reference is kept rather than

normalizing each recording to its own peak, so that real loudness differences between

regimes (PUMP is louder at the casing wall than STANDSTILL) survive into the features,

and the noise floor is clipped 80 dB below the peak so silent bins do not go to −∞.

Channel 1: CWT scalogram. The second channel is a continuous-wavelet scalogram

with a complex Morlet wavelet on 32 log-spaced scales from 20 Hz to 250 Hz. That

spacing puts about 8 Hz between bins near 100 Hz, so the 100 Hz and 117.3 Hz tones,

separated by 17.3 Hz, still land about two bins apart, in separate bins where the mel

filterbank cannot tell them apart. The 250 Hz cap covers every machine tone with an

octave to spare. To keep the transform affordable, the signal is anti-aliased and decimated

to 1 kHz first; the resulting 500 Hz Nyquist still covers the whole band. The log-mel and

CWT outputs are stacked into one (nmels,Tframes) image, so the same row index means a

different physical frequency in each channel: the log-mel channel covers the full audio

band, and the CWT channel zooms into the machine-tone band. The two are brought

to a common shape by max-pooling the CWT along time (which keeps the peak of a

short knock rather than averaging it away) and linear interpolation along frequency. The

acoustic stage outputs an (nmics,2,96,Tframes) tensor at about 7.81 Hz.
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Figure 3.5: The premise of RQ1, visible by eye: the two acoustic input channels

(top: log-mel spectrogram; bottom: CWT scalogram of the machine-tone band) differ

systematically across STANDSTILL, TURBINE and PUMP recordings of the same rig.

Absolute dB references are retained, so the loudness difference between regimes survives

into the features.

3.4.4 Vibration Feature Extraction

Each accelerometer channel becomes a three-channel time series: amplitude, envelope,

and impulsiveness.

Channel 0: amplitude. The raw amplitude is zero-meaned and z-score normalized.

This matters because the on-disk scales differ by two orders of magnitude across cam-

paigns, with the peak-amplitude streams near 0–2000 ADU and the D4 raw values around

18000. The mean and standard deviation are computed once over each dataset’s healthy

pool and reused for every window of that dataset, which keeps real loudness differences

inside a recording while still bringing the campaigns onto a common scale.

Channel 1: Hilbert envelope. The second channel is the magnitude of the analytic

signal, z-score normalized. The envelope is the standard tool for picking out bearing-type

defects in vibration data [5, 11]: on the raw waveforms it shows amplitude modulation at

the blade-passing frequency, and on the peak streams it keeps the slow modulation that

separates a developing condition from a steady one.

44



3.4 Preprocessing Pipeline

Channel 2: rolling impulsiveness. The third channel flags departures from a steady

background, the signature of an impulsive event. Which statistic to use depends on the

vibration rate, because no single sample-count window works across all five campaigns.

The sampling error of the kurtosis estimator on Gaussian data is about
√︁

24/N, so at

N = 5 samples it is roughly ±2.2, too noisy to trust, while at 4 Hz a window long enough

to reach N = 31 would span more than 7 s and smear a single knock into its surroundings.

The window is fixed in time instead, at 100 ms (the rough ring-down of a knock on the

plastic casing), and the statistic is chosen from the resulting sample count. When the

window holds at least 31 samples, the bias-corrected excess kurtosis of Joanes and Gill is

used; otherwise a rolling crest factor max |x|/RMS(x) over a 1 s window is used, which

stays well-defined down to a few samples [5, 24]. Both say the same thing to the model,

that a high value means an impulsive event. The per-dataset choice is shown in Table 3.4.

The vibration stage outputs an (nvib,3,Tvib) tensor at the campaign’s target rate.

Table 3.4: Per-dataset choice of the channel-2 impulsiveness statistic. The window is

fixed in time (100 ms for kurtosis, 1 s for crest factor) and rounded to the nearest odd

sample count; kurtosis is used only when that count reaches 31. Only the two raw-

waveform campaigns have a high enough rate to support it.

Dataset Accel. SR Kurtosis-window samples Channel-2 statistic

D1 (peak) 4 Hz 1 (< 31) Crest factor (N = 5 over 1 s)
D2 (peak) 4 Hz 1 (< 31) Crest factor (N = 5 over 1 s)
D3 (peak) 16 Hz 3 (< 31) Crest factor (N = 17 over 1 s)
D4 (raw) ≈ 376Hz 39 (≥ 31) Joanes–Gill excess kurtosis
D5 (raw) ≈ 446Hz 45 (≥ 31) Joanes–Gill excess kurtosis
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3.4 Preprocessing Pipeline

Figure 3.6: The three vibration input channels on raw-waveform D4 data, healthy (left)

versus a knock recording (right) on a shared y-scale. Amplitude and Hilbert envelope carry

the event; the rolling Joanes–Gill excess kurtosis (channel 2) isolates its impulsiveness

against the steady background, the signature the AND rule’s vibration branch fires on.

3.4.5 Windowing

The two modalities now sit at different rates: about 7.81 Hz on the audio side and 4 Hz to

446 Hz on the vibration side. The last stage cuts them into the paired windows the model

reads, and it is the only place the two modalities are brought together at the data level,

and only in time, with no values mixed. A window is set by a duration W in seconds, and

the number of frames on each side is computed from that side’s own rate:

framesac = max
(︁
2, round(W f seg

ac )
)︁
, (3.2)

framesvib = max
(︁
2, round(W f seg

vib )
)︁
. (3.3)

Using each side’s own rate keeps a high-rate D4 window from being cut down to the slow-

est stream in the corpus. The vibration crop’s start is taken from the audio window’s start

time, startvib = round(startac/ f seg
ac · f seg

vib ), so the two crops begin at the same instant. Win-

dows are grouped into batches by their shape, keyed by (nmics,nvib, framesac, framesvib),

so windows from arrays with different channel counts (the 4+4, 5+5, and 9+4 rigs) are

never stacked together and no padding is needed.
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A single window length does not suit every task: longer windows give steadier

estimates of the operating mode, while shorter ones capture a short knock better. The

shortest usable window is also set by the vibration rate. Each dataset is therefore given a

small tuple of window lengths, spaced by octaves, with windows drawn at 50% overlap

(Table 3.5).

Table 3.5: Per-dataset window lengths. Lengths are octave-spaced; the peak-amplitude

campaigns cannot resolve windows shorter than 5/ fvib (one length-five convolution kernel

on the vibration side), while the raw-waveform campaigns are effectively unconstrained.

Dataset Accel. SR Min window Window lengths (s)

D1 4 Hz 1.25s 1.5,3.0,6.0
D2 4 Hz 1.25s 1.5,3.0,6.0
D3 16 Hz 0.31s 0.5,1.0,2.0,4.0
D4 ≈ 376Hz ∼ 0.013s 0.5,1.0,2.0,4.0
D5 ≈ 446Hz ∼ 0.011s 0.5,1.0,2.0,4.0

The per-window output. The pipeline produces one uniform tuple per window: an

(nmics,2,96,Tac) acoustic tensor, an (nvib,3,Tvib) vibration tensor, the per-channel sensor

positions in meters, the campaign identifier, the operating-mode label where it exists, and

the knock position where it exists. The two tensors are aligned in time but kept separate,

of separate shapes, so the varying per-campaign array geometry is preserved all the way

through. These per-window tuples are the output of the preprocessing pipeline and the

input to the model described in the following chapters.
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Chapter 4

Architecture

This chapter describes the model that consumes the per-window tensors produced by

the preprocessing pipeline of Chapter 3. The design follows directly from the research

questions of Chapter 1: it must fuse acoustic and vibration streams, recover the operating

context without labels, score windows for anomaly in a way that adapts to that context,

and localize a detected anomaly inside the casing. The chapter presents the architecture

and its training objectives only; the evaluation protocol, baselines, and metrics are set out

in Chapter 5, and the results follow in Chapter 6.

4.1 Architecture Overview

The complete system, from the sensor streams through the data pipeline to the operator-

facing outputs, was set out at a high level in §1 (Figure 1.2); this section expands its

learned core into the four stages that the rest of the chapter details. The architecture is a

single chained system, built and trained in four stages that are referred to throughout as

V1 to V4. Each stage adds one capability and reuses the frozen output of the stage before

it.

1. Per-modality encoders (V1). A two-dimensional CNN over the acoustic repre-

sentation and a one-dimensional CNN over the vibration representation turn each

sensor channel into a feature vector, which is then enriched with position and dataset

information and pooled into a per-channel token sequence (§4.2).

2. Cross-modal fusion and context (V2). A bidirectional cross-attention block lets

the two token sequences attend to each other, and a pooling-by-attention module

compresses the fused tokens into a single context vector ccct that represents the

machine’s current operating state (§4.3). Both stages are trained without labels by

self-supervision (§4.4).
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3. Conditional anomaly detection (V3). A conditional normalizing flow scores each

window by its exact negative log-likelihood under a density that is modulated by ccct ,

and a per-cluster percentile threshold turns that score into an alert (§4.5).

4. Source localization (V4). For windows that V3 flags as anomalous, a conditional

localization head combines a classical acoustic power map with structure-borne

time-difference features to estimate a three-dimensional source position (§4.6).

Figure 4.1: The chained V1→V4 system. Per-modality encoders (V1) turn each sensor

channel into a token; bidirectional cross-attention and a PMA pool (V2) compress the

token sequences into the context vector ccct ; a FiLM-conditioned normalizing flow (V3)

scores each window by exact negative log-likelihood against a per-cluster threshold; and

only alert windows reach the localization head (V4). Each stage trains with all stages

above it frozen.

Three design commitments run through every stage. First, the model is channel-

agnostic: it is built on permutation-invariant set operations so that the same trained

weights process the 4+4, 5+5, and 9+4 arrays of the five campaigns without retrain-

ing [70, 133]. Second, the operating context is label-free: the context vector is learned

by self-supervision and the anomaly threshold is fitted on healthy data alone, so the

operating-mode labels that exist for only two of the five campaigns (Chapter 3) are

never used at training time. Third, scoring is exact: the anomaly head reports a true

log-likelihood rather than a reconstruction error, which gives a directly interpretable and
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4.2 Per-Modality Encoders

streamable anomaly score. The way the four stages connect at inference time, and how

the system runs as a stream, is set out in §4.8.

4.2 Per-Modality Encoders

Each modality is first encoded independently. The two backbones are deliberately plain

convolutional networks; the modeling effort is concentrated in the fusion and conditioning

stages rather than in ever-deeper feature extractors. Both backbones share a feature width

of 64 and use GELU activations [44] and batch normalization [53]. Batch normalization

is retained deliberately: its cross-sample coupling supplies the implicit anti-collapse

pressure that the contrastive objective of §4.4 depends on.

4.2.1 Acoustic Encoder

The acoustic encoder is a three-block two-dimensional CNN applied to each microphone

independently. Its input is the (2,F,T ) per-microphone image of Chapter 3, with the

log-mel spectrogram on one channel and the wavelet scalogram on the other. The blocks

widen the channel count 2→ 32→ 64→ 128 with 3×3 convolutions and 2×2 max-

pooling, after which the 128-channel feature map is collapsed to a single vector per

microphone by the attentive statistics pool and projected to the 64-dimensional feature

width.

The pooling step is an Attentive Statistics Pool rather than a plain global average.

Attentive statistics pooling, a technique originally developed for text-independent speaker

verification [89], replaces the first-moment summary with an attention-weighted concate-

nation of the mean and the standard deviation, [µµµ ∥σσσ ], computed over the time-frequency

positions:

α = softmax
(︁
φ(hhh)

)︁
, µµµ = ∑

m
αmhhhm, σc =

√︂
∑m αmh2

m,c−µ2
c , (4.1)

where hhhm are the per-position feature vectors and φ is a small attention network with a

bottleneck reduction of 8. Retaining the standard deviation is the point: a short knock

occupies only a small fraction of the frames in a multi-second window, so a mean-only

summary dilutes it, whereas the second-moment term preserves the spread that a transient

produces regardless of how much steady background surrounds it.
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4.2 Per-Modality Encoders

Figure 4.2: The two deliberately plain encoder backbones. Both widen to a 128-channel

convolutional map, pool it to a shared 64-dimensional feature width, and meet in the same

attentive statistics pool (Eq. 4.1); retaining the attention-weighted standard deviation

[µµµ∥σσσ ] keeps a short knock visible inside a multi-second window.

4.2.2 Vibration Encoder

The vibration encoder is the one-dimensional analogue, applied to each accelerometer

channel independently. Its input is the (3,T ) per-channel series of Chapter 3 (amplitude,

Hilbert envelope, and rolling impulsiveness). Three one-dimensional convolution blocks

with kernel size 5 widen the channels 3→ 32→ 64→ 128, and the same attentive

statistics pool (now over the time axis) and linear projection produce one 64-dimensional

feature vector per accelerometer. Keeping the two backbones structurally parallel is what

allows the per-modality weights learned in V1 to be transferred directly into the fusion

encoder of V2.

4.2.3 Channel Tokens and the Set-Transformer Pool

The per-channel feature vectors are turned into a token sequence that the attention stages

can operate on. Each token concatenates its feature vector with the sensor’s three-

dimensional position in meters, a learned modality embedding, and a learned dataset

embedding, and projects the result to a shared 64-dimensional embedding space. Carrying
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the position and the campaign identity in the token is what lets a single model reason

about different array geometries.

The token sequence is then passed through one Multi-head Attention Block (MAB)

for intra-modality self-attention, followed by a Pooling-by-Multi-head-Attention (PMA)

module with a single learned seed query that compresses the sequence into one summary

vector. Both blocks are the permutation-invariant building blocks of the Set Trans-

former [70]: the MAB applies the standard scaled dot-product attention of the Trans-

former [119],

Attention(Q,K,V ) = softmax
(︂

QK⊤√
dk

)︂
V, (4.2)

inside a pre-norm transformer block, and the PMA uses learned seed queries in place of a

fixed average so the network can decide which channels carry the most information [133].

Because both operations are invariant to the ordering and the number of input tokens, the

encoder accepts any channel count without change. The per-modality encoder returns

both the token sequence, which the fusion stage consumes, and the single summary vector,

which the V1 contrastive objective and the operating-mode sanity check use.

4.3 Cross-Modal Fusion and the Context Vector

Fusion is a single bidirectional cross-attention block. It runs two MAB passes that share

no weights: the acoustic tokens form the queries and attend over the vibration tokens,

and the vibration tokens symmetrically attend over the acoustic tokens, by (4.2). Each

modality therefore emerges having read the other, while the two streams stay distinct and

keep their own channel counts. A single bidirectional block is used instead of deeper

stacks. One symmetric hop suffices to expose every acoustic token to every vibration

token while preserving channel-count invariance.

The fused tokens are pooled into the context vector ccct ∈ R64 by a PMA module with

two learned seed queries whose outputs are averaged. The two seeds give the pool enough

capacity to summarize the joint sequence from more than one aspect while keeping the

context dimension fixed. This vector is the operating-state representation that the rest of

the system conditions on: it is the quantity clustered to recover operating mode (§4.4)

and the conditioner fed to the anomaly and localization heads (§4.5, §4.6).
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Figure 4.3: Token construction and fusion. Each channel token carries its feature vector,

metric sensor position, and learned modality and dataset embeddings; one bidirectional

cross-attention hop couples every acoustic and vibration token, and a two-seed PMA pool

produces the context vector ccct . Every block is permutation-invariant, so the same weights

serve the 4+4, 5+5 and 9+4 arrays without retraining.

4.4 Self-Supervised Context Learning

The encoders and the fusion block are trained without any operating-mode labels, in two

self-supervised stages. The premise is that the operating mode is present in the signal but

unannotated on most campaigns (Chapter 3), so the representation must be learned from

structure in the data rather than from supervision.

V1: per-modality contrastive pretraining. Each backbone is pretrained on its own

modality with a contrastive objective. Two augmented views of the same window are

pulled together in embedding space while views from different windows are pushed

apart, using the normalized temperature-scaled cross-entropy loss standard in contrastive

representation learning [13, 90]. The augmentations are mild and physically motivated:

spectrogram masking [93], channel dropout, and gain jitter. The effect is to make the

encoder invariant to nuisance variation while remaining sensitive to the operating regime.

V2: joint fusion and context. The fusion block and the context pool are then trained

on paired windows, with the per-modality encoder weights inherited from V1. Three
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objectives are combined. A contrastive loss on the context vector ccct pulls together two

augmented views of the same window. A latent masked-modeling loss [7, 32] replaces

a random fraction of per-modality tokens with a learned mask token before fusion and

regresses the fused output at the masked positions back to the pre-mask embeddings under

a cosine objective; this operates in the latent space rather than on raw pixels or samples, so

the context vector is not forced to reconstruct the irrelevant high-frequency detail of either

modality. A cross-modal alignment term encourages the two per-modality summaries of

the same window to agree. Together these objectives shape ccct into a compact code of the

operating state.

To answer the first research question, the learned context vectors of the labeled

campaigns are clustered with K-means [75] and compared against the recorded operating

modes. Crucially, only the label-free cluster identities are used by anything downstream;

the operating-mode labels enter solely in the evaluation of Chapter 6, never at fit time.

Figure 4.4: The label-free training objectives. (a) V1 pulls two augmented views of the

same window together and pushes other windows apart (NT-Xent). (b) V2 combines

a contrastive loss on ccct , a latent masked-modeling loss, and a cross-modal alignment

(CMA) term. On this corpus CMA yields no measured mode-discovery gain over an

un-aligned variant (Table 6.4, §7.2).
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4.5 Conditional Anomaly Detection Head

4.5 Conditional Anomaly Detection Head

The anomaly head scores a window by how probable it is under a learned density of

healthy operation, conditioned on the operating context. Following the normalizing-flow

approach to density estimation [106, 116], it is a conditional normalizing flow built

from affine coupling layers [23], conditioned on ccct by Feature-wise Linear Modulation

(FiLM) [95]. Working with an exact likelihood, rather than a reconstruction error, is what

makes the score directly interpretable as statistical rarity and lets the same model adapt

its notion of normal to the current regime [36, 62].

The head consumes a fixed-dimensional feature xxx, obtained by pooling the fused

per-channel tokens of a window, together with the context vector ccct . Each coupling layer

splits xxx by a binary mask mmm that alternates between layers, passes the masked half through

unchanged, and applies a conditioned affine transform to the other half:

zzz = mmm⊙ xxx+(1−mmm)⊙
(︁
xxx⊙ exp(sss(xxxa,ccct))+ ttt(xxxa,ccct)

)︁
, xxxa = mmm⊙ xxx, (4.3)

where the scale and translation networks sss and ttt are FiLM-modulated MLPs and the

scale is bounded as sss = smax tanh(·) with smax = 2 for stable, invertible layers. The FiLM

modulation normalizes the conditioner first and applies a learned scale and shift between

hidden layers,

hhh←
(︁
1+ γ(c̃cc)

)︁
⊙hhh+β (c̃cc), c̃cc = LN(ccct), (4.4)

with γ and β zero-initialized so the flow starts as an unconditional density and only

learns to use the context once that demonstrably helps. Stacking six such layers gives an

invertible map to a standard-normal base distribution, and the conditional log-likelihood

follows in closed form from the change of variables,

log p(xxx | ccct) = logN (zzz; 000, III)+ ∑
layers

∑
i:mi=0

si, (4.5)

so the anomaly score is simply − log p(xxx | ccct). Training maximizes this likelihood on

healthy windows only. The flow’s width and depth, and the training settings, selection

grids, and parameter counts of all four stages, are tabulated in Appendix A.

Per-cluster thresholds. A raw likelihood is turned into an alert by a context-dependent

threshold, which is what keeps the false-positive rate stable across operating modes. The

healthy context vectors are clustered into K = 3 groups and the 95th percentile of the

55



4.5 Conditional Anomaly Detection Head

healthy anomaly score is taken within each cluster. At inference a window is assigned to

its nearest healthy centroid in ccct space and flagged when its score exceeds that cluster’s

threshold. Here K is a design parameter: the number of operating regimes the per-cluster

calibration is meant to distinguish. It is set to K = 3 to match the three steady modes the

prototype was operated in (Pump, Standstill, and Turbine), so that each steady regime

receives its own healthy threshold and a change of regime reads as a context shift rather

than a fault. The choice enters only through the cluster count, never through labels: the

thresholds are fitted on healthy data alone, and the cluster identities are arbitrary integers,

matched to mode names only for the reporting of Chapter 6. The same scheme extends

to a field machine by setting K to its number of operating regimes. It could be extended

further to treat the transition phases between regimes as their own clusters, giving K

equal to the number of steady modes plus the number of transition types, which might let

the per-cluster threshold stay calibrated through a transition as well as within each steady

mode. Whether such transition clusters help is an empirical question left to future work,

since the prototype corpus contains no transition recordings on which to fit or test them.

Event extraction. For streaming use, the per-window score timeline is reduced to

discrete events by a hysteresis (Schmitt-trigger) rule: an event opens when the score

crosses the cluster threshold and closes only when it falls back below a lower bound,

which prevents a single event from fragmenting as the score fluctuates around one

boundary [107]. This event view is the form an operator would act on and the gate that

selects which windows reach the localization head.
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Figure 4.5: The conditional anomaly head. Six affine coupling layers with FiLM-

modulated scale/translation networks (Eq. 4.3, 4.4) map the pooled window feature to a

standard normal, giving the exact score − log p(xxx | ccct) (Eq. 4.5); zero-initialized FiLM

makes the unconditional ablation exact. Alerts are raised against the 95th percentile of

healthy scores within the window’s nearest healthy ccct-cluster.

4.6 Source Localization Head
For a window the anomaly head has flagged, the localization head estimates the three-

dimensional source position. It is conditional and channel-agnostic, and it combines a

classical acoustic prior with a learned, structure-borne correction, following the hybrid

principle that feeding a classical steered-power map into a neural network outperforms

learning from raw audio alone [21].

Acoustic prior. The front-end computes a Steered-Response-Power map with phase

transform (SRP-PHAT) over a fixed three-dimensional candidate grid in meters [33].

Because the grid is fixed, the resulting power volume has the same shape regardless

of how many microphones contributed, which preserves channel agnosticism. When

a window contains a short transient inside a long span, the map is computed on the

highest-energy sub-window so the cross-correlations concentrate on samples that actually

carry source information.

Heatmap soft-argmax. A small three-dimensional CNN turns the power volume into a

per-voxel logit map and a global summary feature. A differentiable soft-argmax over the
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logit volume yields a continuous initial estimate in meters,

p̂pp0 = ∑
v

softmax
(︁
ℓℓℓ/τ

)︁
v gggv, (4.6)

where ℓℓℓ are the voxel logits, gggv are the voxel-center coordinates, and τ is a temperature.

This integral-regression formulation [115] keeps the spatial structure of the map that a

global pool would discard and gives sub-voxel precision on a fixed grid.

Structure-borne correction. Accelerometer pairs supply a complementary timing cue.

For each pair the front-end computes a generalized cross-correlation peak delay [67],

converts it to a path difference in meters through the assumed structure-borne wave speed,

and forms an eight-dimensional token of the path difference, the two sensor positions,

and the pair distance. A Set-Transformer pool over the variable number of pairs produces

one channel-agnostic vibration feature. A FiLM-conditioned residual MLP then reads

the global acoustic feature, the vibration feature, and the initial estimate, and predicts a

bounded additive correction,

p̂pp = p̂pp0 + r tanh
(︁
MLPFiLM(ccct)(·)

)︁
, (4.7)

with the correction capped at r = 0.20 m. The bound is tied to the physical scale of

the prototype: a fault originates inside the instrumented rig, so the learned correction is

restricted to roughly the size of the machine rather than left free to move the estimate

further. A larger cap could only carry the prediction beyond the physical extent of the

casing, which is never the correct location for a source inside it. At r = 0.20 m the

correction stays on the order of the prototype’s spatial extent and is also enough to repair

the inward bias that soft-argmax exhibits on grid-edge positions. This bound is the

architecture default and produces every localization number reported in this thesis; the

residual range is swept in §6.7, and the relationship between that sweep and this default

is reconciled there. As in the anomaly head, the FiLM projections are zero-initialized, so

at the start of training, and under the unconditional ablation (Chapter 5), the head reduces

exactly to soft-argmax plus an unconditional residual. The acoustic speed of sound is

taken as 343 ms−1 and the structure-borne wave speed in the plastic casing as a fixed

assumed value of approximately 2000 ms−1; calibrating it per casing material is left to

future work.
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Figure 4.6: The localization head. A classical SRP-PHAT volume on a fixed metric grid

seeds a soft-argmax initial estimate (Eq. 4.6); accelerometer-pair GCC delays become

channel-agnostic TDOA tokens through the assumed structure-borne wave speed; and a

FiLM(ccct)-conditioned MLP predicts a bounded residual correction (Eq. 4.7, r = 0.20 m).

The confidence-gated late-fusion variant trusts whichever pipeline moved its own initial

estimate less.

4.7 Integration of Supervisory Signals

The fourth research question asks whether slow supervisory signals such as temperature

and pressure can sharpen detection and localization. The architecture provides the

pathway directly: both heads accept an optional supervisory vector ssst that is concatenated

with the context vector before the FiLM projection, so a process variable conditions the

same modulation mechanism the operating context already drives.

The prototype corpus carries no native temperature, pressure, or SCADA channels

(Chapter 1), so this question cannot be answered on the prototype data and is treated

as exploratory. Two limited checks are possible: the mechanism is exercised with the

recorded operating-condition token as a stand-in supervisory variable, and the real ROW II

SCADA archive is mined offline to rank its channels by the mutual information they

carry with historical anomaly events, identifying the pressure, thermal, and hydraulic
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channels a field deployment would wire into ssst . Their setup is given in Chapter 5 and

their outcomes in Chapter 6; full validation is left to that future deployment.

4.8 Chained Inference and Streaming

At inference the stages run as a chain on the frozen weights of the stages above them.

The encoder and fusion block of V1 and V2 map a window to its context vector ccct and

its pooled feature xxx. The anomaly head scores the window by (4.5) and compares it to

the per-cluster threshold. Only windows that raise an alert are passed to the localization

head, which returns a position. This gating is also how the supervised localization cohort

is assembled during training (Chapter 3): on campaigns where anomalies are sparse, a

recording-level position label is applied only to the windows the anomaly head surfaces,

rather than to every window of the recording.

The same trained system runs as a stream. Following standard practice in acoustic

event detection [117], the inference-time window stride is decoupled from the training-

time stride, so the score timeline can be produced at a finer cadence than training used, and

the hysteresis rule of §4.5 converts that timeline into the discrete events an operator would

see. Because every component is permutation-invariant and channel-count agnostic, the

same weights serve the four-, five-, and nine-microphone arrays of the corpus, which is

the property a single deployable model on a varying sensor array requires.
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Figure 4.7: Streaming inference. The encoder, flow score, and hysteresis event rule run

on every window at a fine inference stride; the localization head runs only on windows

the anomaly gate flags. The Schmitt-trigger hysteresis (open above the cluster threshold,

close at a lower bound) prevents one event from fragmenting as the score fluctuates

around the boundary.

This completes the description of the architecture and the way it is trained and run.

Each of its design commitments is, in the end, an empirical claim: that the context

vector recovers the operating mode without labels, that conditioning the anomaly head

on that context holds the false-positive rate down at mode boundaries, that the structure-

borne path sharpens localization over an acoustic-only baseline, and that the supervisory

pathway would add value if the signals were available. Chapter 5 sets out the data splits,

metrics, baselines, and ablations that put each of these claims to the test, and Chapter 6

reports what they show.
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Chapter 5

Experimental Evaluation

This chapter defines how the architecture of Chapter 4 is evaluated against the four

research questions of Chapter 1, on the corpus of Chapter 3. It specifies the evaluation

protocol, the metric attached to each question, the baselines the model is measured against,

and the ablations that isolate the contribution of each design choice. The numerical

outcomes belong to Chapter 6; the purpose here is to fix the rules under which those

numbers are produced, so that every claim in the next chapter traces to a stated procedure

rather than to a choice made after the result was seen.

Four properties of the data shape the design throughout. Operating-mode labels exist

on only two of the five campaigns. Anomalies are annotated at the level of a recording

rather than a window, so per-window anomaly ground truth does not exist for the field

data. The labeled localization cohort is small, 16 positions in total. And because each

labeled cohort is small, several of the metrics couple to quantities that are themselves

stochastic, most visibly the K-means assignment used to score the operating context and

to set the per-cluster thresholds, so a number read from a single training run can move

under a different random seed. Each of the first three constraints rules out a conventional

supervised metric; the fourth rules out single-run reporting. The protocol below answers

all four.

The chapter proceeds in the order of the four research questions. §5.1 fixes the

evaluation protocol and data splits that all four share, and §5.2 then attaches a metric to

each question in turn: the operating context (RQ1), anomaly detection under domain shift

(RQ2), source localization (RQ3), and supervisory signals (RQ4). The baselines against

which each stage is measured follow in §5.3, and the ablations that isolate each design

choice close the chapter in §5.4.
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5.1 Evaluation Protocol and Data Splits

5.1 Evaluation Protocol and Data Splits

Label discipline. The central rule is that no label is used before the stage that is

permitted to use it. The self-supervised encoder (§4.4) and the per-cluster anomaly

threshold (§4.5) are fitted on healthy data alone; operating-mode labels enter only at

evaluation time, where they are compared against the already-fixed K-means clusters of

the context vector. Spatial labels are used only to supervise and to score the localization

head. This keeps every label-conditioned claim free of leakage by construction, and

it mirrors the intended deployment, in which mode and position annotations are not

available at run time.

Splits. Train and validation partitions are drawn at the level of recordings, stratified by

operating mode, so that the windows of one recording are never split across a fold and the

leakage a window-level partition would invite is avoided. The healthy-versus-anomaly

distinction is likewise a recording-level label. Within an anomaly-bearing recording the

fault is sparse, and only a subset of windows actually contains it, so the detector is scored

per window and the localization head is run only on the windows the detector gates as

alerts (the gating rule of Chapter 4). The recording is the atomic unit of the partition;

the window is the operative unit of detection and localization. For anomaly detection a

held-out pool of healthy recordings is reserved both for fitting the per-cluster thresholds

and for measuring the healthy alert rate.

Localization protocols. For localization, three complementary generalization protocols

are used, in increasing order of strictness.

1. Leave-one-recording-out. Cross-validation folds over the labeled localization

recordings, holding out one recording at a time. It is the loosest test, because two

recordings at the same physical position can still fall on opposite sides of a fold.

2. Leave-one-position-out. Cross-validation closes that gap by folding over every

labeled casing position in the D2, D3, D4, and D5 cohorts, 16 in total: for each

fold the head is trained from scratch on all other positions and evaluated on the

held-out one. The error is reported as a mean and standard deviation across folds,

the standard small-sample generalization estimator, with the per-fold minimum and

maximum given alongside as a supplementary range.

3. Cross-dataset transfer. Training is on one set of campaigns and evaluation on a

disjoint one, for example training on D2, D3, and D4 and testing on the later D5
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session, since D1 carries no spatial labels. This tests generalization across recording

sessions and rig states rather than only across positions within a session.

Figure 5.1: The evaluation protocol at a glance. All partitions are drawn at recording

level; the anomaly threshold is fitted and evaluated on disjoint healthy subsets; and

localization is tested under three protocols of increasing strictness: leave-one-recording-

out, leave-one-position-out over all 16 labeled positions, and cross-session transfer to the

never-seen D5 session. Every stage that depends on a stochastic fit is repeated over five

seeds.

Seeds and significance. Two kinds of uncertainty are reported, and they are kept distinct.

The first is sampling uncertainty at fixed training: a single-sample percentile bootstrap

gives a confidence interval on a mean error or an area under the curve, a paired bootstrap

on the per-window difference between a conditioned model and its unconditioned ablation

gives both an interval on the difference and a two-sided p-value, and alert rates, being

proportions, carry a Wilson score interval. The second is training uncertainty across

random initializations, which at this cohort size is not negligible. Every stage that depends

on a stochastic fit is therefore trained over a fixed set of five seeds, {42,1337,2024,7,99},
and the headline quantity is the distribution over those seeds, summarized as a median

with the observed range, rather than a single point. This matters because the scoring of

the operating context and the per-cluster thresholds both rest on a K-means assignment

whose initialization varies with the seed, so a metric that couples to that assignment, the
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mode-recovery score and the per-cohort alert rates in particular, can shift between runs

that are otherwise identical. Reporting the spread separates a result that recurs across

seeds from one that holds only on a single fortunate run. Where an ordering between two

model variants is stable across the five seeds it is reported as a finding, and where it is

not, the instability is itself the finding.

5.2 Metrics

The metrics are organized by research question. Each is chosen to be meaningful under

the data constraints above rather than borrowed unmodified from a fully-supervised

setting.

5.2.1 Operating Context (RQ1)

The first question is whether the context vector ccct recovers the operating mode without

supervision. The context vectors of the labeled windows are clustered with K-means at

K = 3, matching the three steady prototype modes, and the clusters are scored against the

recorded modes. Normalized mutual information is the headline measure, because it is

invariant to the mismatch between the cluster count and the number of labels present in a

given validation subset. The score is reported on two cohorts: a held-out sanity cohort

of labeled windows reserved as the fast model-selection gate during development, and,

more strictly, the full set of labeled D1 and D2 windows; in both cases arbitrary cluster

identities are matched to mode names by a Hungarian assignment at scoring time only,

which the permutation-invariant mutual information does not itself require but the purity

figure does. Because the K-means step is the stochastic element, the score is read as a

distribution over the five seeds rather than a single value, and both its central tendency

and its spread are reported, since a score reached on one seed need not recur on another.

5.2.2 Anomaly Detection under Domain Shift (RQ2)

The second question is whether conditioning the detector on the operating context sup-

presses the false alarms that mode changes provoke. Because per-window anomaly labels

do not exist for the field recordings, the question is answered along several comple-

mentary axes rather than by a single supervised score. The axes are read together, as

converging evidence.

Multiple comparisons. This design naturally introduces the multiple-comparison prob-

lem that a single pre-registered metric would avoid: examining five axes over several

65



5.2 Metrics

cohorts, and selecting among combiner rules on those same cohorts, multiplies the op-

portunities for a chance result. No formal correction is applied across the RQ2 axes,

and where a headline is the best of a set of rules examined on the same data, as with

the late-fusion conjunction of §5.3, it is reported as a selected minimum and read with

that selection in mind. A formal false-discovery-rate correction is applied only to the

SCADA channel ranking of RQ4, where the number of tests is large and the correction is

affordable; the RQ2 axes, fewer in number and interpreted jointly, are not corrected in

the same way.

Calibration on healthy data. By construction the per-cluster threshold places the

healthy alert rate near five percent on the fit set, so the held-out healthy alert rate is

expected to sit near five percent as well, and a departure from that target is itself the

diagnostic that the held-out distribution has drifted from the training distribution. This

calibration is stressed by a recording-level transfer over the pooled healthy corpus: the

alert rate is reported both under an in-distribution threshold, fitted and evaluated on

disjoint windows of the same recordings, and under a threshold transferred from a

disjoint set of recordings, the latter being the direct measure of whether a boundary

calibrated on one set of healthy recordings survives a move to another. Because each

campaign contributes essentially one healthy recording per operating condition, the held-

out recordings are a different operating and acquisition condition than the fit set, spanning

operating mode, recording session, and the speed1–speed3 fan-noise level of the later

campaigns. The speed levels are pooled when the encoder and the healthy density model

are fitted (§3.3.1) and are not used as the split axis; they enter only as one component of

the held-out variation and as a separate noise-level ablation. The healthy rate is reported

in aggregate and audited per cohort, so calibration can be checked across the discovered

modes rather than only in the largest one. Because the transfer split can place an easy or

a hard condition in the evaluation set, this axis is run over several split seeds and reported

as a range, not a single rate.

Response to mode transitions. This is the failure mode the architecture is built to

suppress. Since the corpus contains no recorded transition events (Chapter 3), the

synthetic transition cohorts constructed there, the feature-level and the encoder-level

crossfades, stand in for the test: both are healthy by construction across the transition, so

any alert raised in the crossfade region is a false positive, and the false-positive rate over

those windows is the domain-shift metric, held to the same near-five-percent target as the

steady healthy pool. This construct carries one inherent limitation. A linear crossfade of
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two healthy windows is itself mildly off-manifold, so the crossfade rate is an upper-bound

stress rather than a like-for-like contest between detectors. A low rate on it is consistent

with correct transition handling, but it is equally consistent with a detector that is simply

insensitive to off-manifold inputs, and silence on the crossfade is therefore not by itself

evidence of correct behavior. The axis is weighted accordingly, as one input among

several rather than a decisive one.

Controlled detection curve. A held-out healthy window is perturbed by additive

Gaussian noise of a calibrated magnitude in the latent feature space, which yields window-

level ground truth, clean versus corrupted, on which the anomaly score becomes a genuine

binary discriminator, and the area under the receiver operating characteristic is computed

over a ladder of signal-to-noise ratios with a bootstrap interval at each rung. This probe

has inherent limitations by design. The perturbation lives in latent space and does

not correspond to any physical fault, and because the anomaly score is a negative log-

likelihood, isotropic latent noise can move a window toward the higher-likelihood bulk

of the density and so lower its score, which means the absolute area under the curve can

fall below the 0.5 chance line even for a detector that behaves sensibly on real data. For

this reason the curve is always read against the explicit 0.5 baseline, and the informative

quantity is the lift the conditioning adds over its unconditional ablation at each rung

rather than the absolute level. For fine comparisons between near-identical variants the

validation negative log-likelihood is used alongside the curve, since it stays discriminative

where the easy end of the ladder does not. The axis measures sensitivity to a controlled

off-manifold perturbation, not to a real fault, so it complements and does not replace

the cohort alert rates; a perturbation injected in the input signal, where it would carry

physical meaning and the absolute level would be interpretable, is the fairer complement

and is identified as future work. Because the lift is itself seed-sensitive, the ladder is

reported across the five seeds, and a conditioning advantage that does not survive every

seed is reported as partial rather than general.

Ranking of alert rates across the labeled anomaly cohorts. Because the anomaly

density inside an anomaly recording is unknown, precision and recall pooled per window

over a whole recording are not interpretable; what is interpretable is that the alert rate

on an anomaly-bearing cohort should rank well above the healthy rate, in the order the

qualitative descriptions of the faults imply.
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Scoring against weak temporal labels. Although the corpus carries no per-window

annotation, an impulsive fault is recoverable from the signal envelope without manual

labeling, so for every anomaly-bearing recording a set of weak ground-truth intervals is

derived from the multi-channel Hilbert envelope by iterative peak-picking. The detector

is run at a fine inference stride, its per-cluster alerts are grouped into events, and each

event is matched to the derived intervals: an interval with an overlapping alert is a true

positive, an alert overlapping no interval is a false positive, and an unmatched interval is

a false negative. This yields the event-level precision, recall, and F1 that the per-window

pooling of the fourth axis cannot. Because the labels are envelope-derived rather than

hand-annotated, and are moreover drawn from the same multi-channel Hilbert envelope

that the vibration encoder ingests as its input channel 1 (Chapter 3), the F1 is not an

independent validation but a consistency check between the learned detector and an

envelope peak-picker; it is therefore read as a relative quantity for model selection across

seeds and capacity settings, not as a calibrated absolute, and it too is reported with its

seed-to-seed spread.

5.2.3 Source Localization (RQ3)

The third question is how accurately the head locates a detected anomaly, and how much

the structure-borne path contributes. The error metric is the three-dimensional Euclidean

distance between the predicted and the labeled position, reported as a mean in meters with

a bootstrap interval, and additionally as a 95th percentile for the cross-session transfer test.

The generalization protocols are the leave-one-recording-out, leave-one-position-out, and

cross-dataset splits of §5.1. The contribution of each sensing path is isolated by re-running

the same head in four input modes: the full acoustic-and-vibration model, an acoustic-

only mode that uses the steered-power map alone, a classical vibration-only mode driven

by accelerometer time-difference multilateration, and a learned vibration-only mode. The

structure-borne wave speed in the printed casing is set to the material-correct value for

the printed plastic (2000 ms−1), not swept or tuned to the result; calibrating the exact

wave speed of an individual printed part is left to future work. The localization error

is additionally broken down per held-out position, so that a systematic failure can be

attributed to the geometry of the sensor array rather than to signal quality.
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5.2.4 Supervisory Signals (RQ4)

The fourth question cannot be answered on the prototype corpus, which carries no tem-

perature, pressure, or SCADA channels (Chapter 1); it is therefore treated as exploratory

and evaluated by two limited checks. The first exercises the supervisory conditioning

pathway of §4.7 using the recorded operating-condition token as a stand-in supervisory

variable, and measures whether feeding it through the conditioning path changes the

localization error, which establishes that the mechanism is wired correctly. The second

mines the real ROW II SCADA archive offline, with no model trained. After auditing

which of the archive’s channels carry a live signal, since the anomaly target depends on

the instrumentation that was recording, each process channel is ranked by two comple-

mentary statistics, the mutual information and a rank-based area under the curve, for the

dependence it shows on the operating mode and, separately, on historical anomaly events.

Because the one-second SCADA is strongly autocorrelated, significance is assessed with

a circular-shift permutation null and a Benjamini-Hochberg correction, and the anomaly

test is also run within each operating mode to remove the between-mode confound. As a

robustness check the anomaly target is rebuilt from the live accelerometer channels alone

and the ranking re-run, so that a degraded legacy target cannot mask an association. The

ranking identifies which channels a field deployment would route into the supervisory

vector. Both checks frame RQ4 as a deployment recommendation to be validated on

instrumented field data, not as a result established on the prototype.

5.3 Baselines and Fusion Paradigms

The proposed model is measured against established alternatives at every stage, so that

each reported gain is relative to a credible reference rather than to nothing.

Anomaly baselines. The detection head is compared against the full set of unsupervised

acoustic baselines that defined the prior ROW II study [65], reproduced here as the

reference point this work must improve on.

1. LSTM autoencoder. A long short-term memory autoencoder scored by per-window

reconstruction error.

2. k-means. A k-means model scored by the distance to the nearest healthy centroid.

3. One-class SVM. A one-class support vector machine scored by its signed distance

to the healthy boundary.
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4. Kernel-density estimator. A Gaussian kernel-density estimator scored by negative

log-likelihood.

The autoencoder consumes the log-mel window sequence directly; the other three con-

sume a time-aggregated embedding of the same windows, so a window seen by every

baseline is the identical slice of signal and the comparison turns only on the scoring

mechanism. Each baseline is fitted on healthy windows pooled across campaigns exactly

as the proposed head is, and is run for the acoustic and the vibration streams alike,

with one unavoidable exception noted in Chapter 6. The recurrent autoencoder requires

fixed-length sequences and so cannot pool the variable-rate accelerometer stream across

campaigns, for which the flat-feature scorers stand in. All four are thresholded by the

same per-cluster percentile rule as the proposed head, fit on a held-out healthy cohort

rather than on their own training scores, so the comparison isolates the scoring mechanism

rather than the thresholding. They are then scored on the same RQ2 axes of §5.2.2: the

within-campaign healthy-versus-anomaly ROC-AUC that the prior study reported as

its headline number, and the held-out healthy alert rate under both an in-distribution

threshold and a threshold transferred to an unseen operating condition, the latter read over

several split seeds so that a single fragile split is not mistaken for a property of the scorer.

Context reference. For the operating-context question the label-free encoder is com-

pared against two references on the hand-engineered features. The supervised reference

is a gradient-boosted decision-tree classifier trained on hand-engineered acoustic and

vibration features using the mode labels of D1 and D2, scored on held-out recordings

rather than held-out windows, intended as the labeled upper reference. The unsupervised

reference is a K-means clustering of the same hand-engineered features against the mode

labels, a peer baseline that measures how separable the modes are in hand-engineered

space. Both are computed and reported in §6.3, and both are encoder-independent, so they

are computed once on the features and do not enter the per-seed sweep. The supervised

reference is informative only where a labeled campaign is large enough to estimate it,

which on this corpus neither is: one labeled campaign has too few recordings for a

recording-level train and validation split, and the other collapses onto its majority class

under a two-recording held-out split. The comparison therefore establishes that the mode

signal is present in the features without claiming a stable supervised ceiling.

Localization baseline. For localization, the references are two classical estimators

computed directly from the raw signals at the same ground-truth resolution and under
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the same Euclidean error metric: the SRP-PHAT estimator on the microphone array, and

an accelerometer time-difference multilateration solver on the structure-borne channels.

These are the numbers the conditional head must improve on, and they stand in for the

purely classical pipeline that the learned components are meant to augment [34].

Fusion paradigms. The architecture commits to intermediate fusion, combining the two

modalities at the feature level. To justify that commitment, the same task is also solved

by the two competing paradigms built from the same unimodal pipelines. Unimodal

references use one modality alone. Late-fusion references combine the two unimodal

outputs without a shared representation: for detection, by logical AND and OR of the per-

modality alerts, whose per-cohort co-firing (acoustic-only, vibration-only, both, neither)

is decomposed to show why a conjunction is specific, by a logistic combination of the

standardized scores, and by their element-wise maximum; for localization, by a uniform

average of the two position estimates, by a per-axis least-squares-weighted average,

and by a confidence-gated choice that trusts whichever pipeline applied the smaller

correction to its own initial estimate. Several combiners are therefore examined on the

same cohorts, so a combiner carried forward as the operating point is the best of that set

rather than a pre-registered choice, and the in-sample combiners, the score-weighted and

element-wise-maximum rules whose weights are fitted on the evaluation cohort, are upper

bounds rather than deployable rates. The three paradigms are compared head-to-head on

the same error metric with bootstrap intervals, which is the test of whether the shared

representation earns its added complexity; the contribution of context conditioning within

the intermediate model is isolated separately by the paired-bootstrap ablation of §5.4.

5.4 Ablation Protocol

The ablations remove one design element at a time, leaving the rest of the chained

system intact, so that each element’s contribution is attributable. Two properties of the

architecture make this clean. The conditioning projections are zero-initialized (§4.5,

§4.6), so setting the context to zero reduces each head exactly to its unconditional form

rather than to an untrained one; and the input modalities can be muted independently, so

a modality’s contribution can be read off directly. The first experiments below remove

one such element at a time, conditioning and fusion and then modality; the last is a set

of model-selection sweeps, grouped here because each is read under the same per-seed

discipline.
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Conditioning. The headline ablation removes context conditioning. The anomaly

head is compared against an unconditional flow that sees a zero context vector, and the

localization head against an unconditional residual, in both cases with all other weights

held fixed. The comparison is made on paired per-window scores, so that the paired

bootstrap of §5.1 can test significance at fixed training, and it is repeated across the five

seeds, because the conditioning effect is one of the quantities that can move between

initializations. A conditioning advantage is therefore claimed only where it survives

that spread; a paired gain visible on a single seed but not across the set is treated as

inconclusive. The fusion stage is ablated in the same spirit by scoring the operating-

context metric on the per-modality summaries instead of the fused context vector, which

isolates what cross-modal fusion adds to the representation. In addition, the dependence

of the fused context vector on each input modality is probed directly by zeroing the

vibration stream at the input and measuring the resulting change in the context vector,

both as a cosine similarity and as the ratio of the vector’s sensitivity to the two streams.

Modality contribution. Muting the vibration input while leaving the fusion machinery

in place measures how much the structure-borne stream contributes to detection, and

the four localization input modes of §5.2.3 do the same for localization, separating the

classical and the learned use of the vibration timing.

Hyperparameter and capacity selection. The remaining experiments are model-

selection sweeps rather than single-element removals. The encoder (its convolutional

width), the conditional flow (its regularization and capacity), and the localization head

(its regularization, capacity, residual range, and target-position augmentation) are each

swept over a grid, with the winner chosen on a held-out selection metric and carried into

the protocols above. The exact grids and the selected value on each axis are listed in

Appendix A (Table A.4), and the complete per-stage hyperparameter configuration and

trained parameter counts are tabulated there. Each selected configuration is then re-trained

over the five seeds, and the reported quantity is the distribution of the selection metric

rather than its value on a single run, so that an ordering which holds only on one seed is

exposed rather than presented as a stable optimum. This is the same discipline applied to

every headline number in the next chapter: a median with a range, and an explicit note

wherever the seed-to-seed variation is large enough to qualify the conclusion.
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Chapter 6

Results

This chapter reports the empirical results of the chained system. The five campaigns

come from Chapter 3, the protocol and metrics from Chapter 5, and the structure from the

four research questions of Chapter 1. Two of those questions, anomaly detection (RQ2)

and source localization (RQ3), are where multimodality is expected to help. For both, the

three standard fusion paradigms are compared head to head: unimodal, late fusion, and

intermediate fusion. The headline is a paradigm comparison, not a single-architecture

verdict. Different paradigms win on different cohorts and operating points, and the

chapter reports which.

Every number that depends on a stochastic fit is reported as a distribution over the five

seeds {42,1337,2024,7,99} of §6.1, written as a median with the observed across-seed

range in brackets. Where a quantity is stable across seeds it is stated as a finding; where

it is not, the spread is reported and the instability is itself the result. Several cohorts recur

across the RQ2 artifacts; Table 6.1 fixes their definitions and sizes once so that later tables

can be read against it.

6.1 Experimental Setup

Training runs on a single consumer GPU (an NVIDIA RTX 3080), and is CPU-capable

at a higher wall-clock cost. The anomaly stage takes about an hour and the localization

stage about forty minutes. The threshold-fit discipline of Chapter 5 holds throughout:

per-cluster percentile thresholds are fitted on a held-out healthy subset, and recall and

false-positive rates are then reported on a disjoint subset. Splits are at the recording

level everywhere. The five-seed sweep {42,1337,2024,7,99} supports every stability

statement; where a single representative run is shown, for example a score-distribution

plot, the seed is named in the caption.
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Table 6.1: Healthy and labeled cohorts used across the RQ1 and RQ2 artifacts. The

RQ1 strict cohort and the RQ2 healthy hold-out both draw on the pooled labeled D1+D2

windows, which is why their sizes nearly coincide; they differ only in how each window is

scored (cluster-versus-mode NMI as against the per-cluster alert rate). Window counts are

identical across the five seeds; the seed varies the K-means assignment and the threshold,

not the recording split.

Cohort Role n (windows)

RQ1 sanity gate development model-selection NMI 4 018
RQ1 strict headline NMI, all labeled D1+D2 6 773
RQ2 threshold-fit / val per-cluster threshold fit, NLL paired test ≈ 1802
RQ2 healthy hold-out per-cohort alert and specificity tables 6 774
RQ2 anomaly D2 / D3 / D4 per-cohort recall 1 069 / 266 / 26 996

One acquisition setting matters for what follows. The casing is 3D-printed plastic, so

the structure-borne wave speed for the vibration time-difference solver is set to the plastic

value of 2000 ms−1 rather than a metallic one. The choice is consequential at this scale:

an over-estimated wave speed compresses the time-difference geometry and suppresses

the vibration localization channel, so the material-correct value is used throughout.

6.2 Reference Baselines

Table 6.2 collects the non-learned V0 references (the baseline stage that precedes the

learned V1 to V4 pipeline) each learned paradigm must beat. The classical SRP-PHAT

estimator localizes to within roughly 0.25 to 0.42 m per recording. The accelerometer-

TDOA multilateration solver, now using the corrected plastic wave speed, is of the same

order.

Table 6.2: V0 reference baselines. ROC-AUC is within-campaign healthy-versus-

anomaly; localization is per-recording 3-D Euclidean MAE in meters. A dagger marks

the rate-incompatible pooled vibration autoencoder (footnote1).

Reference Metric D2 D3 D4

LSTM-AE (acoustic) ROC-AUC 0.94 0.84 0.63
LSTM-AE (vibration) ROC-AUC 0.81† n/a n/a
SRP-PHAT (acoustic) MAE (m) 0.422 0.336 0.247
accel-TDOA (2000 ms−1) MAE (m) 0.491 n/a 0.361
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6.2 Reference Baselines

Figure 6.1: One real D5 knock burst through the classical front-end. (a) The SRP-PHAT

steered-power slice at the knock height with the acoustic argmax, the accelerometer-

TDOA solve, the ground truth, and the TDOA hyperbolae of the three strongest ac-

celerometer pairs. (b) The accelerometer GCC-PHAT correlations those hyperbolae come

from, with the parabolic sub-sample refinement marked. These are the inputs the learned

V4 head starts from.

Table 6.3 reproduces the full prior-work acoustic-anomaly suite of Khamaisi et

al. [65], namely an LSTM autoencoder, a k-means scorer, and a one-class SVM, plus a

Gaussian kernel-density estimator. All are run on the proposed head’s own RQ2 protocol

and pooled across campaigns. Every scorer calibrates to the 0.05 target in-distribution,

which validates the thresholding protocol; the intervals on the in-distribution rate confirm

it. What the in-distribution rate does not show is whether that calibration survives a move

to an unseen operating condition, which is the subject of §6.4.2.

Vibration detection (ROC-AUC 0.87 to 0.90) clearly beats acoustic (0.57 to 0.67) on

this rig, consistent with the higher-rate D4 and D5 accelerometer cohorts. No uncon-

ditional baseline, however, is both a strong detector and robust to a threshold transfer,

which is the gap the context-conditioned head and the late-fusion conjunction are built to

close.
1The recurrent autoencoder needs fixed-length sequences, but the accelerometer rate varies across

campaigns (4 Hz to 446 Hz), so the five-campaign pool yields incompatible window lengths. On the
same-rate D1+D2 (4 Hz) cohort it reaches ROC-AUC 0.70. The flat-feature scorers below are unaffected
because they time-aggregate each window to a fixed-width vector.
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6.3 RQ1: Operational Mode Discovery

Table 6.3: Unconditional anomaly baselines, pooled across campaigns, at seed 42. ROC-

AUC is the within-campaign detection metric; FPR in-dist is the held-out healthy alert

rate under an in-distribution threshold, fit and evaluated on disjoint windows of the same

held-out conditions. Intervals are 95% (bootstrap on ROC-AUC, Wilson on FPR). The

transferred-threshold rate, where these scorers fail, is reported separately in Table 6.8.

Modality Model ROC-AUC FPR in-dist

acoustic LSTM-AE 0.57 [0.56, 0.58] 0.056 [0.045, 0.069]
acoustic k-means 0.66 [0.66, 0.67] 0.042 [0.033, 0.054]
acoustic OC-SVM 0.66 [0.66, 0.67] 0.044 [0.035, 0.056]
acoustic KDE 0.67 [0.67, 0.68] 0.061 [0.049, 0.074]
vibration k-means 0.87 [0.86, 0.87] 0.052 [0.041, 0.064]
vibration OC-SVM 0.90 [0.89, 0.90] 0.045 [0.035, 0.057]
vibration KDE 0.90 [0.89, 0.90] 0.054 [0.043, 0.066]

6.3 RQ1: Operational Mode Discovery

RQ1 asks one question: does the fused context vector ccct cluster into the operating modes

without labels? Table 6.4 reports normalized mutual information against the recorded

modes. The headline is the strict cohort, all labeled D1+D2 windows (n = 6773);

the sanity-gate cohort that served as the development model-selection gate is reported

alongside as a secondary, and necessarily optimistic, number, because selecting on it and

then reading it back is not an out-of-sample estimate. Because the strict cohort contains

the sanity-gate windows as a subset, the strict NMI is read as an across-seed stability

estimate of a selected configuration rather than as a fully held-out generalization number.

Table 6.4: RQ1 mode-discovery NMI, median [min, max] over five seeds at K = 3.

The headline column is the strict cohort (all labeled D1+D2 windows, n = 6773); the

sanity-gate column (n = 4018) is the development selection gate and is reported only

for context. The fusion ablation is defined on the sanity cohort only. The K-means floor

is a single deterministic reference on the strict cohort; the supervised ceiling cannot be

estimated on this corpus (see text).

Encoder strict K=3 NMI sanity-gate NMI

V1 acoustic 0.386 [0.370, 0.544] 0.902 [0.605, 1.000]
V1 vibration 0.117 [0.072, 0.136] 0.117 [0.045, 0.182]
V2 multimodal fusion 0.409 [0.177, 0.563] 0.842 [0.336, 0.869]
V2 minus vibration (ablation) – 0.506 [0.000, 0.670]

K-means floor (handcrafted) 0.432 –
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6.3 RQ1: Operational Mode Discovery

The headline is that the label-free encoder recovers operating mode at a strict NMI of

about 0.41 (fused context vector, median over seeds), with a wide seed-to-seed spread.

On the strict cohort the fused encoder (0.409) and the acoustic-only encoder (0.386) are

statistically indistinguishable, their ranges overlapping almost completely, so the fused

representation is acoustic-dominated and multimodal fusion does not deliver a clear,

seed-robust gain for mode discovery at this data scale. The much higher sanity-gate

numbers (0.842 fused, 0.902 acoustic) belong to the cohort used to select the model

during development and are not the result; reporting them as the headline would be

reporting performance on the selection set.

Figure 6.2: t-SNE of the label-free representations on all labeled D1+D2 windows (the

strict cohort). (a) The V1 acoustic encoder separates the operating regimes; (b) the

fused context vector ccct preserves but does not improve on that structure; (c) K-means

on ccct recovers the mode partition without ever seeing a label. The panel NMIs are the

strict-cohort values of Table 6.4.

The acoustic dominance is measured, not asserted. On the strict cohort the modality

probe scores the fused vector, the acoustic stream alone, and the vibration stream alone:

the fused and acoustic-only NMI differ by about 0.003, while vibration alone reaches

only 0.04. Removing vibration from the fusion does lower the development-cohort NMI

(median 0.842→ 0.506), so the vibration stream is not ignored outright; but on the

out-of-sample strict cohort it adds nothing the acoustic trunk does not already carry. RQ1

is therefore a defensible negative on multimodality: at this data scale the fused pool

clusters on its acoustic content.
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6.4 RQ2: Anomaly Detection under Domain Shift

Figure 6.3: Evidence that the fused pool clusters on its acoustic content. (a) The fused

vector’s input-gradient sensitivity to the acoustic stream far exceeds its sensitivity to

vibration. (b) Zeroing the vibration input leaves ccct almost unchanged, whereas zeroing

the acoustic input moves it substantially.

This label-free number is read against two references on the same cohort, both

computed on the hand-engineered features. The unsupervised K-means floor, a clustering

of the hand-engineered features against the mode labels, reaches NMI 0.432 (purity

0.719). The learned encoder therefore matches this floor rather than clearing it: its strict

NMI of 0.41 is comparable to the floor’s 0.432, a touch below it at the median and above

it on the higher-scoring seeds (up to 0.56 NMI and 0.83 purity). The reading is that

the operating regimes are cleanly separable in this data, and that the label-free encoder

recovers them at hand-engineered quality without any feature engineering or labels, not

that it improves on hand-engineering for this particular task. The supervised ceiling

cannot be estimated on this corpus: D1 carries too few mode-labeled recordings for a

recording-level train and validation split, leaving the classifier with no training fold, and

D2’s two-recording held-out split collapses the classifier onto its majority class (macro-F1

0.333). The corpus is therefore too small to fix a supervised bound, and the strict NMI is

best read on its own terms.

6.4 RQ2: Anomaly Detection under Domain Shift

RQ2 is answered in four parts, in the order the subsections below take them: which

paradigm is most specific (this section), what conditioning adds to the flow (§6.4.1),

whether the calibration survives a domain shift (§6.4.2), and what a mode transition does

to it (§6.4.3).
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6.4 RQ2: Anomaly Detection under Domain Shift

Three anomaly heads share identical splits, with per-cluster thresholds fit unsupervised

on the healthy subset: a unimodal acoustic flow, a unimodal vibration flow, and the

intermediate-fusion flow conditioned on ccct . The late-fusion rules combine the two

unimodal decisions after training. Table 6.5 reports the per-cohort alert rates across the

five seeds.

Table 6.5: RQ2 per-cohort alert rates, median [min, max] over five seeds. Healthy FPR

is the held-out healthy alert rate (target 0.05); the cohort columns are the per-window

alert rate on each anomaly-bearing cohort, not recall in the precision/recall sense, since

those cohorts are sparsely anomalous (most windows are healthy background) so a true

per-window recall is not directly interpretable. The score_weighted and MAX rows

are in-sample upper bounds (the combiner is fitted on the test cohorts). Cohort sizes

are in Table 6.1. The wide ranges are the result: the per-cohort alert rate is strongly

seed-dependent (the mechanism is taken up in §6.7).

Paradigm Rule Healthy FPR D2 D3 D4

Unimodal V3-acoustic 0.131 [.01,.31] 0.094 [.00,1.0] 0.962 [.02,1.0] 0.546 [.00,.59]
Unimodal V3-vibration 0.030 [.00,.04] 0.143 [.00,.27] 0.045 [.01,.15] 0.675 [.32,.74]
Late fusion AND 0.003 [.00,.01] 0.007 [.00,.05] 0.045 [.00,.15] 0.200 [.00,.45]
Late fusion OR 0.160 [.04,.31] 0.318 [.02,1.0] 0.962 [.04,1.0] 0.683 [.59,.89]
Late fusion score_weighted∗ 0.050 [.05,.05] 0.320 [.05,.56] 0.959 [.00,1.0] 0.829 [.63,1.0]
Late fusion MAX∗ 0.050 [.05,.05] 0.271 [.00,.45] 0.962 [.26,1.0] 0.685 [.41,.96]
Intermediate V3-fusion 0.072 [.04,.09] 0.309 [.00,.74] 0.895 [.23,1.0] 0.319 [.09,.53]

Two findings survive the seed spread, and they are the ones worth reading. The

first is specificity. Table 6.6 reports the fraction of windows on which only acoustic

fires, only vibration fires, or both fire. On the healthy hold-out the share on which

both modalities fire is 0.003 ([0.001,0.009] across seeds), so the parameter-free AND

conjunction inherits a near-zero healthy alert rate (0.003, the tightest and lowest of any

rule in Table 6.5). The second is the cost of that specificity: the AND rule’s recall is low

and seed-dependent (0.200 on D4 but ranging down to 0, 0.045 on D3, 0.007 on D2),

because it fires only where two independent detectors agree and that agreement is itself

unstable. The single-modality flows recover more faults but at a worse and more variable

healthy rate (the acoustic flow alerts on 0.131 of healthy windows, ranging to 0.307).
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6.4 RQ2: Anomaly Detection under Domain Shift

Table 6.6: RQ2 specificity audit, median [min, max] over five seeds: fraction of windows

per cohort on which only acoustic fires, only vibration fires, or both fire (the remainder is

neither). The robust quantity is the near-zero both-fire share on healthy windows.

Cohort a-only v-only both

healthy hold-out 0.122 [.01,.31] 0.025 [.00,.04] 0.003 [.00,.01]
D2 anomaly 0.050 [.00,1.0] 0.089 [.00,.23] 0.007 [.00,.05]
D3 anomaly 0.846 [.02,.99] 0.000 [.00,.02] 0.045 [.00,.15]
D4 anomaly 0.144 [.00,.36] 0.311 [.12,.68] 0.200 [.00,.45]

Figure 6.4: The specificity audit of Table 6.6, stacked per cohort. The two modalities

almost never co-fire on held-out healthy windows (both-fire share 0.003), so the parameter-

free AND conjunction inherits a near-zero healthy alert rate. Co-firing on the anomaly

cohorts is real but seed-dependent.

The RQ2 verdict follows, and it is a paradigm trade-off rather than a single winner.

The late-fusion AND rule is the high-specificity operating point: its healthy alert rate

is near zero and, as §6.4.2 shows, it is the only rule that also stays calibrated under a

threshold transfer. Its recall is the price, low and seed-sensitive. The single-modality

flows and the OR rule detect more but raise several times the healthy alarms. The

intermediate-fusion flow sits between them, with a moderate healthy rate (0.072) and

a recall that collapses on the largest cohort (D4 median 0.319, ranging to 0.087). Its

joint flow trains away part of the vibration anomaly signal there. One caveat of selection

attaches to the AND verdict: it is the best of several late-fusion combiners examined

on the same cohorts (Table 6.5), two of which are flagged as in-sample upper bounds.
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6.4 RQ2: Anomaly Detection under Domain Shift

Its near-zero healthy rate is therefore the minimum over that set and is read with that

selection in mind. Its appeal rests on a structural argument rather than the number alone:

a conjunction of two independent detectors can only lower the healthy alert rate, so the

under-shoot is a property of the rule.

6.4.1 Impact of Conditioning on the Flow

A separate analysis isolates what conditioning adds to the intermediate flow itself. Re-

moving it, by replacing the FiLM modulation with a zero context vector, degrades the

held-out negative log-likelihood by a paired margin of ∆NLL = 0.055 (median over seeds,

[0.016,0.116]; at seed 42, 95% CI [0.053,0.057], p < 0.001, n = 591 paired windows).

The direction is stable across all five seeds, so the conditional flow is a measurably better

density model of the healthy manifold. The magnitude, however, is minute: against scores

of order −241 the margin is about two hundredths of one percent, so the improvement is

consistent but small, and it should be described that way rather than as a large gain.

The conditional flow also competes with its unconditional ablation on the controlled

latent-perturbation curve (Table 6.7). This probe has inherent limitations by design:

additive isotropic Gaussian noise in the latent space does not imitate a fault, and because

the anomaly score is a negative log-likelihood it can move a window toward the higher-

likelihood bulk of the density and so lower its score, which is why the absolute area under

the curve can fall below the 0.5 chance line. The curve is therefore read against that

explicit baseline. Across the five seeds the conditional flow’s median area stays above

0.5 at every rung (0.56 to 0.78), while the unconditional ablation falls below chance

on some seeds (median 0.49 to 0.58); the conditioning lift is positive at the median

throughout (+0.02 to +0.20) but its range overlaps, so the advantage is real on average

and seed-dependent in detail. The informative quantity is the lift, not the absolute level;

an input-space perturbation, where the noise would carry physical meaning, is the fairer

complement and is left to future work.
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Table 6.7: RQ2 latent-perturbation ROC-AUC ladder, median [min, max] over five seeds:

conditional flow against its unconditional ablation, and the median conditioning lift, at

each latent signal-to-noise ratio. The 0.5 chance line is the reference; the conditional

median is above it at every rung.

Latent SNR (dB) Conditional Unconditional Lift

−10 0.777 [0.596, 0.957] 0.575 [0.373, 0.736] +0.202
−5 0.692 [0.546, 0.973] 0.558 [0.378, 0.703] +0.134
0 0.569 [0.518, 0.958] 0.552 [0.365, 0.711] +0.017
+5 0.563 [0.554, 0.910] 0.518 [0.374, 0.731] +0.045
+10 0.583 [0.532, 0.836] 0.491 [0.420, 0.665] +0.092

Figure 6.5: The latent-perturbation ROC-AUC ladder of Table 6.7, with the 0.5 chance

line marked and a shaded across-seed band. The conditional median lies above chance at

every rung; the unconditional ablation dips below it on some seeds. The probe is weak by

design, so the informative quantity is the lift, not the absolute level.

6.4.2 DDomain-Shift Robustness

The decisive RQ2 measurement places baselines and heads on a single threshold-transfer

axis: each per-cluster threshold is fitted on one set of healthy operating conditions and

the held-out healthy alert rate is read off a disjoint set. Because the transfer split can

land an easy or a hard condition in the evaluation set, the rate is reported over the five

split seeds. One caveat bounds the interpretation. Because each campaign contributes

essentially one healthy recording per operating condition, the fit and evaluation sides

differ along several axes at once: operating mode, recording session, fan-noise level, and
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the campaign’s vibration-acquisition mode (peak-amplitude versus raw-waveform). The

result therefore demonstrates robustness to a joint change of operating and acquisition

condition, not to a change of operating mode in isolation; the two cannot be separated on

this corpus. Table 6.8 gives the result, and it is the strongest in RQ2.

Table 6.8: RQ2 domain-shift robustness: held-out healthy false-positive rate after the

per-cluster threshold is transferred to an unseen operating condition, median [min, max]

over five split seeds, with the number of seeds on which the rate collapses above 0.2.

Every unconditional baseline and every single acoustic or fusion head collapses on at

least one seed; only the vibration-conditioned flow and the parameter-free AND rule

never do, and the AND rule has the lowest and tightest range.

Method Modality FPR shift seeds collapsed

OC-SVM acoustic 0.00 [0.00, 1.00] 1/5
k-means acoustic 0.00 [0.00, 0.34] 1/5
KDE acoustic 0.00 [0.00, 0.37] 1/5
OC-SVM vibration 0.06 [0.02, 0.92] 2/5
k-means vibration 0.06 [0.04, 0.90] 1/5
KDE vibration 0.25 [0.05, 0.93] 3/5

V3-acoustic (head) acoustic 0.20 [0.11, 0.31] 3/5
V3-vibration (head) vibration 0.04 [0.03, 0.12] 0/5
V3-fusion (head) fusion 0.16 [0.03, 0.36] 2/5
Late-fusion AND (head) fusion 0.004 [0.001, 0.012] 0/5

83



6.4 RQ2: Anomaly Detection under Domain Shift

Figure 6.6: Held-out healthy false-positive rate after the per-cluster threshold is trans-

ferred to an unseen operating condition (log scale; matched protocol of Table 6.8). Every

method calibrates near the 0.05 target in distribution, but under transfer the unconditional

scorers and the acoustic and fusion heads collapse on at least one split seed, while the

vibration-conditioned flow and the deployed late-fusion AND rule stay low; the AND

rule holds at about 0.004.

The old single-number story, in which one scorer collapses and the rest transfer

gracefully, does not survive multi-seed scrutiny. Under transfer the acoustic OC-SVM

collapses completely on one split seed (FPR → 1.0) while sitting near zero on the

others, and the supposedly graceful density scorers are no better: the vibration KDE

collapses on three of five seeds. No unconditional baseline is reliably domain-robust.

The conditioned heads are mixed, the acoustic and fusion flows collapsing on several

seeds, but the vibration-conditioned flow never collapses and the parameter-free AND

rule never collapses and stays at about 0.004, two orders of magnitude below the worst

baseline. This is the steady-state robustness result that motivates deploying the AND rule,

and it is distinct from the mode-transition limitation taken up next: conditioning helps

keep the threshold calibrated as the operating condition changes, but a mode transition

still requires the conjunction.
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6.4.3 The Mode-Transition Limitation

Under steady operation the conditional flow alerts on 0.072 of held-out healthy windows

(Wilson 95% interval [0.066,0.078] at seed 99, range [0.044,0.094] across seeds), against

a 0.05 target. That is about 44% above target and is better described as over-alerting

modestly than as calibrated. On the synthetic mode-crossfade cohorts the picture is worse:

the false-positive rate is 1.000 on every seed, so the flow fires on every crossfade window.

Part of this is construction, since a linear crossfade of two healthy windows is itself

mildly off-manifold. The message still holds. Conditioning sharpens the on-manifold

density estimate, but it does not by itself suppress the transient alarms a mode change

provokes, which is why the deployed anomaly decision is the late-fusion AND rule. One

asymmetry should be stated plainly: because the crossfade is partly off-manifold by

construction, the AND rule’s silence on it is not by itself evidence of correct behavior,

since a detector that was simply insensitive to off-manifold inputs would pass the same

test. The crossfade is therefore an upper-bound stress on the flow, and the AND rule’s

case rests on its healthy-cohort specificity and the structural argument above, not on this

figure.

Complementary high-recall operating point. The recall this specificity costs is the

rule’s real limitation, and it should be read as one operating point rather than the whole

detection story. A near-zero false-alarm rate is not by itself a deployment criterion, since a

detector that almost never fires inherits one for free. The complementary operating point,

a usable recall held at the same 0.05 healthy target, is supplied by an impulse-aware one-

class flow developed alongside the chained system and reported in Appendix B. Evaluated

under the same five-seed protocol, that head reaches a recording-level ROC-AUC up

to about 0.98 with the healthy false-positive rate calibrated to 0.05, and flags between

0.91 and 0.96 of anomaly recordings on the cohorts the array resolves well, an order of

magnitude above the AND rule’s recall. It is a different architecture from the paradigm

comparison and so is kept out of the headline tables, but it shows that the specificity of

the conjunction and a usable recall need not be traded against each other once the head

preserves the transient structure the contrastive embedding discards.

6.5 RQ3: Source Localization

Three localization heads are trained: a unimodal acoustic head (steered-power volume

only), a unimodal vibration head (multilateration init plus learned TDOA tokens), and the
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intermediate-fusion head (volume, TDOA tokens, and ccct). Three generalization protocols

are reported, in increasing order of strictness.

6.5.1 Leave-One-Recording-Out

Table 6.9 reports leave-one-recording-out cross-validation over the localization validation

recordings, with the late-fusion weights re-fit per fold on the calibration recordings only.

The macro-mean weights every recording equally.

Table 6.9: RQ3 leave-one-recording-out paradigm comparison, macro MAE in meters,

median [min, max] over five seeds.

Paradigm Row macro MAE

Late fusion confidence-gated 0.181 [0.160, 0.218]
Late fusion uniform avg 0.194 [0.163, 0.215]
Intermediate V4-fusion 0.189 [0.163, 0.278]
Unimodal V4-acoustic 0.198 [0.158, 0.286]
Unimodal V4-vibration 0.231 [0.211, 0.334]
Late fusion weighted avg 0.252 [0.246, 0.254]

Figure 6.7: The leave-one-recording-out paradigm comparison of Table 6.9. Confidence-

gated late fusion has the lowest macro median (0.181 m), but the paradigm bands overlap

heavily, so no paradigm is clearly tighter than the others. The in-sample-fitted weighted-

average rule is the worst out of sample, the leakage the protocol is built to catch.

Late fusion (confidence-gated) has the lowest macro median, 0.181 m, with a free

post-hoc gate that trusts whichever pipeline moved its prediction less far from its own

initial estimate. The other learned paradigms follow within the overlap of their seed
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ranges, so leave-one-recording-out does not separate them cleanly; the fitted weighted-

average rule is the worst, the expected out-of-sample collapse of a rule whose weights

are fit in sample. Conditioning the intermediate head on ccct does not help here. The

FiLM ablation reverses the earlier expectation: the conditioned head reaches a holdout

MAE of 0.304 m (median over seeds, [0.254,0.332]) against the unconditional head’s

seed-invariant 0.247 m, a degradation of 0.057 m ([0.008,0.085]) that is in the same

direction on all five seeds (p < 0.001). Conditioning injects encoder-seed variance into

the localizer without improving it, so ccct earns its place in the anomaly head, not the

localization head.

6.5.2 Leave-One-Position-Out and Cross-Session Transfer

Holding out recordings still lets two recordings at the same physical position share a

fold. Leave-one-position-out cross-validation over all 16 labeled positions closes that gap

(Table 6.10), and it produces a different paradigm winner.

Table 6.10: RQ3 leave-one-position-out cross-validation, by channel mode, over 16

labeled positions (16 folds each). MAE in meters, median [min, max] over five seeds.

The ranges are tight, so the position-held-out ordering is seed-robust.

Channel mode mean MAE

tdoa-only 0.129 [0.121, 0.132]
both (fusion) 0.171 [0.167, 0.176]
srp-only (acoustic) 0.184 [0.168, 0.196]
vibration-only (learned) 0.258 [0.241, 0.274]
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Figure 6.8: Leave-one-position-out error distributions over the 16 folds, by channel

mode. The accelerometer-TDOA pathway alone generalizes best to unseen positions;

adding the acoustic steered-power pathway does not improve on it, reversing the leave-

one-recording-out ordering.

Here the accelerometer-TDOA pathway alone is the most accurate (0.129 m), ahead

of the full fusion model (0.171 m) and the acoustic steered-power pathway (0.184 m).

Adding the acoustic pathway to the TDOA pathway does not help position-held-out

generalization: the volume’s soft-argmax initialization overfits the training positions.

This reverses the leave-one-recording-out ordering of §6.5.1, and the position-held-out

test is the stronger claim. Cross-session transfer confirms the picture (Table 6.11). Trained

on the older campaigns and tested on the never-seen D5 session, the TDOA pathway

localizes D5 knocks at 0.113 m and the full fusion model at 0.145 m.

Table 6.11: RQ3 cross-session transfer, train on D2/D3/D4 and test on the unseen D5

(ntest = 63). MAE and 95th percentile in meters, median [min, max] over five seeds.

Channel mode val MAE val p95

tdoa-only 0.113 [0.107, 0.147] 0.259 [0.206, 0.390]
both (fusion) 0.145 [0.117, 0.173] 0.282 [0.214, 0.341]
srp-only 0.151 [0.140, 0.176] 0.320 [0.266, 0.347]
vibration-only (learned) 0.291 [0.245, 0.304] 0.441 [0.373, 0.536]
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Figure 6.9: Cross-session transfer: trained on D2/D3/D4 and tested on the 63 knock

windows of the never-seen D5 session (Table 6.11). The TDOA pathway localizes

unseen-session knocks at 0.113 m mean error (median over five seeds), the strongest

generalization claim in the thesis.

A per-position breakdown shows the failures are geometric, not signal-quality driven.

The worst positions lie on or outside the convex hull of the sensor array, at held-out MAE

around 0.25 to 0.32 m; every position inside the hull is localized within roughly the 0.07

to 0.20 m band. The limit is therefore the array envelope: positions the microphones and

accelerometers do not bracket cannot be triangulated reliably.
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6.5 RQ3: Source Localization

Figure 6.10: Held-out localization error per labeled position (leave-one-position-out,

fusion head), overlaid on the sensor arrays of Figure 3.2. Positions inside the dashed

sensor convex hull localize well; the failures are the positions on or outside the hull. The

limit is the array envelope, not signal quality.

Table 6.12 places the classical baselines against the best learned result under each

protocol on one error axis. The classical estimators localize to roughly 0.25 to 0.5 m; the

best learned configurations reach 0.11 to 0.19 m, an improvement under every protocol.

The protocols differ, as the table states, so each block is read on its own terms rather than

as a single controlled comparison across the classical-to-learned boundary.

Table 6.12: RQ3 consolidated localization error: classical baselines against the best

learned result under each protocol, on one MAE axis. The protocol column states the

split each number is computed under; the classical estimators are per-recording within a

campaign, the learned heads are cross-validated. MAE in meters; all learned-head rows

are five-seed medians. The full per-paradigm breakdowns are in Tables 6.9, 6.10, and

6.11.

Method Protocol MAE (m)

SRP-PHAT (acoustic, classical) per-recording 0.247–0.422
accel-TDOA (vibration, classical) per-recording 0.361–0.491

Late fusion (confidence-gated) LORO macro 0.181
tdoa-only LOPO 0.129
tdoa-only cross-session→ D5 0.113
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6.6 RQ4: Supervisory Conditioning

RQ4 is exploratory: the prototype corpus carries no temperature, pressure, or SCADA

channels (Chapter 5). It is evaluated in two parts, a prototype stand-in and an offline

analysis of the real plant archive.

6.6.1 Prototype stand-in

Exercising the supervisory pathway with the recorded fan-noise level (one instance of

the generic operating-condition token of Chapter 5) as a stand-in does not improve

the localization MAE (0.303 m median over seeds, against the same conditioned head

without it). This is the planned wiring check of §5.2.4, and its outcome is a null: the

token does not measurably help. The result is consistent with ccct already encoding the

operating-context information the token would carry, so adding it explicitly is redundant,

though, being a null, it does not establish that on its own. What it does confirm is that the

conditioning pathway runs end to end without error.

6.6.2 Real plant SCADA

The real ROW II archive was subsequently delivered and mined offline. No model

is trained here; the analysis is a pure information-theoretic ranking that asks which

process channels a field deployment should route into the supervisory vector ssst . The

ROWII_Allg_M1 stream covers 633600 samples at 1 Hz (about 176 h) across 30 channels,

of which 28 carry signal. It has no temperature channel, so the thermal element of RQ4

does not apply to this archive. An instrumentation audit qualifies it further: of the twelve

accelerometer channels carried by the machine’s four triaxial accelerometers only 6 were

live, and of the eight installed microphones none were live during the campaign, so

the legacy anomaly target was derived from a degraded sensor set. Mutual information

between each channel and a target is estimated with a nearest-neighbor estimator, and

significance is taken from a circular-shift permutation null, which preserves the strong

1 Hz autocorrelation, with a Benjamini-Hochberg false-discovery-rate (FDR) correction

across channels, reported as an adjusted q-value.

The primary result is positive, and it is about operating state rather than anomaly.

The SCADA channels identify the operating mode strongly. To make the magnitude

interpretable, the mode label here has an entropy of H(mode) ≈ 0.95 nats (computed

from the mode occupancy in Table 6.14), which is the ceiling any mutual information

with the mode can reach. The leading channels of Table 6.13 reach 0.70 to 0.96 nats,
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that is, essentially the full mode entropy, so the operating mode is almost completely

determined by these process channels.2 This is precisely the role ssst plays, telling the

detector what state the machine is in so that a mode change reads as a context shift rather

than a fault, and it confirms on real-turbine data that wiring these channels into ssst is well

founded.

Table 6.13: RQ4 real-SCADA analysis: mutual information between each ROW II

SCADA channel and the operating-mode label, leading channels. The mode-label entropy

is H(mode)≈ 0.95 nats, so these values are at or near the ceiling.

Channel Family MI with mode (nats)

1_P_Ist (active power) electrical 0.96
1_21kV Gen. Spg. (gen. voltage) electrical 0.93
1_Drehzahl_Ist (speed) rotational 0.93
1_KS Stellung (valve) other 0.91
1_Erregerstrom (excitation) electrical 0.90
1_Leitapparat Stell. (guide vane) hydraulic 0.90
1_Laufraddruck (runner pressure) pressure 0.86
1_Spiraldruck (spiral-case pressure) pressure 0.81
1_Q_Ist (flow) hydraulic 0.70

2The nearest-neighbor estimate for the top channel marginally exceeds H(mode), which is an estimator
artifact rather than a true information value, since mutual information is bounded by the label entropy; the
practical reading is that the channel is at the ceiling. One nat is about 1.44 bits.

92



6.6 RQ4: Supervisory Conditioning

Figure 6.11: Mutual information between the leading ROW II SCADA channels and the

operating-mode label (Table 6.13), colored by channel family, against the H(mode)≈
0.95 nat ceiling. The electrical, rotational and hydraulic process channels identify the

mode at 0.70–0.96 nats, the operating-context role the supervisory vector ssst is designed

to carry.

The anomaly-association question is the secondary one, and the answer is more

guarded. Against the specific anomaly events, no channel is significant after FDR

correction under a global, per-second co-occurrence test. Three channels reach uncor-

rected significance, namely runner pressure 1_Laufraddruck (p= 0.005), flow 1_Q_Ist

(p = 0.030), and turbine flow Durchfluss TU (p = 0.045), but the smallest corrected

q is 0.140. Rebuilding the target from the six live accelerometers alone gives the same

outcome (0 of 28 channels after FDR, per-channel AUC 0.487 to 0.520), which rules

out the degraded target as the explanation. The result is therefore that no association is

detected by this global test, not that none exists.

Stratifying by operating mode removes the dominant between-mode variance and

changes that picture (Table 6.14). The two largest modes remain null, but pump mode

surfaces flow and guide-vane position, and phase-shifter mode surfaces headwater level

and pressure, which are the physically correct channels for an anomaly in each regime.

These hits are suggestive rather than established, and the caveat must travel with the

numbers: FDR is applied within each mode but not across the four modes, so the per-

mode q-values (for example the phase-shifter q = 0.007) are not corrected for the mode
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that produced them. The pump-mode dependence is moreover not directional, and the

phase-shifter test rests on 169 anomaly seconds, which is small.

Table 6.14: RQ4 real-SCADA analysis: within-mode anomaly-association test. Signifi-

cance is after per-mode FDR control only; no correction is applied across the four modes,

so the per-mode q-values should be read with that in mind. PU is significant under the MI

test; the 169-second PH cohort is too small to estimate MI reliably, so only the rank-AUC

test is reported there.

Mode n (s) anomaly s significant (leading channels)

ST (steady gen.) 372 960 8 280 0
TU (turbine) 189 006 6 420 0
PU (pump) 61 979 1 029 4: flow, guide vane, pump flow, gen. voltage
PH (phase-shift) 6 957 169 4: headwater level, headwater pressure, pump flow

The deployment recommendation for RQ4 is therefore concrete and stays within what

the data supports. The mode-defining channels of Table 6.13 should be routed into ssst for

operating context, and, analyzed per operating mode, the pump-mode flow and guide-

vane channels and the phase-shifter headwater channels are the leading anomaly-relevant

supervisory inputs to validate on instrumented field data. RQ4 remains exploratory: no

detector or localizer is trained on these signals in this thesis.

6.7 Robustness and Hyperparameter Sensitivity

Across the five seeds the density objective is essentially seed-invariant (validation NLL

−241.05, range [−241.09,−241.03]), confirming that the flow fits the healthy manifold

the same way every time. What varies is the event-level real-anomaly F1, which couples

to the K-means cluster assignment: it has a median of 0.989 but a mean of 0.936 (±0.103

across the five seeds), pulled down by one low-tail outlier (seed 99, F1 = 0.756) from

a degenerate cluster initialization. The selected configuration reaches F1 = 0.993 at

seed 42. The contrast between the stable density objective and the unstable F1 is the

robustness story: the model fits reliably, and the metric that swings is the one that inherits

the clustering’s seed sensitivity. Selection of the regularization cell and residual range

was made on a seed-averaged selection metric, not on the most favorable single seed.

In the model-selection regularization sweep (Appendix A.2), conducted under an

earlier single-seed protocol and used only to choose the dropout and weight-decay cell

rather than to fix a headline number, the real-anomaly F1 stayed in [0.909,0.961] with
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precision at or above 0.994 on every cell, so recall was the discriminator; the five-seed

headline F1 reported above is the figure of record.

On the localization side the residual range is the most consequential swept axis.

Widening the bounded correction from its ±0.20 m default (Eq. 4.7) to ±0.30 m lowers

the holdout MAE in the sweep, but the gain is not uniform: it is concentrated on the few

knock positions that lie outside the sensor footprint, which are the worst-localized in the

corpus (Figure 6.10). Their true locations sit beyond the reach of a 0.20 m correction, so

only the wider bound can push the estimate toward them, whereas every position the array

brackets is already well localized at either bound. The ±0.20 m default is the headline

value and is used for every localization number reported in this thesis. It is tied to the

physical scale of the prototype, on which an induced fault was expected to lie within the

instrumented region, and holding it fixed keeps every reported figure on the same residual

scale and therefore comparable across campaigns. The handful of positions that benefit

from the wider bound sit outside the sensor footprint at 0.20 to 0.30 m and occur across

the campaigns, the farthest of them in the early D2 session, so the ±0.30 m result is the

headroom left on this axis, an extrapolation onto those out-of-footprint outliers, rather

than a competing headline. Target-position augmentation beyond about half a centimeter

backfires, eroding the geometric prior the steered-power initialization carries. Restricting

the training windows to those the anomaly head gates as alerts, rather than to a weak

impulse-envelope heuristic, roughly halves the holdout error on the small gated cohort.

6.8 Summary of Headline Numbers

Table 6.15 consolidates the generalization claims in order of evidentiary strength. The

strongest is cross-session transfer: trained without ever seeing the newest recording

session, the system localizes its knocks at 0.113 m (TDOA) to 0.145 m (fusion), median

over five seeds, on the 63 held-out D5 knock windows. Under leave-one-position-out,

folded over all 16 labeled positions, it localizes at 0.171 m with the full model and

0.129 m with the accelerometer-TDOA pathway alone. Both rest on small labeled

cohorts, so the medians carry the wide intervals reported in §6.5 and are read as relative

orderings rather than field specifications. For mode discovery the label-free encoder

reaches a strict NMI of 0.41 (median over seeds). The anomaly head’s deployed operating

point, the late-fusion AND rule, holds a near-zero healthy alert rate (0.003) and is the

only method that stays calibrated under a threshold transfer. The event-level F1 against

envelope-derived weak labels (five-seed median 0.989) is reported in §6.7 as a consistency

95



6.8 Summary of Headline Numbers

check for model selection rather than a headline metric, because its targets share the

Hilbert-envelope source used as a vibration encoder input (§5.2.2), so it is omitted from

the consolidated table below.

Table 6.15: Consolidated headline numbers, by evidentiary strength. All values are

five-seed medians.

Claim Method Value

Cross-session transfer (D2/D3/D4→ D5), TDOA MAE 0.113 m
Cross-session transfer (D2/D3/D4→ D5), fusion MAE 0.145 m
Leave-one-position-out, TDOA MAE 0.129 m
Leave-one-position-out, fusion MAE 0.171 m
Mode discovery (fused ccct), strict NMI 0.41
Anomaly detection (AND rule), healthy alert FPR 0.003

Taken together, the results give a paradigm-specific answer, not a single-model one.

For anomaly detection, the parameter-free late-fusion AND rule is the operating point

with a near-zero healthy alert rate and the only one robust to a threshold transfer, at the

cost of a low and seed-sensitive recall. For localization, late fusion wins on average

accuracy under leave-one-recording-out, while under the stricter position-held-out and

cross-session tests the accelerometer-TDOA pathway alone is the most accurate, and

conditioning the localizer on ccct does not help. For mode discovery, the fused encoder

recovers operating mode at a strict NMI of about 0.41 but does not clearly beat the

acoustic encoder alone. For the supervisory question, the real plant SCADA identifies the

operating mode almost to its entropy ceiling, which supports the context-conditioning

pathway, even though no anomaly-specific channel survives a global significance test.

Chapter 7 takes up the interpretation of these findings, their limitations, and the conditions

under which they would transfer to the full-scale machine.
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Chapter 7

Discussion

This chapter interprets the results of Chapter 6 against the central question of this thesis:

whether latent representations of operational context can be recovered from acoustic and

vibration streams, and whether conditioning anomaly detection and source localization on

those representations improves performance under domain shift. Rather than revisit each

result in isolation, the chapter builds a single argument. It opens with the verdict that runs

through every research question, develops that verdict through the four questions in turn,

draws the threads into the general principles they share, and ends with the implications

that follow for a field deployment.

One framing point governs everything below and is made once, here. The evidence

comes from a 3D-printed, instrumented scale prototype built to represent the ROW II

machine, not from the full-scale turbine. This bounds the magnitude of every absolute

number and the realism of every injected fault, but it does not weaken the methodological

claims, which concern how multimodal context should be learned and used and are

evaluated under protocols (Chapter 5) designed to remain honest at any scale. The

point is not repeated section by section; where the prototype scale changes a specific

interpretation, that is flagged in place.

7.1 Performance Trade-Offs Across Operating Points

The study was designed as a head-to-head contest of three fusion paradigms (unimodal,

late, and intermediate) across detection and localization. Its most important outcome is

that the contest has no single winner; it has a map of operating points (Figure 7.1). Label-

free mode discovery rests on the acoustic-dominated context encoder, and fusion adds

nothing seed-robust there (§6.3); the near-zero-false-alarm operating point for anomaly

detection is won by the parameter-free late-fusion AND rule (§6.4); and for localization,

late fusion wins average accuracy while the accelerometer-TDOA pathway alone wins
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the strictest generalization (§6.5). A method that leads on one axis rarely leads on another.

The contribution is to establish which paradigm to reach for under which demand, not to

crown one architecture.

Figure 7.1: The central contribution in one view: no single fusion paradigm wins

everywhere. Each measured operational demand selects a different winner: the parameter-

free AND rule, the confidence gate, the accelerometer-TDOA pathway, or the acoustic

encoder. The verdict of this thesis is demand-specific, not architectural.

One thread runs beneath that map and is the most transferable finding of the thesis: at

this data scale, the parameter-free or single-pathway combination repeatedly matches or

beats the jointly trained intermediate model. The AND rule holds a near-zero healthy alert

rate (about 0.003 on the healthy hold-out) where the joint intermediate flow’s recall on

the largest labeled cohort is low and seed-dependent; the accelerometer-TDOA pathway

localizes held-out positions to about 0.13 m where full fusion reaches only 0.17 m.

Fusion is not thereby worthless (it still improves the density model, if modestly), but its

value is conditional, and §7.6 returns to why. The central question therefore receives the

nuance the evidence demands: operating context can be extracted and is useful, but the

deployable gains at this scale follow from disciplined, parameter-free use of the learned

components rather than from end-to-end joint training.
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7.2 Acoustic-Trunk Context Learning (RQ1)

The first research question asks which fusion strategy best captures cross-modal depen-

dencies for context learning. The answer is positive on the premise and negative on the

means. Stated without softening, the learned encoder does not beat the classical reference:

at a strict NMI of about 0.41 (Table 6.4) it sits level with a hand-engineered feature

baseline at the median and marginally below its unsupervised clustering floor. What it

adds is not accuracy but economy, since it reaches that level with no labels and no feature

engineering, and the contribution of RQ1 is bounded by exactly that: operating mode is

recoverable from raw streams, at hand-engineered quality, for free. On the means the

result is negative twice over, because fusion does not improve on the acoustic encoder

either. That negative is usable rather than disappointing because its cause is measured,

not assumed: zeroing the vibration stream leaves the context vector almost unchanged,

so the joint cross-attention pool has discarded vibration along the very directions the

clustering uses. Fusion has nothing left to combine.

This reading is narrow and should not be over-read. The finding is not that vibration

is uninformative, since RQ2 shows it to be the stronger detection modality on this rig, but

that label-free discrimination of steady operating modes rests on acoustic structure onto

which the representation collapses. The cross-modal alignment objective is therefore

retained for its role in keeping the two per-modality representations stable and aligned,

not for a quantified lift on this corpus. A firm supervised ceiling cannot be read here,

since one labeled campaign has too few recordings for a recording-level split and the other

collapses onto its majority class, so the label-free NMI is read on its own terms. This

acoustic dominance is the first appearance of a pattern the next two questions sharpen:

the two modalities carry different information, and the most effective designs exploit that

asymmetry rather than averaging it away.

The verdict is, moreover, a property of the acquisition environment as much as of

the modalities. The prototype is recorded in a comparatively quiet acoustic setting;

a full-scale turbine hall is not, and its broadband machine noise, reverberation, and

neighboring-unit signatures would degrade the acoustic channel while the structure-borne

vibration path stays comparatively local and shielded. The ordering seen here (acoustic

carrying the mode structure, vibration adding little) may therefore invert at full scale. The

fusion machinery is retained precisely so the representation can lean on whichever stream

the deployment environment makes more reliable.
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7.3 Conditioning and the Conjunction Rule (RQ2)

Where RQ1 found vibration weak for mode discovery, RQ2 finds it the stronger of the

two detectors, the first half of the modality asymmetry. The problem it must solve is

set by the unconditional baselines (Table 6.3): no prior-work scorer is simultaneously a

strong detector and domain-robust. Under a threshold transfer to an unseen condition the

one-class SVM collapses on some seeds, its held-out false-positive rate reaching 1.0, and

the density and distance scorers are no safer. Closing that gap is the operational form of

the central question, and the role the context-conditioned head and the conjunction rule

are built for.

Two regimes of domain shift must be kept apart, because the system answers them

differently. The first is a steady-state change of operating condition, in which the machine

is held in a new but stationary regime. Here conditioning helps, but the conjunction carries

the result. The conditioned flow is a measurably better density model of the healthy

manifold than its unconditional ablation, by a held-out paired margin of ∆NLL = 0.055

(median over seeds, [0.016,0.116]; at seed 42, 95% CI [0.053,0.057], p < 0.001, n = 591

paired windows): the direction is stable across all five seeds, but against log-likelihoods

of order −241 the gain is about two hundredths of one percent, statistically real and

practically minute. On the protocol that matches the baselines (Table 6.8) conditioning

alone is then not enough, since the acoustic and fusion heads still collapse on some

seeds. The robust operating point is the parameter-free late-fusion AND rule, which holds

a transferred false-positive rate of about 0.004 under that steady-state shift and never

collapses across the five seeds, because it requires two independent detectors to agree

and a healthy window rarely fools both at once. Its near-zero rate undershoots the 0.05

target by construction, since a conjunction can only lower a false-positive rate, so it is

read as a property of the rule rather than as drift.

One qualification travels with this claim. On this corpus the transfer split moves

operating mode, recording session, fan-noise level, and vibration-acquisition mode

together, so the result establishes robustness to a joint change of operating and acquisition

condition rather than to an isolated change of operating mode. Disentangling the two

would require several healthy recordings per condition, which the prototype does not

provide.

The second regime is a transient operating-mode transition, and it is where the present

evidence stops, for a reason that must be stated before any number. The corpus records

no real mode transitions, so the only available probe is a synthetic crossfade between two
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healthy windows, which is off-manifold by construction and therefore non-diagnostic of

field behavior. That the conditional flow fires on every crossfade window is consistent

with the probe being degenerate rather than with the detector being miscalibrated; it

confirms that conditioning does not by itself absorb an off-manifold input, and nothing

more. Robustness to genuine transitions is thus neither shown nor refuted here: the

steady-state conclusion above does not transfer to this case, which remains open and

requires a campaign that records real transitions.

That specificity is bought with recall, so a deployment should treat the conjunction

as one of two operating points, not the whole detection answer: a detector that almost

never fires meets a near-zero false-alarm target trivially. The instructive failure of the

alternative is the intermediate flow’s low, seed-dependent recall on the largest cohort

(median about 0.32, falling to about 0.09 across seeds), where joint training erodes the

vibration anomaly signal, which is precisely why the deployed decision conjoins two

specialized detectors rather than relying on one jointly trained one. The complementary

recall is supplied by an impulse-aware one-class flow developed alongside the chained

system (Appendix B), which under the same five-seed protocol reaches a recording-level

ROC-AUC up to about 0.98 at the calibrated 0.05 healthy false-positive rate, an order

of magnitude above the conjunction’s recall. One scope limitation must be conceded

squarely here. This flow belongs to a different architecture class than the three fusion

paradigms under test, so it was held outside the headline comparison; the practical

consequence is that the detector this thesis ultimately recommends is not contained,

in full, in the controlled contest that the rest of the chapter rests on. The exclusion is

principled rather than convenient (the impulse-aware flow is not a fusion paradigm and

could not be slotted into the unimodal/late/intermediate axis without changing what that

axis measures) and it is mitigated by evaluating the flow under the identical five-seed,

recording-level protocol, so the comparison across the two heads is at least like-for-like

even though it is not in-contest. With that limitation stated, the deployable detection

answer is a pair: the conjunction as a guaranteed-specificity gate, and the impulse-aware

flow for the recall the gate cannot provide.

7.4 Paradigm- and Geometry-Bound Localization (RQ3)

The same data-scale-and-complexity pattern recurs in localization, where it can be

watched directly as the test gets stricter. Three generalization protocols of increas-

ing strictness return different winners, and the progression is itself the finding. Late
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fusion wins average accuracy under leave-one-recording-out; under the stricter leave-one-

position-out test the accelerometer-TDOA pathway alone is most accurate (about 0.13 m

against 0.17 m for fusion), a verdict the cross-session transfer to the unseen D5 session

confirms.

The reversal is interpretable and carries a general lesson. The acoustic steered-power

volume is initialized by a soft-argmax over a grid, which memorizes the training positions;

the residual head cannot fully undo that bias on a position it has never seen, so adding

the acoustic pathway harms position-held-out generalization. The accelerometer time-

differences, by contrast, are a geometric invariant (the same hyperboloids regardless of

which positions occupied the training fold), so the TDOA pathway transfers. The best

pathway is thus a function of the generalization actually demanded: fusion buys stability

when the test resembles training, the geometric pathway buys transfer when it does not.

One caution bounds the lesson. The acoustic pathway’s failure to transfer is tied to its

soft-argmax grid initialization, an implementation choice, so the evidence shows that this

acoustic front-end harms position transfer, not that acoustic localization must in principle.

A front-end without the memorized grid prior might transfer better, which makes the

claim one about memorized spatial priors rather than about the acoustic modality as such.

Two observations bound the practical accuracy. First, errors are set by the array

envelope, not by signal quality: every failure lies on or outside the convex hull of the

sensor array, while every position the sensors bracket localizes well, so field accuracy

is governed by sensor placement rather than by the learner. Second, a methodological

lesson: an inherited steel wave-speed constant, too high by roughly 2.5×, had silently

suppressed the entire vibration localization channel until it was replaced by the material-

correct plastic value of 2000 ms−1. The correction was physics, not tuning: in a chained

sensing-to-estimation system a single wrong constant can mask a genuine signal.

7.5 Regime Identification from Supervisory Signals (RQ4)

The fourth question is exploratory by construction, since the prototype carries no temper-

ature, pressure, or SCADA channels, but its two available checks validate the premise the

earlier questions relied on. The first is a wiring check: exercising the supervisory pathway

with the recorded operating-condition token leaves the localization error unchanged. Read

correctly, this is the predicted null returning as expected, since the context vector already

encodes what the token would carry, so the mechanism runs end to end as redundancy

rather than as a performance gain.
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The substantive result comes from mining the real ROW II archive offline, and two

findings stand in sharp contrast. First, the process channels encode the operating mode

almost completely: their mutual information with the mode label rises to the mode-label

entropy ceiling of about 0.95 nats (Table 6.13), the leading channel’s point estimate sitting

fractionally above that bound as a known positive bias of the nearest-neighbor estimator

rather than a true excess, so the channels saturate the available mode information. This

corroborates a narrower claim than it might first seem. It establishes that operating mode

is recoverable from the process channels, which is the warrant for routing them in as

the supervisory conditioning input ssst . It does not bear on the acoustic-vibration encoder,

whose own recoverability result rests on the prototype evidence of §7.2, and it does

not show that conditioning improves detection, which §7.3 found to be a modest effect.

The archive validates the conditioning input, not the encoder and not the size of the

conditioning gain. Second, no process channel is a significant anomaly detector. None

survives a global, FDR-controlled test, and the per-anomaly information sits roughly two

orders of magnitude below the per-mode information. Stratifying by mode surfaces a

few physically sensible hits (pump-mode flow and guide-vane position, phase-shifter

headwater level and pressure), but only on small cohorts, and an instrumentation audit

qualifies even those: of the machine’s twelve accelerometer channels only six were live,

and none of its eight microphones were, so the legacy anomaly target was derived from a

degraded sensor set, and the null speaks as much to field-instrumentation readiness as to

the channels themselves.

The contrast settles how the supervisory signal should be used, and it justifies the

architecture directly. Because the SCADA channels carry operating-mode information

up to saturation but carry no globally significant anomaly signal, they belong on the

conditioning path, not the detection path: they should enter the model as the context

vector ssst that tells the anomaly head which regime it is in, rather than being thresholded

as detectors in their own right. This is exactly the role the chained architecture assigns

them, and the archive analysis is the empirical warrant for that choice on real-turbine

data. The within-mode anomaly associations are left as a hypothesis to be validated on

properly instrumented field data before any channel is trusted as a detector.
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7.6 Cross-Cutting Synthesis

The four questions converge on three observations that cut across them, each already

visible in the sections above. Stated together, they are the most transferable reading the

evidence supports, and each is bounded by the limitations that follow in §7.7.

No single paradigm wins everywhere. The paradigm map is not an artifact of one

metric: every operational demand measured here (label-free mode discovery, near-zero-

false-alarm detection, average localization accuracy, transfer to unseen positions) selects

a different winner. The design question is therefore not whether to fuse but which

combination to reach for under a stated demand, and a system that fixes one architecture

for all demands will be wrong for most of them.

Modality complementarity is real but asymmetric. The acoustic stream carries the

mode-discriminative structure and detection recall; the vibration stream carries detection

specificity and, through its time-differences, the localization transfer. RQ1, RQ2, and

RQ3 each saw one side of this asymmetry. The most effective designs in this thesis place

each modality where it is strong (conjoining acoustic recall with vibration specificity in

the AND rule, and reserving the geometric TDOA pathway for spatial transfer) rather

than forcing a symmetric fusion that averages their strengths away. The asymmetry is

itself environment-dependent: which stream dominates is a property of the acquisition

setting (§7.2), which is why the architecture keeps both pathways available.

Complexity must earn its place. On this corpus, a parameter-free or single-pathway

method repeatedly matched or beat the jointly trained model. The likely mechanism is a

small-data effect: end-to-end joint training has more parameters to fit, so on a corpus this

size it can overfit the dominant modality or the largest cohort before it learns a genuinely

shared representation. This is a testable hypothesis, not a result; the thesis does not vary

dataset size, so the scaling behavior of fusion against the simpler combinations remains

open, and the advantage of joint training may yet grow with data. The firm claim is

therefore narrow: at the scale studied here, added complexity did not pay its way, and no

scaling advantage is asserted beyond it.

This ordering runs against the grain of the multimodal-fusion literature, and the

contrast, rather than the headline number, is the interesting object. Prior work on rotating

machinery reports that feature-level fusion exceeds either modality alone, often by wide

margins [22, 42], and that fused models stay robust even with very few labeled samples

per fault [37]. The present study finds the opposite ordering on its corpus. Two differences
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plausibly account for the divergence. First, that literature is almost entirely supervised,

multi-class fault classification with balanced labels, whereas the task here is label-free

context learning followed by one-class detection under domain shift, a regime that offers

far less signal for fitting a shared representation. Second, the comparison here is leakage-

controlled at the recording level, which removes within-recording correlations that can

flatter a high-capacity fusion model. The small-data reading offered above is, moreover,

not uncontested: [37] reports fusion robustness precisely at small sample sizes, which

cuts against it, and that unresolved tension is exactly why the scaling question is left open

rather than answered.

A separate finding sits beside those three and is too important to leave implicit: it

concerns the architecture’s own central bet. The system is built around context condi-

tioning, yet conditioning was the smallest of the gains it produced. It made the healthy

density model measurably but only modestly better (∆NLL = 0.055, median over seeds,

p < 0.001; §7.3), and the robustness a deployment would actually rely on came from

a parameter-free conjunction that learns no combiner at all. The central architectural

hypothesis is therefore only weakly supported on this corpus: learning a context rep-

resentation is useful, but conditioning the detector on it was not where the decisive

robustness came from. This does not void the architecture as a contribution, since it

remains the experimental vehicle that made the leakage-controlled paradigm comparison

possible; it narrows the claim from “conditioning drives robustness” to “a learned context

representation is worth building, but how it should enter the decision is itself a design

variable.” The result is stated plainly rather than buried, because it is the one most likely

to redirect a follow-on design.

Two boundaries travel with these observations and are detailed in §7.7: the detection-

side reading rests on induced knocks rather than incipient faults, and the modality ordering

is a property of this acquisition environment. They bound how far the observations reach

without overturning them. Running underneath them is also a methodological stance.

Each null is reported with its mechanism attached: the RQ1 fusion null with its measured

acoustic dominance, the RQ3 acoustic-harms-transfer result with its soft-argmax explana-

tion, the RQ4 anomaly null with its instrumentation audit. The contribution is not that the

results are reported faithfully, which is the baseline expectation of empirical work, but

that the mechanism attached to each null converts it into actionable design guidance: a

measured cause tells a practitioner what to change, where an unexplained null tells them

only to stop.
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7.7 Limitations

The primary limitation concerns the anomalies themselves. Every induced fault is a

casing impact, a knock, not a naturally occurring incipient fault. This matters more than

the scale of the rig: a knock is a broadband impulsive event that excites both channels

strongly and simultaneously, whereas the faults the work ultimately targets (vaporous

cavitation, propagating micro-cracks, early bearing wear) are narrow-band, low-energy,

and modality-selective in their early stages (Chapter 2). A detector that separates knocks

from healthy background has therefore been tested on a comparatively easy target, and the

detection results must be read as a method and a relative ranking rather than as evidence

of sensitivity to real incipient damage. The localization conclusions are less exposed,

since a knock is a legitimate impulsive source of known position, but the detection

conclusions inherit this in full. Closing the gap requires a campaign that records genuine

fault signatures, and it is the first thing a field deployment must establish.

The prototype scale, established at the outset, bounds every absolute number: each

headline value is evidence for a method and a relative ordering, not a field specification.

The remaining limitations are more specific and follow from the data.

The labeled cohorts are small, which widens every interval; the bootstrap and Wilson

intervals and the multi-seed stability checks are reported precisely so this uncertainty stays

visible. The corpus records no genuine mode transitions, so the transition stress relies

on synthetic crossfades that are partly off-manifold by construction, and the operating-

condition shift is approximated by controlled noise levels rather than a campaign driven

across regimes. The real-archive analysis cannot fully separate a weak anomaly signal

from a degraded instrumentation target, though rebuilding the target from the live sensors

alone rules that out as the sole explanation. Finally, faithful re-scoring of the conditional

flow requires persisting the learned window-pooling summary alongside the flow weights,

which the released pipeline does; the headline tables are five-seed medians, while the

per-position map and the score-distribution plot are drawn from a single reference seed.

A final scoping note bounds what the frozen comparison covers. The evaluated

conditional flow conditions its affine-coupling layers on the operating context through

FiLM over a fixed standard-normal base; refinements to that head were deliberately

held out of the evaluation and are taken up as future work in §8.3. The impulse-aware

one-class flow that supplies the high-recall operating point is a separate architecture: it

has been evaluated over all five seeds and is reported in Appendix B, but it too sits outside
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the frozen paradigm comparison, so it informs deployment without entering the headline

verdicts.

7.8 Implications

For a near-term deployment on instrumented hardware, the results translate into three

recommendations. Detection should run two operating points, not one: the parameter-free

AND rule as the high-specificity gate, paired with the impulse-aware flow of Appendix B

for the recall the gate cannot supply. Localization should rely on the accelerometer-TDOA

pathway and treat sensor placement as the design variable that sets accuracy, since the

array envelope, not the learner, bounds the achievable error. Supervisory conditioning

should route the mode-defining SCADA channels into ssst and analyze anomalies per

operating mode rather than pooled, since that is where the real archive exposed physically

meaningful associations.

One conjecture worth testing beyond this setting follows from the pattern, and it

is offered as a conjecture rather than a result. In other constrained-data multimodal

problems, it may be more productive to separate representation learning from decision

fusion, learning each modality well and then combining specialized detectors with

discipline, than to assume that deeper end-to-end integration improves robustness by

default. Whether that holds outside the present corpus is untested here. What this

study establishes within its scope is narrower and firmer: on this prototype, multimodal

architectures were better understood as a set of demand-specific operating points than as

a search for one universally optimal fusion strategy, and the useful deliverable was less a

single best model than a leakage-controlled map of which design serves which demand,

reported with the intervals and caveats that let it be reused once the hardware, the faults,

and the scale are real.
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Chapter 8

Conclusion

This thesis asked whether latent representations of operational context can be recovered

from acoustic and vibration streams, and whether conditioning anomaly detection and

source localization on those representations improves performance under domain shift.

It answered the question by building a single chained system (from self-supervised

context encoding, through a context-conditioned anomaly head, to a fusion localization

head) and evaluating that system on a five-campaign corpus collected from a 3D-printed

scale prototype of the ROW II machine. The four research questions were posed as a

contest between the standard fusion paradigms, and the evaluation was held throughout

to protocols designed to remain honest at prototype scale: recording-level splits, held-out

calibration, bootstrap and Wilson intervals, and baselines drawn from the prior work the

system is meant to improve on.

8.1 Summary of Findings

The four research questions returned a consistent and, in places, unexpected picture. Op-

erating context proved recoverable from the sensor streams without labels, though carried

mainly by the acoustic channel, and joint fusion did not improve on it. Conditioning the

detector on that context helped only modestly; the dependable robustness under steady-

state domain shift came instead from a parameter-free conjunction, with a complementary

high-recall head supplying what the conjunction trades away. Localization was paradigm-

and geometry-bound, the geometric time-difference pathway generalizing most reliably

to unseen positions and accuracy set by sensor placement. The supervisory channels of

the real archive identified operating mode almost to its entropy ceiling while flagging no

anomaly on their own. No paradigm dominated overall: each owned a different operating

point, and at this scale the simpler parameter-free combinations were not outperformed
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by joint training, whose advantage at larger scale is left open as a hypothesis rather than a

finding.

8.2 Contributions

The thesis makes four contributions, of four different kinds.

A scientific finding. The thesis contributes the demand-specific verdict itself (§7.1):

the best paradigm is selected by the operational demand, not fixed by architecture, and at

this scale the simpler parameter-free combinations are not outperformed by joint training.

The accompanying small-data reading is framed as a falsifiable hypothesis rather than a

settled result, set explicitly against fusion-literature evidence that points the other way,

and the premise that operating context is recoverable is independently corroborated, for

the supervisory channels, on the real ROW II archive.

An evaluation methodology. The thesis contributes a leakage-controlled, head-to-head

comparison of the unimodal, late, and intermediate fusion paradigms, conducted under

recording-level splits, held-out calibration, multi-seed stability reporting, and prior-work

baselines, which turns the usual question of whether fusion helps into the more useful

question of which paradigm to use under which demand. Part of the method is a reporting

discipline: negative and null results are carried with their mechanisms attached, as

first-class evidence rather than as omissions.

A system architecture. The thesis contributes the chained context-conditioning design

(a self-supervised operating-context representation that conditions both a normalizing-

flow anomaly head, through FiLM, and a fusion localization head), which is the vehicle

that makes the paradigm comparison possible and is built to be carried directly onto

instrumented hardware.

Deployment guidance. The thesis contributes a concrete, deployable recipe, set out

in full in §7.8: a two-operating-point detector (the parameter-free AND gate with the

impulse-aware flow for recall), an accelerometer time-difference pathway for spatial

transfer with sensor placement as the governing design variable, and the mode-defining

supervisory channels routed into the detector’s context rather than thresholded as detectors

in their own right.
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8.3 Outlook

The prototype could establish the relative orderings between paradigms but not the

absolute performance of any of them, and the work it leaves to do divides into open

scientific questions and the engineering that would answer them.

Scientific open questions. Whether the advantage of jointly trained fusion grows

with data, as the small-data reading tentatively suggests and the fusion literature partly

disputes, is the question above all others. Beyond it lie two more: whether the dominance

of acoustic over vibration inverts at full scale, where broadband hall noise degrades

the acoustic channel; and whether context conditioning holds under a genuine, isolated

change of operating mode rather than the joint operating-and-acquisition shift this corpus

could provide. Each is a hypothesis the prototype could raise but not settle.

Engineering work. A larger, fully instrumented campaign on the full-scale machine

is what would answer them. It must record genuine fault signatures and real mode

transitions rather than synthetic crossfades, bring the full sensor complement live (the

microphones and all accelerometer channels the archive audit found dormant), and carry

the temperature, pressure, and SCADA channels the fourth research question could only

mine offline. Two anomaly-head extensions are ready to fold into it: the three refinements

held out of the present evaluation (a context-conditional flow base, an injected impulse-

and-spectral anchor, and an empirical-Bayes shrinkage of the per-cluster thresholds),

which a single-seed probe suggests help mode discovery but which must be validated

under the multi-seed protocol before any gain is claimed; and the impulse-aware one-class

flow of Appendix B, already validated over five seeds, to be promoted into the deployed

detector.

Such a campaign would convert the relative orderings established here into field

specifications, would test the conditioning claim against real domain shift, and would

settle whether the acoustic-trunk verdict of the prototype survives the broadband noise

of a production hall or gives way to the structure-borne vibration path. The chained,

context-conditioned design and the evaluation discipline developed in this thesis are built

to be carried directly into it. The contribution of this work is not a finished monitor but the

validated map that tells a larger campaign where to look: which paradigm serves which

demand, which claims are settled and which remain open, and which design choices a

full-scale deployment must revisit before any field-grade guarantee can be made.
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Appendix A
Hyperparameters and Reproducibility

This appendix records the complete hyperparameter configuration of the four learned

stages (the per-modality encoder V1, the fusion encoder V2, the conditional-flow anomaly

head V3, and the localization head V4), the model-selection grids over which the ca-

pacity and regularization settings were chosen, and the trained parameter count of each

stage. The values are those recorded in the run manifests of the five-seed evaluation of

Chapter 6; they are the configuration that produced every reported number, read back

directly from those manifests. Unless stated otherwise, every stage uses the AdamW

optimizer, a recording-level training/validation split with a validation ratio of 0.3, and

seed 42 for the headline numbers; the multi-seed robustness sweep additionally uses seeds

{1337,2024,7,99}. The acoustic analysis grid (nfft = 4096, hop = 2048, nmels = 96) is

shared by all stages and is justified by the empirical sweep of Chapter 3.

A.1 Stage hyperparameters

A.2 Model-selection grids

The capacity and regularization settings of §A.1 were chosen by the sweeps in Table A.4,

each evaluated on a held-out selection metric and then re-trained over the multiple seeds

above. Capacity is written as the swept pair of dimensions.

A.3 Parameter counts

Table A.5 reports the trained tensor count of each stage. The per-modality trunks are

pretrained in V1 and their weights are inherited by the V2 fusion encoder, so they are not

counted again in the deployed total: the chained inference pipeline is V2→ V3 + V4,

about 1.15 million parameters in all.
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A.3 Parameter counts

Table A.1: Encoder hyperparameters. V1 pretrains the two per-modality trunks con-

trastively; V2 inherits them and trains the cross-attention fusion block and the context

pool jointly. “n/a” marks a setting that does not apply to that stage.

Hyperparameter V1 V2

Window length / stride (s) 2.0/1.0 2.0/1.0
Epochs 12 12
Batch size 16 16
Learning rate 10−3 10−3

Weight decay 10−4 10−4

Feature / embed dim 64/64 64/64
Attention heads 4 4
Projection dim 32 32
CWT scales 32 32
Acoustic CNN width multiplier 1 1

Gain jitter (dB) 9.0 9.0
Channel dropout 0.2 0.2
SpecAugment freq / time mask 12/16 12/16

Contrastive (NT-Xent) weight / temperature 1.0/0.1 1.0/0.1
Latent-mask fraction / weight n/a 0.3/1.0
Cross-modal-alignment weight / temperature n/a 0.5/0.1
Vibration modality dropout n/a 0.5
Context PMA seeds n/a 2

Table A.2: Conditional-flow anomaly head (V3) and per-cluster thresholds.

Hyperparameter Value

Affine coupling layers 6
Scale / translation hidden dim 64
Hidden layers per scale/translation net 2
Scale bound smax 2.0
Coupling-MLP dropout 0.1
Context PMA-2 pool heads 4
Epochs 15
Batch size 32
Learning rate 10−3

Weight decay 10−4

Threshold clusters K 3
Threshold percentile 95
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A.3 Parameter counts

Table A.3: Localization head (V4). The residual half-range r is the architecture default

used for every reported localization number; see §A.2 and §6.7 for its sweep.

Hyperparameter Value

3-D CNN feature dim 64
TDOA feature dim 32
Residual-MLP hidden dim 64
TDOA pool heads 2
Soft-argmax temperature τ 1.0
Residual half-range r (m) 0.20
Epochs 30
Batch size 8
Learning rate 10−3

Weight decay 10−4

Head dropout 0.1

Smooth-L1 β (cm) 1.0
Target-position noise (m) 0.002
SRP-volume noise std 0.02
TDOA jitter (m) 0.001

Table A.4: Model-selection grids and selected values. The residual half-range is selected

at 0.20 m, the architecture default that produces every reported localization number; the

robustness sweep of §6.7 notes that widening it to 0.30 m yields a marginally lower

held-out MAE, but this value was not adopted.

Stage Axis Grid Selected

Encoder Acoustic CNN width mult. {1,2} 1

V3 flow Coupling-MLP dropout {0.0,0.1,0.2,0.3} 0.1
V3 flow Weight decay {10−4,5×10−4,10−3} 10−4

V3 flow Capacity (layers, hidden) {(4,32),(6,64),(8,128)} (6,64)

V4 head Head dropout {0.0,0.1,0.2,0.3} 0.1
V4 head Weight decay {10−4,5×10−4,10−3} 10−4

V4 head Capacity (CNN, hidden) {(32,32),(64,64),(128,128)} (64,64)
V4 head Residual half-range (m) {0.10,0.20,0.30} 0.20
V4 head Target-position noise (m) {0.002,0.010,0.020} 0.002
V4 head SRP-volume noise std {0.02,0.10,0.20} 0.02
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A.3 Parameter counts

Table A.5: Trained parameter count per stage (state-dict tensors).

Stage Parameters

Per-modality encoder, acoustic (V1) 190 340
Per-modality encoder, vibration (V1) 149 284
Fusion encoder, incl. both trunks (V2) 440 616
Conditional flow (V3) 501 120
Context pool for the flow input (V3) 41 984
Localization head (V4) 162 471

Deployed pipeline (V2 + V3 + V4) 1 146 191
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Appendix B
Supplementary Anomaly-Head Experiments

This appendix records two lines of work on the anomaly head that sit outside the frozen

paradigm comparison of Chapter 6. Neither changes a research-question verdict, since

each is a different architecture from the chained system those verdicts rest on. They are

documented here because each points to a concrete next step for a field deployment, and

because the second of them now carries five-seed evidence that bears directly on the

recall limitation of the deployed anomaly rule. Both were developed after the paradigm-

comparison protocol was frozen, so they are kept apart from the headline tables to keep

every reported comparison on a single fixed protocol (Chapter 5); the scoping note of

§7.7 introduces them in the discussion, and the detail follows here.

B.1 Post-Freeze Conditioning Refinements

The conditional flow evaluated in the main text conditions its affine-coupling layers on the

operating context through FiLM while keeping a fixed standard-normal base, and scores

the pooled fused tokens directly (§4.5). Three refinements of that head were implemented

afterward. Each targets a specific weakness visible in the results of Chapter 6, in particular

the modest conditioning gain (§6.4.1) and the seed-sensitive per-cohort recall (Table 6.5).

Context-conditional flow base. The fixed standard-normal base is replaced by a base

whose mean and variance are predicted from the context vector ccct by a small, zero-

initialized network, so the center of the healthy density moves with the operating regime

and the score is regime-normalized by construction rather than only through the coupling

layers. This targets the cross-regime confound in which a single-regime fault is scored

against a pooled, multi-regime baseline.

Impulse-and-spectral anchor. A diagnostic probe shows that the self-supervised en-

coder optimizes the impulsiveness of a knock out of its embedding: a ridge regressor

cannot recover the crest factor from the flow-input embedding (R2 ≈ 0). The anchor

restores that information by concatenating the validated hand-crafted impulse and spec-

tral feature families (crest, impulse, clearance and shape factors, kurtosis, knock count,

and spectral-kurtosis, alongside spectral centroid, spread, flatness, entropy, rolloff, and

band-energy ratios) to the flow input, computed on the same windowed features the en-
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B.2 Deep Impulse-Aware Flow

coder already consumes so no raw re-windowing is introduced. These features cannot be

optimized away, so the conditional density sees the anomaly while remaining conditioned

on ccct .

Empirical-Bayes threshold shrinkage. Each per-cluster percentile threshold is pulled

toward the global pooled percentile by an empirical-Bayes weight w = nk/(nk +λ ), so

a small or noisy cluster borrows strength from the stable global boundary while a large

cluster keeps its own. This guards against the failure mode in which a single small

cluster’s mis-fit percentile inflates the held-out healthy alert rate.

The outcome of a single-seed probe is mixed, and it is the reason these refinements

were not adopted for the headline evaluation. Integrated together into the chained pipeline,

they drive the RQ1 mode-discovery score to near-perfect on the labeled cohorts, but they

degrade the other research questions relative to the frozen configuration, so the net effect

on the system as a whole is negative. Because the effect was not validated under the same

five-seed protocol that governs every reported number, no gain is claimed from it, and

the simpler fixed-base head remains the system of record. A multi-seed re-evaluation of

these refinements remains an open step for the anomaly head.

B.2 Deep Impulse-Aware Flow

The anchor of §B.1 treats a symptom of the self-supervised objective: that contrastive and

cross-modal-alignment training discard transient structure. A separate, standalone model

addresses the cause directly. Instead of scoring a contrastively trained embedding, it reads

the raw waveform window through a per-modality one-dimensional CNN that is trained

end to end with a conditional normalizing flow on the healthy negative log-likelihood,

a one-class density objective rather than a contrastive one, so transients are preserved

rather than collapsed. The validated hand-crafted impulse and spectral features are again

concatenated as a recall anchor, and a learned low-dimensional context head with a

context-conditional flow base normalizes the healthy density per operating regime so that

one global threshold transfers across campaigns. The anomaly score is the per-modality

negative log-likelihood of the anchored embedding under the context, sum-fused across

modalities, fit on healthy windows only.

This model is a different architecture trained under a different objective from the

chained system of Chapter 4, and it does not slot into the unimodal/late/intermediate

paradigm comparison, so it is reported here as a forward-looking supplement rather than

as a research-question result. It is, however, evaluated under the same five-seed discipline
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B.2 Deep Impulse-Aware Flow

that governs the main text, on the seed set {42,1337,2024,7,99}, so its stability can be

read directly. Table B.1 gives its recording-level detection: the flow is fit on the pooled

healthy windows of D2, D3, and D4, calibrated to a 0.05 healthy false-positive rate

(achieved 0.050 at the median, with no spread across seeds), and tested on each campaign,

with D5 held out entirely from fitting.

Two readings matter. The first is detection quality. The held-out D5 recording-level

ROC-AUC reaches a five-seed median of 0.973, and rises to 0.982 once a few-shot

adaptation on a small healthy slice of D5 is allowed, at a held-out false-positive rate of

0.059; the in-fit campaigns D2 and D3 reach 0.981 and 0.964. These are clean recording-

level detection numbers of the kind the sparse per-window cohorts of Chapter 6 could

not yield for the chained head. The second reading concerns recall, and it is the one that

bears on the deployed anomaly rule. At the calibrated 0.05 operating point the fraction

of anomaly recordings flagged is 0.91 on D2, 0.94 on D3, and 0.96 on the held-out D5

after adaptation, an order of magnitude above the late-fusion AND rule’s recall on the

same cohorts (Table 6.5). The exception is D4, the sparse cohort whose knock recordings

are mostly healthy background, where the flagged fraction falls to 0.35. The impulse-

aware flow therefore supplies the usable-recall operating point that the parameter-free

conjunction of Chapter 6 trades away for its near-zero false-alarm rate, holding the same

0.05 healthy target while recovering most anomaly recordings on every cohort the array

resolves well.

Table B.1: Deep impulse-aware flow, recording-level detection, median [min, max] over

the five seeds {42,1337,2024,7,99}. The flow is fit on the pooled healthy windows of

D2, D3, and D4 at a 0.05 healthy false-positive target (achieved 0.050, no spread); D5

is held out from fitting. ROC-AUC and PR-AUC are recording level; Flag@thr is the

fraction of anomaly recordings flagged at the calibrated operating point, the recording-

level recall. The D5 row is reported both zero-shot and after a few-shot adaptation on a

small healthy slice of D5 (held-out false-positive rate 0.059).

Campaign Held out ROC-AUC PR-AUC Flag@thr

D2 no 0.981 [0.98, 0.99] 0.963 [0.96, 0.98] 0.907 [0.87, 0.96]
D3 no 0.964 [0.92, 0.99] 0.895 [0.85, 0.94] 0.944 [0.88, 0.99]
D4 no 0.856 [0.78, 0.88] 0.928 [0.89, 0.94] 0.352 [0.31, 0.37]
D5 (zero-shot) yes 0.973 [0.78, 0.99] 0.996 [0.97, 1.00] 1.000 [1.00, 1.00]
D5 (few-shot) yes 0.982 [0.92, 0.99] 0.998 [0.99, 1.00] 0.960 [0.83, 0.97]
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B.2 Deep Impulse-Aware Flow

Table B.2: Deep impulse-aware flow, selected configuration.

Hyperparameter Value

Mel bands / time frames 64/64
Window length / stride (s) 1.0/0.5
Embedding dim 32
Context dim 16
Anchor features 16
Flow layers / hidden dim 8/32
Dropout 0.1
Epochs / batch size 40/64
Learning rate / weight decay 3×10−4/10−4

Augmentation strong
Healthy FPR target 0.05

One caution bounds this result. Like every detection result in this thesis, it is measured

against deliberately induced casing impacts rather than naturally occurring incipient faults

(§7.7), so the recording-level ROC-AUC reflects separability of knocks from healthy

background, not sensitivity to real damage. The recall numbers inherit the same bound,

and the D4 shortfall is a reminder that even on knocks a sparse cohort remains hard. With

that caveat, the deep impulse-aware flow is the most promising single direction for the

anomaly head: it pairs the AND rule’s near-zero false-alarm rate with a usable recall

the conjunction cannot provide, and it is the natural candidate to carry, under the full

protocol, into the instrumented campaign outlined in Chapter 8.
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Appendix C
Source Code Availability

The complete source code developed for this thesis is publicly available in the following

repository:

https://github.com/ZakariaOmarar/Master-Thesis

All experiments, models, and figures reported in this thesis were produced with the

code hosted at this address. The repository contains the full processing pipeline, the im-

plementations of the four learned stages whose configurations are recorded in Appendix A

(the per-modality encoder, the fusion encoder, the conditional-flow anomaly head, and

the localization head), the supplementary anomaly-head experiments of Appendix B, and

the scripts that regenerate every reported number and figure. The version of record is

the state of the repository at the time of submission; together with the run manifests and

hyperparameter grids of Appendix A, it is intended to make every result in this thesis

reproducible.

The repository shows only a single, final commit because the GitHub account orig-

inally used during development was suspended by GitHub; the code was therefore

re-published under the account above as one consolidated commit, and the absence of an

earlier commit history is a consequence of that suspension rather than of the development

process itself.
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