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Unified Acoustic Emission Monitoring of Sediment Erosion 
and Cavitation in Hydraulic Turbines

G. Weidenholzer1, F. Minixhofer1, L.Neururer1

Abstract

Sediment erosion and cavitationerosion coupling cause progressive turbine damage that conventional turbidity monitoring 
cannot detect directly. Structureborne acoustic emission (AE) monitoring addresses this gap, providing unified, realtime 
quantification of both mechanisms via statistical signal decomposition and machinelearning (ML) baseline compensation. 
Field validation demonstrates that acoustic monitoring detects sediment erosion at turbine component level, identifies 
cavitation onset thresholds, and enables predictive operational mitigation. This shifts management from reactive 
maintenance to predictive asset protection.

1. Introduction

Sedimentinduced erosion is a persistent challenge in hydroelectric power plants, especially in alpine and glacierfed 
catchments. In Pelton and Francis turbines under sedimentladen flow, erosion progressively damages turbine parts, reduces 
efficiency, and shortens maintenance intervals. Severity is highly sitespecific, so each plant's erosion profile is unique and 
the resulting interventions are costly and lifelimiting [1, 3]. Current mitigation relies on intake turbidity monitoring with 
reactive shutdown or load reduction, but turbidity measures a waterquality proxy upstream rather than the erosive damage 
potential at the turbine, limiting damage prediction and operational optimization.

Cavitation is a separate but coupled mechanism: vaporbubble collapse causes pitting and progressive roughening, and the 
two phenomena reinforce one another. Classical cavitation avoidance imposes static restrictions on the operating map from 
worstcase conditions (e.g. elevated water temperature and sediment load), needlessly sacrificing production during long 
periods when the restricted zones could run safely. Neither mechanism is independently controllable, yet conventional 
strategies treat them separately [2] and exploit neither their coupling nor realtime observability. This work addresses that 
gap with structureborne acoustic emission monitoring, which directly measures particleimpact energy and detects 
cavitation onset at the turbine component in real time, giving unified observability of both mechanisms and enabling 
adaptive operational control. The authors demonstrated acoustic sediment monitoring on a Pelton turbine in a prior study 
[10]; the present work extends the approach to a hydraulically more complex Francis turbine and to the coupled cavitation 
interaction.

2. State of the Art

Sediment Erosion Mechanisms

Hydroabrasive erosion is governed by particle kineticenergy transfer on impact. For a Francis turbine, IEC 62364:2019, 
Section 3.1 [1] predicts the erosion depth S as

𝑆 = 𝑊3.4 ∙ 𝑃𝐿 ∙ 𝐾𝑚 ∙ 𝐾𝑓 / 𝑅𝑆𝑝 (1)

where W is the characteristic flow velocity, PL the particle load (suspended sediment concentration (SSC) integrated over 
time, weighted by particle size distribution (PSD), shape, and hardness), Km the material factor, Kf the flowpattern 
coefficient, and RS the component reference size with size exponent p. The strong velocity dependence (exponent ≈3.4) 
means small increases in stream velocity during transient discharge produce disproportionate damage; fine sand (0.1–0.2 
mm) is especially harmful because it passes desanding systems yet retains full impact energy; and hard quartz particles, 
exceeding typical turbinematerial hardness, dominate wear [6]. Consequently, short highconcentration events drive 
cumulative wear despite occupying under 5% of operating time [3].
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Cavitation & Erosion Interaction

Cavitation damage results from vaporbubble formation and implosion where local pressure falls below vapor pressure; 
collapse shock waves and microjets cause pitting, fatigue, and material loss. Its interaction with sediment erosion is 
synergistic rather than additive [1, 2]: suspended particles act as cavitation nuclei, lowering the pressure margin for 
inception, while cavitationroughened surfaces create preferential impact sites that raise local erosion rates. Critically, 
sediment erosion can mask cavitation damage by smoothing sharp pits into cumulative wear profiles, obscuring the true 
damage sequence. Hardcoated turbine surfaces, commonly applied to mitigate sedimentinduced abrasive wear, can be 
particularly susceptible to cavitation damage. Highintensity bubble collapses may locally breach the protective coating, 
exposing the underlying base material and thereby accelerating subsequent erosion and material loss. Beyond the damage 
mechanism, static operating restrictions based on worstcase assumptions either fail to prevent cavitation during poor 
water quality or needlessly cut production during good conditions, motivating unified, realtime detection and adaptive 
control.

Measurement Methods & Acoustic Approach
Conventional sediment monitoring in hydropower relies on intakebased turbidity sensors, which measure water quality 
upstream rather than erosion risk at the turbine [8]. This creates a fundamental mismatch: turbidity responds to light-
scattering fine particles while coarse sand (the most damaging) often settles or bypasses the sensor; it provides no 
information on mineral hardness, particle size, or kinetic energy; and it cannot distinguish what actually reaches the turbine. 
Controlled laboratory studies confirm these sensorperformance boundaries under realtime suspendedsediment conditions 
[11]. The result is operational uncertainty and reliance on conservative shutdown strategies.

Structureborne acoustic emission (AE) monitoring addresses these gaps directly: sensors at turbine hydraulic surfaces 
quantify particle impact energy, correlating acoustic power with erosion damage potential (Figure 1).

Figure 1: Acoustic sediment detection principle [13]

This approach is proven in industry for decades: sand detection in oilandgas piping uses identical physics [13], where 
particles striking walls generate ultrasonic signals whose acoustic power scales with kinetic energy and erosion rate [12]. 
DNV practice guidelines [14] establish quantitative relationships between particle velocity, size, and material loss rates. In 
turbines, AE sensors at hydraulic surfaces detect sediment impacts as broadband noise signatures [10], while cavitation 
collapses produce distinct impulsive transients [5, 7, 9]. Acoustic cavitation detection alone is already established industrial 
practice (e.g. Voith's commercial monitoring systems [4]), but without sediment erosion detection; the present approach 
unifies both from a single sensor system, with successful field deployments confirmed by Global Hydro. Success requires 
a twostage processing chain: statistical signal processing first separates cavitation impulses from Gaussian noise, 
then machinelearning baseline compensation [10] trained on turbine operating parameters removes operational bias 
from the noise signal to isolate sedimentinduced acoustic variations in real time.
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3. Methodology

The approach integrates acoustic emission sensing, Hilberttransform envelope extraction, statistical noise separation by 
an ExpectationMaximization (EM) mixture model, and machinelearning baseline compensation to isolate damage 
indicators from operational turbine noise. Figure 2 shows the complete workflow, from raw acquisition to wear and 
cavitation indicators.

Figure 2: Signal processing workflow

Acoustic Sensor System & Signal Acquisition

Ultrasonic sensors mounted on the outside of exposed turbine components operate at 20–100 kHz, where cavitation and 
particle impacts generate broadband signals distinct from the audiblefrequency (< 20 kHz) background of routine turbine 
operation [5]. This frequency separation provides initial filtering, but the broadband noise still contains operating-
conditiondependent variation that must be compensated to isolate sedimentinduced signals. Decisively, the sensor 
performs heterodyne conversion internally: ultrasonic frequencies are mapped to the audible range, so acquisition need 
only sample at 10–50 kHz rather than >100 kHz for raw ultrasonic capture. This makes the system compatible with 
industrial control hardware (PLC I/O, edge devices) and sharply reduces bandwidth and storage.

The effectiveness of the measurement largely depends on sensor placement, with hydraulically exposed surfaces typically 
yielding the strongest transient responses from particle impacts and bubble collapses. Different sensor models exhibit 
different calibration gains and frequency responses. Consequently, absolute acoustic power values are not directly 
comparable across installations; only relative trends and qualitative thresholds are robust [7].

Statistical Signal Processing

The pipeline works on recurring rawdata batches of 2–5 s, giving a quasicontinuous stream of wear and cavitation 
indicators. Each batch first passes through a Hilbert transform, whose envelope is the magnitude of the analytic signal. This 
envelope contains two statistical components. For continuous Gaussian noise generated by sediment transport and turbulent 
flow, the signal envelope follows a Rayleigh distribution. The envelope combines the signal and its Hilberttransformed 
quadrature component, both considered as zeromean Gaussian variables; consequently, the envelope magnitude is 
Rayleigh distributed by construction. Cavitation collapses and largeparticle impacts instead produce heavytailed Weibull 
distributed signals. An EM mixture model fits both components together, iteratively adjusting the parameters to maximize 
the likelihood and assigning each sample a probability of being noise or impulse. These probabilities then split the total 
envelope power into a background and an impulsive part; iteration stops once the loglikelihood no longer improves 
(Figures 3a–3d).
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a) Timeseries envelope signal dominated by background noise with 
minimal impulsive activity (baseline case).

b) EM mixturemodel decomposition of backgrounddominated signal. 
Predominantly Rayleigh component with negligible impulsive 

contribution (baseline case)

c) Timeseries envelope signal exhibiting both background noise 
and impulsive cavitation/impact events (mixed case)

d) EM mixturemodel decomposition of mixedcomponent signal. 
Rayleighdistributed background (sediment transport) and Weibull-
distributed impulsive (cavitation/large particles)

Figure 3: Statistical Signal Processing Examples

The fitted Rayleigh distribution also provides statistically grounded thresholds: events exceeding them are counted as 
discrete cavitation collapses or largeparticle impacts, quantifying their rate and clustering. The two resulting damage 
indicators are impulsive power (the Weibull component), which measures cavitation activity, and noise power (the 
Rayleigh component). Using the signal's statistical structure rather than a fixed amplitude threshold keeps the method 
reliable across the wide dynamic range of operating turbines.

MachineLearning Baseline Compensation

The acoustic background noise is strongly influenced by the turbine’s hydraulic operating condition and may vary 
significantly between different operating points, even in the absence of sediment transport. A gradientboosting model with 
a quantile (pinball) loss is trained on historical noise power against operating features (e.g. power, headwater level, tailwater 
level, pressure, and guidevane opening) to predict the expected normaloperation baseline; the low quantile (typically q = 
0.1) captures the lower envelope of acoustic behavior across the operational domain, improving robustness under variable 
regimes. The model is applicationspecific, reflecting each unit's hydraulic geometry and acoustic transfer. Feature 
selection and hyperparameter tuning must balance under- and overfitting, while the chosen quantile sets how sensitively 
the baseline sits below normal operation. Validation is inherently difficult: the operating data are strongly clustered, their 
distribution shifts substantially over time, and an extreme quantile, not a central tendency, is the estimation target. In 
deployment the model predicts the baseline in real time; subtracting it from measured noise power isolates the excess noise 
(sedimentinduced component) as a sediment erosion wear indicator. The impulsive power component serves inde-
pendently as a cavitation indicator, regardless of operating condition.
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4. Case Study

Demonstration Site: Tumpen–Habichen Hydropower Plant

The Tumpen–Habichen plant on the Ötztaler Ache in Tyrol, Austria, is a representative alpine runofriver diversion sche-
me with three Francis turbines under a net head of ~77 m and ~15 MW installed capacity. Its glacierfed catchment (790 
km²) produces elevated suspended and bedload sediment, with pronounced diurnal and seasonal concentration peaks docu-
mented for the Ötztal [15], making it well suited to investigating sedimentinduced wear under realistic operational stress.

Acoustic Monitoring & InternetofThings (IoT) Architecture

AE sensors were deployed on all three turbines in April 2025, mounted on exposed hydraulic components, e.g. on the spiral 
case, guide vane or the draft tube cone (Figure 5). Signals are acquired using Beckhoff CXseries industrial PLC hardware 
and passed to a micro industrialPC edge gateway that performs Hilbertenvelope extraction and EM mixturemodel fitting 
locally, minimizing latency and cloud dependency. Turbine telemetry (power, headwater level, tailwater level, pressure, 
guidevane opening, etc.) is read via Modbus RTU from the plant governor. The ML baseline model runs locally on the 
edge device in real time, while training occurs in the cloudbased Hydrox IoT ecosystem on Azure Databricks using 
historical telemetry. This hybrid architecture enables continuous model refinement without burdening field devices, 
periodically redeploying updated sensorspecific models to the field (Figure 4).

Figure 4: Hydrox IoT ecosystem architecture showing integration of acoustic sensors, 
edge computing, and cloudbased model training/redeployment pipeline

Figure 5: Field sensor installation at HPP Tumpen Habichen showing piezoelectric 
sensor placement on draft tube cone and guide vane hydraulic surfaces
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5. Results

Cavitation Signatures & Threshold Identification

Acoustic power versus guide vane opening revealed distinct turbinespecific signatures under variable sediment load 
(Figures 6a–6c). All three turbines showed steady, largely monotonic increases in acoustic power across the operating 
range, with turbinedependent progression rates. Vertical signal dispersion (visible in Figure 6a), representing excess noise 
variations driven by sediment concentration fluctuations, appeared across all turbines. T1 and T2 escalated gradually and 
uniformly across openings, but T1 showed steeper slopes at midtohigh openings; T3 displayed a pronounced and con-
centrated escalation in the upper operating range, with high acoustic power emerging above 85% opening, suggesting the 
onset of cavitation. Evidence supporting this interpretation is presented in the following section.
Note: These magnitudes are normalized within each turbine's dataset; because sensor placement, type, and calibration gain 
differ, only the relative progression is interturbine comparable.

5.1 Cavitation Monitoring & Mitigation

Cavitation–Damage Correlation: Efficiency Loss

Turbine T3's efficiency characteristic revealed the cost of cavitation: at equivalent power output, it required approximately 
6% higher guide vane opening under cavitation than in cavitationfree operation (Figure 7). This increased flow 
requirement directly reduced efficiency, demonstrating that cavitation degrades hydraulic performance. The efficiency loss 
coincided with the emergence of acoustic impulses above 85% opening, confirming that acoustic monitoring tracks active 
cavitation and associated performance degradation. However, while the method reliably detects cavitation onset and 
intensity, it does not directly classify the type of cavitation or quantify the resulting erosion and damage potential.

Power Derating & Operational Validation

In July 2025, responding to the 85% cavitation onset finding, operators derated T3: maximum guide vane opening was 
capped to prevent cavitation, reducing peak output from 3200 kW to 2800 kW. Over months of continuous post-
intervention monitoring, cavitationimpulse bursts vanished and Weibull impulsive power collapsed, while Rayleigh 
background power remained stable (Figure 8 shows this transition). Fortunately, the lost output was compensated by T1 
and T2, maintaining overall plant production, which is limited by grid constraints rather than water availability.

5.2 Sediment Detection & Intake Sediment Dynamics

Intake Supply Variation: HeadpondFlush Insight

Acoustic monitoring during summer season 2025 revealed intakestructure dynamics invisible to turbidity sensors. During 
controlled headpond flushing, lowering the flap gates diverted sedimentladen flow away from the turbine intake, causing 
acoustic noise power to drop sharply after flushing. In contrast, turbidity sensors at upstream locations remained elevated 
throughout (Figure 8). This distinction demonstrates that turbinemounted AE detects what sediment actually reaches the 
turbine, enabling detection of intakestructure accumulation and optimized maintenance scheduling.

SedimentDriven Acoustic Signatures & Erosion Detection

Operating T3 under derating constraints (almost no cavitation), field measurements in May and June 2026 validated the 
system behavior after recent signalprocessing improvements: daily acoustic cycles reliably tracked sediment load variati-
ons (Figure 9). ML baseline decomposition isolated the excess noise component (sedimentinduced, Rayleighdistributed) 
from operational bias, enabling quantitative tracking without manual calibration. While the acoustic and SSC signals exhi-
bited regimedependent shifts in the timing of their daily peaks, the onset of their daily increase remained closely aligned. 
Depending on the intake flow regime, the acoustic signal started rising simultaneously with or even before SSC despite 
being measured further downstream, suggesting different sensitivity to particle composition. Overall, both measurements 
captured the daily sediment dynamics well, although the remaining differences indicate that the relationship between SSC 
and acoustic erosion signatures is not yet fully understood. Nevertheless, the results suggest that acoustic monitoring may 
provide a more direct measure of erosionrelevant sediment activity than turbiditybased approaches. If confirmed by long-
term studies, this would represent a fundamental shift in sedimentmonitoring practice.
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a) Turbine T1: steady increase, impulses towards full load

b) Turbine T2: almost steady increase with power

Figure 6: Acoustic envelope vs. guide vane opening

c) Turbine T3: excessively steep, cavitation impulse bursts above 85% opening
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Figure 7: T3 efficiency curve showing correlation between efficiency degradation 
and high acoustic emission under cavitation conditions

Figure 8: Timeseries decomposition of noise and impulse power during summer season 2025
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Figure 9: SSC vs. acoustic noise correlation during diurnal cycles.
Note: yaxis scales differ between datasets because distinct sensor models and calibration gains were employed during 

experimental phases; absolute power levels are not directly comparable across figures.
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6. Conclusion & Outlook

Structureborne acoustic monitoring delivers unified observability of sediment erosion and cavitation intensity, enabling 
three capabilities unavailable from turbidity sensors: (1) realtime componentlevel erosion quantification and wear 
tracking; (2) detection of intake sediment dynamics, including accumulation and flushing; (3) unified cavitationsediment 
detection enabling dynamic power derating.

The cavitation threshold identified at T3 (above 85% guide vane opening) demonstrates predictive mitigation feasibility: 
dynamic conditionresponsive derating could enable production recovery during favorable periods, avoiding capacity 
losses that static restrictions would impose. Concurrently, continuous acoustic monitoring enables online wear tracking, 
reducing needed inspections: operators observe erosion trajectories in real time, building a cumulative damage timeline 
that supports proactive maintenance scheduling and extends turbine life.

Detection asymmetry reflects the underlying physics: cavitation impulses (Weibull, 10–100× larger than sediment noise) 
are easily detected but flag activity, not necessarily damage; sediment erosion (continuous Rayleigh noise) is harder to 
detect but the more direct damage proxy, requiring precise ML baseline subtraction.

Critically, sediment erosion can mask cavitation damage by smoothing sharp indentations. Operators had previously 
attributed turbine damage solely to sediment erosion, unaware of concurrent cavitation; acoustic monitoring revealed that 
cavitation was actively degrading efficiency beneath more obvious sediment wear. Baseline compensation makes both 
mechanisms jointly observable, so operators now understand the complete damage portfolio and can prioritize mitigation 
accordingly.

Practically, the system retrofits to existing infrastructure using standard piezoelectric sensors, cost efficient PLC hardware, 
and an edge gateway; its heterodyne frontend keeps scaling costeffective and makes extension to other turbine types 
straightforward.

Limitations: ML baseline requires ≥6 months sitespecific training and does not transfer across turbine geometries, but 
relative trends and impulsetonoise ratios are robust; the system provides relative wear indicators, not absolute material-
removal rates (requiring postoperation inspection for ground truth); acoustic monitoring operates only during turbine 
operation.

Future directions: Nearterm work extends deployment to other turbine types, confirms the observed regimedependent 
earlywarning potential relative to turbidity sensors, and includes postoperation inspection correlation and collaborative 
laboratory model testing with scientific partners to establish acousticdamage scaling relationships. The system is being 
further developed toward autonomous acoustictriggered operational adjustment (guide vane opening, bypass operation, 
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