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Abstract

Hydropower plants are increasingly challenged by climate change, which alters discharge regimes and intensifies 
sediment loads. These conditions accelerate turbine wear and cause substantial economic losses. Existing sediment 
monitoring methods often lack robustness, selectivity, and retrofit feasibility.
This paper introduces a novel monitoring approach that directly measures sedimentinduced wear potential in 
turbines using structureborne acoustic sensors combined with AIdriven signal processing. The method, adapted 
from sand detection technologies in the oil and gas industry, enables erosion monitoring at critical turbine 
components under real operating conditions. By filtering out hydraulic background noise with machine learning 
models, the system provides a reliable realtime indicator of sedimentrelated erosion. The paper details the tech-
nical background, the integration of the system into Global Hydro’s Hydrox platform, and realworld results. The 
results highlight the potential of this technology to extend turbine lifetime, improve operational flexibility, and 
support proactive asset management in sedimentaffected hydropower plants.

Introduction

In hydropower systems, periods of extremely high suspended sediment concentrations (SSC) in headwater inflows 
can lead to severe turbine wear, causing substantial economic losses for hydropower operators. This phenomenon 
is particularly relevant in mountain areas, where glacial and highaltitude catchments supply sedimentladen runoff 
to power plants [1, 2, 6]. For example, Figure 1 illustrates the accumulation of sediment in a desander and the 
resulting damage to a turbine guide vane, underscoring the operational and financial consequences of hydro-
abrasive erosion.

Figure 1: Sediment in the desander; damaged guide vane, images: Global Hydro



Historical data from the Ötztaler Ache near the hydropower plant TumpenHabichen reveal that significantly 
elevated SSC levels (> 3 g/L) occur in less than 2 % of the time [10, 11], as shown in Figure 2. Despite their 
infrequency, such events are critical due to their high erosive potential. As stipulated in the IEC 62364:2019 
standard, turbines should be shut down or operated in less wearintensive modes during such highSSC periods to 
minimize damage [9].

Figure 2: Historic flow rate and SSC time series at the Ötztaler Ache (AT) at gauge Tumpen

The development of reliable sediment monitoring systems is a key enabler for safe and efficient turbine operation, 
allowing operators to mitigate wear while maintaining power generation capabilities. To enhance the operational 
flexibility of hydropower generation—especially under growing demands for responsive electricity supply— 
accurate and realtime measurement of sediment erosion potential is essential [6, 7]. Various techniques for 
sediment monitoring have been explored, including optical and acoustic methods [7, 8].

1. State of the art

Current technologies offer methods for measuring concentration sediment in the intake water, e.g. using optical 
principles, but these have known disadvantages. 
Sensors in the water intake area are exposed to adverse environmental influences such as frost, bedload, debris, or 
biofilm growth and are often difficult to access. The commonly used turbidity sensors require calibration for a 
fixed particle size distribution (PSD), which is often unknown or can vary over time considerably. Furthermore, 
optical sensors are not selective enough; for example, air bubbles or soft organic particles are falsely interpreted 
as increased sediment load. Turbidity probes are highly sensitive to fine sediments, but often underestimate the 
concentration of coarser particles that are particularly harmful to turbines. 
All known methods are associated with relatively high costs, which is why they are often not implemented. 
Retrofitting is usually complicated when the electrical interfaces to the turbine controller are not provided.
The need to measure sediment concentration and the drawbacks of existing solutions highlight the demand for 
new, innovative measurement methods.

2. Acoustic sediment detection method

The development of this approach was driven by the objective to directly detect local damage potential, rather than 
relying on indirect indicators such as sediment concentration. The key technological concept originated not from 
within the hydropower sector, but from methodologies previously established in fossil fuel energy production.

2.1 Acoustic sand detection in fossil energy industry

In the oil and gas industry, structureborne acoustic sensors are widely used to measure sand concentrations in gas 
or liquid flows [5, 8]. Sand particles collide with the inner pipe wall when encountering obstacles or pipe bends, 
thus causing structureborne sound excitation, as shown in Figure 3. Patents [3, 4] describing this idea dating back 
to 1975. Sensors for the ultrasonic frequency range are particularly suitable for this application, as normal 
operating noise is less relevant in the frequency range above 20 kHz.

The measured structureborne sound power increases with the kinetic energy of the particles in the medium. The 
structureborne sound level is therefore a direct measure of wear potential and depends on flow velocity, as well as 
particle concentration, composition, and size.



Figure 3: Acoustic sand detection [5]

2.2 Technology transfer to hydropower turbines

With the help of AIbased evaluation methods, the proposed approach allows transferring this principle to 
hydropower applications by applying structureborne sound sensors directly to sedimentexposed turbine 
components such as Ypipes, spiral cases, pipe elbows, guide vanes, draft tube cones etc. Examples of already 
implemented installations are shown in Figure 4.

(a) (b)

(c) Figure 4: Acoustic sensor assembly examples – draft tube cone (a) 
and (c),

(d)

Ypipe (b), guide vane shaft (c) and (d)



Transferring this principle from simple pipe elbows to hydropower turbines is not trivial, as the flow conditions in 
turbines are highly complex and strongly dependent on the respective operating conditions. Robust AI models are 
essential to detect and compensate for the flow noise, which occurs in the measurement signal even without the 
presence of sediment, depending on the turbine's operating condition (power, flow rate, pressure, head, etc.). Only 
the structureborne noise component that exceeds the flowrelated component is relevant for assessing the 
sedimentbased wear potential.

It is evident that, due to the highly individual characteristics of each turbine, individual AI models must be trained 
for each sensor location in order to enable compensation for operating noise.
As an example, Figure 5 shows the normalized structureborne acoustic emission (AE) power level pAE,meas at the 
draft tube of a Francis turbine (blue signal) compared to the estimation of the bias noise pAE,bias, predicted by an AI 
model depending on the current operating condition (red signal). The green signal shows the residual power level 
pAE,res, which, according to the underlying hypothesis, represents a measure of the sedimentbased erosion rate.

Figure 5: Example on acoustic emission power levels at a Francis turbine draft tube: measured AE power pAE,meas (blue), 
bias AE power pAE,bias estimated by AI model (red) and residual AE power pAE,res (green)

2.3 Wear rate estimation

This section examines the relationship between (residual) structureborne sound emission 𝑝𝐴𝐸,𝑟𝑒𝑠 , wear rate Ė, and 
the particle concentration CP. 

Several empirical studies [12, 14] support the hypothesis

𝑝𝐴𝐸,𝑟𝑒𝑠 ∝ 𝐸̇ (1)

according to which the residual acoustic emission power is proportional to the kinetic impact energy of the particles 
and thus to the erosion rate 𝐸̇ .

IEC 62364:2019 [9] relates erosion depth S to flow velocity W, sediment load PL, and correction factors for par-
ticle composition, with a velocity exponent of 3.4.

(2)

A comparable relation

(3)

is given in [13], where the erosion rate depends on particle mass flow rate 𝑚̇ 𝑝, impact velocity Up with velocity 
exponent n=2.6 for steel ([13], Table 72), and additional factors.



As the particle mass flow rate 𝑚̇ 𝑝 increases linearly with flow velocity, expressing erosion as a function of par-
ticle concentration instead of mass flow rate raises the effective velocity exponent to ~3.6, consistent with (2).

Taking this into account that the erosion rate 𝐸̇ is proportional to 𝑝𝐴𝐸,𝑟𝑒𝑠 , and choosing an average velocity ex-
ponent, we can consider the relationship

𝑝𝐴𝐸,𝑟𝑒𝑠 ∝ 𝐸̇ ∝ 𝑄3.5 ∙ 𝐶𝑃 (4)

involving the acoustic emission power 𝑝𝐴𝐸,𝑟𝑒𝑠 , the volumetric flow rate 𝑸, and the particle concentration 𝐶𝑃 
(particle mass per volume).

The expression above offers an indication of the relative erosion rate. To estimate the absolute wear rate in terms 
of material erosion depth and related metrics, the proportionality can be calibrated using longterm observations 
and turbine inspection data.

2.4 System integration

Global Hydro operates the digital Hydrox products on a powerful, scalable data analytics platform based on Azure 
Databricks with pySpark as its big data analytics platform. It uses exclusively European computing and storage 
resources. A modern and scalable IoT architecture enables secure and reliable collection of the necessary plant 
data to train the AI models. The Hydrox architecture provides open interfaces to almost any type and brand of the 
turbine controller.

Figure 6 shows how the AI methods are integrated into the Hydrox IoT software ecosphere.

Figure 6: Hydrox IoT ecosphere and system integration

The integration of the AI based sediment detection system focuses on the automatic retraining of individual models 
for each sensor based on the recorded telemetry data, as well as versioning and deployment of the latest model 
versions to the respective IoT gateways so that they can be executed locally and autonomously at plant site to 
provide a virtual sensor signal in real time. Autonomous execution is important to ensure the virtual sensor 
functions reliably even in the event of an internet connection or cloud service failure.



3. Case study

The measurement technology presented has been tested in several pilot plants by renowned hydropower operators 
in Europe, Asia, and South America, demonstrating its suitability for Pelton, Kaplan and Francis turbines. In this 
section, we explain the pilot plant in Luggauerbach, which is operated by the Austrian Federal Forestry Office. 
We show the instrumentation and measurement results and evaluate the effectiveness of possible optimized 
operating scenarios.

3.1 Plant description

HPP Luggauerbach is equipped with a single, vertical, Pelton turbine with 4 nozzles, providing a nominal power 
output of 1100kW and a rated annual production capability of 4000 MWh.

Figure 7 shows the location of the acoustic emission sensor at the end of a distributor pipe bend in front of the last 
nozzle (nozzle No. 4). Note that the turbine control scheme ensures, that nozzle no. 4 is never closed during 
operation.

Figure 7: Sensor location at HPP Luggauerbach



3.2 Runner wear estimation

A suitable AI model was applied to remove the bias noise from the measured acoustic signal depending on the 
operation conditions as described before. According to (1) the unbiased acoustic intensity 𝑝𝐴𝐸,𝑟𝑒𝑠 at the sensor 
position is assumed to be proportional to the kinetic energy of the particle impacts at the measuring point, or in 
other words proportional to the wear rate at the inner wall of the pipe bend. The particle concentration of the water 
can now be estimated by

𝐶𝑃 ∝
𝑝𝐴𝐸,𝑟𝑒𝑠

𝑄𝑁𝑜𝑧𝑧𝑙𝑒4 3.5 (5)

In contrast, the runner wear rate depends on particle concentration and the total flow 𝑄𝑡𝑜𝑡𝑎𝑙 through all 4 nozzles. 
The jet velocity remains nearly constant and is largely independent of flow rate.

𝐸̇ 𝑅𝑢𝑛𝑛𝑒𝑟 ∝ 𝐶𝑃 ∙ 𝑄𝑡𝑜𝑡𝑎𝑙 (6)

Incorporating (5), the relationship
𝐸̇ 𝑅𝑢𝑛𝑛𝑒𝑟 ∝ 𝑝𝐴𝐸,𝑟𝑒𝑠 𝑄𝑡𝑜𝑡𝑎𝑙

𝑄𝑁𝑜𝑧𝑧𝑙𝑒4 3.5 (7)

can be used to estimate the runner wear.

3.3 Wear mitigation strategy for a Pelton turbine

The IEC 62364 standard [9] provides methodological guidance for identifying operational strategies that reduce 
material wear in hydraulic machinery while maintaining economic efficiency. In accordance with this framework, 
a specific wear mitigation strategy has been developed for the Pelton turbine investigated in this study. The strate-
gy is initiated once the monitored runner wear indicator exceeds a predefined upper threshold. At this point, 
the plant output is deliberately reduced to 25% of the maximum power, where nozzle No. 4 remains fully open, 
while all other nozzles are completely closed.
This operational decision is consistent with the standard recommendation that Pelton turbines should run nozzles 
either fully open or entirely closed. It avoids unfavorable partialload conditions that could otherwise accelerate 
wear of runner, nozzle tips and mouth.
A full turbine shutdown, however, is not recommended in this situation. Complete stoppage poses the risk of 
sediment settling in the lower section of the penstock, directly in front of the main inlet valve (MIV), which could 
lead to clogging and operational difficulties upon restart. By keeping one nozzle open, these risks are avoided. At 
the same time, the acoustic sensor system continues to operate under these reducedload conditions, allowing 
uninterrupted data collection. Once the wear indicator falls back below a defined lower threshold, the turbine can 
be safely returned to normal operation without compromising monitoring quality.

3.4 Results

Figure 8 presents a comparison of the calculated runner wear indicator and the corresponding power generation, 
both with and without the implementation of the proposed wear mitigation strategy.
The model simulation covers approximately half a seasonal cycle. In this calculation, the wear indicator thresholds 
for activating the derating strategy were defined to clip the peaks for maximum wear reduction, subject to the 
constraint that the loss of energy production does not exceed 2%.
The results demonstrate that application of the strategy would have reduced the calculated runner wear by 25.0%. 
Although the presented findings are based on a model and a limited observation period, they strongly suggest that 
the proposed strategy provides an effective tradeoff between reduced material degradation and minimal loss of 
energy generation. A more comprehensive economic assessment will be possible following the completion of at 
least one full season of data collection. Nevertheless, based on the preliminary results, a substantial positive 
economic impact appears likely based on preliminary findings.



Figure 8: HPP Luggauerbach: energy output and wear rate - normal operation vs. wear reduction strategy

Another key result of this study is the comparison of energy production in relation to runner wear, as shown in 
Figure 9. The diagram is obtained by plotting the produced energy, normalized to 100%, against the cumulative 
relative runner wear, based on the recording shown in Figure 8 (without wear reduction). The values are ordered 
such that both axes increase monotonically, with energy production accumulating as wear progresses. 

Figure 9: Relative energy production vs. cumulated relative runner wear rate



4. Conclusion and outlook

This paper introduces a novel approach to monitoring sedimentrelated wear in hydropower turbines using 
structureborne sound and AIdriven signal processing for realtime assessment. By adapting methods from the oil 
and gas industry, it directly captures erosive impacts rather than relying on indirect indicators like sediment 
concentration or head water turbidity.
Integrated into the Hydrox digital ecosystem, the system processes acoustic sensor data locally using AI models 
tailored to each plant. These models are essential for distinguishing sedimentinduced signals from background 
hydraulic noise amid complex turbine conditions. Deployed to onsite IoT gateways, they run independently of 
the cloud, ensuring continuous operation even during internet outages.
Pilot applications, most notably at HPP Luggauerbach, confirmed the system’s practical benefits: realtime insights 
enabled targeted mitigation strategies that reduced wear by up to 25.0% while maintaining 98% of energy output. 
These results demonstrate the potential to extend turbine lifetime with minimal impact on power generation.

With climatedriven sediment dynamics increasingly challenging hydropower, this scalable, costeffective 
technology supports proactive asset management and precise wear progress monitoring. Ongoing efforts will focus 
on longterm evaluation, wider deployment, and improved predictive accuracy.

An important focus of ongoing research is the underestimated, complex interaction between sediment erosion and 
cavitation. These damaging processes influence each other and can mutually reinforce their effects, as described 
in IEC 62364. The wear potential is greatest when unfavorable operating conditions coincide with high sediment 
loads. Sediment particles can act as cavitation nuclei, accelerating damage initiation, while preexisting cavitation 
pits provide ideal anchoring sites for abrasive wear and vice versa. Both damaging mechanisms generate structure-
borne noise which is measurable, but difficult to localize with precision.
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