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Abstract

Renewable energies represent one of the most effective responses to the environ-
mental and energy challenges of our time. The transition to clean energy sources
has become a necessity to reduce CO2 emissions. These technologies stand out
for their ability to harness inexhaustible natural resources, such as the sun, wind,
Earth’s heat, and water. Among the oldest and most efficient renewable sources
is hydroelectric energy, which utilizes the power of water to generate electricity.
This technology, based on the use of rivers and water reservoirs, has enabled energy
production in a reliable and sustainable way for centuries. Today, it is one of the
leading resources for global energy production, accounting for more than 15% of the
world’s electricity. In recent years, the power grid has been increasingly supplied
with energy generated from renewable sources. Hydropower stands out as one of the
most reliable and high-quality energy sources. Water reservoirs associated with dams
can be conceptually likened to large-scale energy storage systems, where energy is
released on demand through the controlled discharge of water masses across hydro-
electric turbines. Hydroelectric turbines are engineered to operate within specific
design parameters that ensure optimal efficiency and structural integrity. However,
deviations from these optimal conditions, known as off-design conditions, can lead
to significant challenges. Such conditions often result in mechanical vibrations and
complex fluid dynamic phenomena, including turbulence and vortex formation, which
adversely affect turbine performance and longevity. These instabilities cause pressure
fluctuations and unsteady forces on turbine components, contributing to mechan-
ical vibrations and potential structural damage. To address these challenges, the
research project STOR-HY, funded under the Horizon Europe programme was
established with the overarching goal of developing an Al-based virtual sensor for
turbine monitoring. Within this broader context, the specific contribution of this
thesis represents the initial phase of the project, establishing the data processing
foundation upon which the virtual sensor will be based. Through the spectral analysis
of experimental vibration data, this study focuses on feature extraction and the
definition of condition-monitoring thresholds. By identifying the frequency patterns
associated with off-design instabilities, the developed tool provides the essential
preliminary signal-processing steps. This ensures that the future AI sensor will be
trained on robust, physically meaningful data, allowing for a preventive approach to

structural monitoring and maintenance.
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Chapter 1

Introduction to Renewable

Energy Systems

1.1 Overview of Renewable Hydropower Systems

Due to the increasing global demand, especially in both developed and developing
countries, there is a growing need for more sustainable energy technologies to replace
conventional electricity generation resources, such as fossil fuels. Fossil fuel-based
energy sources have contributed significantly to environmental issues, including global
warming and climate change, with greenhouse gas emissions from power generation
having risen exponentially over the past few decades. To mitigate this ongoing
environmental crisis, Renewable Energy (RE) technologies such as solar, wind, hydro,
biomass, geothermal, and hydrogen have been introduced as viable alternatives for
electricity generation. These technologies are gaining increased attention because of
their environmentally friendly characteristics and their capacity to produce power
with little to no emissions of harmful pollutants, a feature that aligns with the
growing societal awareness of the need for a clean environment.

Renewable energy technologies also offer significant economic benefits. They
contribute to economic sustainability by reducing the costs of electricity generation,
utilizing natural and renewable resources. Furthermore, RE can serve as a secondary
source of income, as consumers have the opportunity to sell surplus electricity back
to the grid. Despite the increasing adoption of RE sources for power generation, fossil
fuels remain dominant in the global energy mix, primarily due to the intermittent
nature of renewable energy sources and the high initial costs associated with their
implementation. For instance, photovoltaic systems can only operate during daylight
hours, wind turbines depend on adequate airflow, and hydro turbines function only
when there is sufficient water flow to generate potential energy. Consequently,
researchers worldwide are actively investigating ways to enhance the efficiency of
RE technologies and address the challenges associated with their intermittent nature
[1]. Intermittent renewable energy sources, such as wind and solar power, are
characterized by highly fluctuating, unpredictable, and dispersed energy production.

This variability significantly restricts their integration into the grid, primarily due
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to the considerable challenges it poses in maintaining a stable equilibrium between
energy supply and demand. As renewable energy production continues to rise, the
potential for a green energy transition is clear. However, the deployment of this
vast potential remains constrained by the intermittent and unpredictable nature of
these sources, which complicates grid stability, safety, and efficiency. The electricity
grid must be capable of constantly matching supply with demand, yet this balance
becomes more difficult as renewable energy integration increases. To fully unlock
the potential of renewable energy and meet carbon-free electricity generation goals,
the grid must be operated smartly, incorporating greater energy storage capacity,
for instance. This will enable the grid to better manage fluctuations in supply and
maintain reliability, paving the way for a more sustainable and resilient energy future
[2].

Hydropower is one of the most reliable and widely used forms of renewable energy,
as it harnesses the kinetic and potential energy of water flowing from higher to lower
elevations. Hydroelectricity generation typically involves diverting water from a river
through a turbine to produce electricity, and some systems include dams that store
large volumes of water to ensure continuous energy production. Compared to other
renewable energy sources, hydropower offers the highest energy conversion efficiency,
reaching approximately 90%. Today, hydropower is produced in 159 countries and
generates around 4100 TWh annually (as of 2016), which accounts for nearly 17%
of global electricity production and approximately 70% of all renewable electricity
generation. This contribution exceeds that of nuclear energy (9.8%) and is more than
double the combined output of all other renewable sources (7.9%) [3]. Various types
of hydropower systems exist to meet different energy needs, including pumped hydro
energy storage systems, small hydropower plants, cascaded reservoir hydropower

plants and hydrokinetic systems.

1.1.1 Pumped Hydro Energy Storage

Pumped hydro energy storage (PHES) is the most largely used energy storage
technology in the world today, representing roughly 97% of the energy stored every
year, with about 300 GW installed. This energy storage concept uses a combination
of turbomachinery equipment, electrical equipment, water reservoirs, piping, and
large civil engineering facilities [4]. PHES is a type of hydroelectric storage system
that consists of two water reservoirs located at different elevations. The system
employs a reversible turbine, capable of functioning both as a generator and as a
pump [5]. During electricity generation, water flows from the upper to the lower
reservoir, driving the turbine to produce electricity. Conversely, during low demand
periods or when electricity prices are low, the turbine operates in reverse acting as a
pump using electricity to move water from the lower reservoir back to the upper one,
effectively recharging the system’s energy storage.

Typically, power generation occurs during peak demand hours, while pumping

operations are performed when electricity is abundant or cheaper. Although PHES
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systems can reach generation efficiencies of up to 90%, the round-trip efficiency
accounting for both pumping and generating phases is approximately 80%, implying
that about 20% of the input energy is lost in the full cycle. The energy in a
hydroelectric system refers to the amount of potential energy stored in the upper
reservoir, while the power capacity indicates the maximum rate at which this energy
can be converted into electricity. As illustrated in Figure 1.1 and Figure 1.2, PHES
systems can be classified into two main types: open-loop systems, which are connected
to natural water bodies, and closed-loop systems, which are isolated from natural
water sources. PHES preserves most of the advantages of hydropower plants, even if
PHES is not considered a renewable energy source as such. Especially for closed-loop
configurations, which consist of two reservoirs that are isolated from a free-flowing
water source, the generated energy comes solely from the storage of a second energy
source that is not necessarily renewable. On the other hand, closed-loop systems have
fewer environmental impacts because, after the initial filling of the reservoir, there
is almost no transfer of water from a free-flowing source, thereby greatly reducing

environmental impacts [6, 7].

CLOSED-LOOP PUMPED STORAGE HYDROPOWER OPEN-LOOP PUMPED STORAGE HYDROPOWER
Projects that are not continuously connected Projects that are continuously connected
to a naturally flowing water feature to a naturally flowing water feature

Figure 1.1: Closed-loop pumped stor- Figure 1.2: Open-loop pumped stor-
age hydropower [8] age hydropower [8]

1.1.2 Small Hydropower Plants

Small-scale hydropower plants (SHPs) are among the most affordable renewable
energy solutions, especially when it comes to supplying electricity to remote or rural
areas in developing regions. They also serve as a promising foundation for future
advancements in the hydropower sector. These systems typically operate using a
run-of-river approach, which means they utilize the natural flow of a river without the
need for large reservoirs [9]. As a result, they generally cause minimal environmental
disturbance. The classification of what constitutes a "small' hydropower plant

varies internationally, depending on each country’s regulations and administrative
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Figure 1.3: Schematic of a small hydropower palant [11]

frameworks. A standard SHP layout involves diverting river water through an intake
structure integrated into a weir, which includes a control valve. When the plant is not
operational, the valve can be closed to allow river water to bypass the system entirely.
To prevent efficiency losses and avoid damage to the hydro turbines, a settling tank
is typically installed upstream of the intake. This structure helps remove suspended
particles and debris from the river water before it enters the system. Thanks to their
adaptability, SHPs can be deployed even in locations with low water flow. They play
an important role in providing sustainable and cost-effective energy solutions for

both residential and commercial users, while also preserving local ecosystems [10].

1.1.3 Cascaded Reservoir Hydropower Plant

Cascaded reservoir hydropower plants (CRHPs) are systems that use a series of
reservoirs placed at different elevations to generate electricity more than once as water
flows downstream. The setup can vary in complexity—from simple arrangements with
two reservoirs to intricate networks—depending on the landscape. These systems
not only produce energy efficiently but also support additional functions like water
supply, flood control, and irrigation. CRHPs can operate using sustained water
flow, accumulated rainwater, or recycled water, offering flexibility and environmental
benefits [12].
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==
Figure 1.4: Cascaded-Reservoir-Hydropower-Plant-System [1]

1.1.4 Hydrokinetic

Hydrokinetic energy conversion is an emerging renewable energy solution, yet it still
presents ambiguity in terms of technology classification, applications, and conversion
principles. Generally, a hydrokinetic system consists of an electromechanical device
that captures the kinetic energy from moving water such as river or tidal flows and
converts it into electricity. These systems typically include a turbine rotated by
flowing water and directly coupled to a permanent magnet synchronous generator,
without the need for a gearbox. The generated electrical energy is then processed by
a power electronics unit for storage or grid integration. The efficiency of hydrokinetic
systems depends on various factors, including fluid density, cross sectional area, and
the cube of the fluid’s velocity. However, mechanical, hydrodynamic, and electrical
losses inevitably reduce the overall output. Although turbine-based systems remain
the most commonly deployed conversion method, there is growing interest in exploring
non turbine alternatives, as ongoing research continues to refine and diversify energy
harvesting strategies. Importantly, hydrokinetic systems require no reservoirs or dams,
making them compact, easy to install, and minimally invasive to the environment.
They are typically deployed in fast flowing rivers, mounted on floating pontoons or
anchored to fixed structures, and are increasingly used in decentralized or off-grid

energy applications [13].

N N \ Power
Water Flowing> [ — PMSG Electronics
|74 S~ Conversion

*Battery /Grid
Connected

Hydrokinetic
Turbine

Figure 1.5: Schematic of a hydrokinetic system [13]
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1.2 The STOR-HY European Project

As previously highlighted, the surge in unpredictable and intermittent renewable
energy sources requires PHS plants to continuously balance the grid. This intensified
demand places a severe strain on the mechanical components of hydraulic turbines,
which are forced to withstand an increased number of start-stop cycles, demanding
ramping duties, and rapid transitions between energy generation and storage modes.
Operating frequently in these "off-design" conditions leads to accelerated deterioration,
increased operating costs, and unexpected damage to critical equipment.

To address these critical challenges, the present thesis was developed within
the framework of STOR-HY, a major European research initiative funded by the
Furopean Union’s Horizon programme, coordinated by the Universitat Politecnica
de Catalunya (UPC).

The overarching objective of the STOR-HY project is to reduce the capital
and operating expenditures (CAPEX and OPEX) of innovative pumped storage
projects by improving the lifetime and recyclability of their components. To mitigate
the accelerated wear and tear caused by modern grid demands, there is a crucial
need for accurate degradation models and advanced control methods. STOR-HY
tackles this by developing advanced sensor-based condition monitoring systems and a
Cyber-physical platform for Advanced Decision Support (CADS). These technologies
aim to detect early failure mechanisms, postpone unnecessary maintenance actions,
and prevent unplanned outages, even in unconventional storage schemes operating
with harsh fluids.



Chapter 2

Fundamentals of Hydraulic
Turbines

Hydraulic turbines are fundamental machines in the process of converting hydraulic
energy into mechanical and, ultimately, electrical energy. They lie at the core
of hydroelectric power plants, where the potential and kinetic energy of water —
typically derived from a height differential (head) and a controlled flow rate — is
transformed into mechanical rotation, which is then used to drive electric generators.
This conversion is accomplished efficiently and with relatively low environmental
impact when compared to fossil-fuel-based energy sources.

Hydraulic turbines, or hydraulic motors, utilize the energy of falling or pressurized
water in the form of kinetic energy — often referred to as live force — to perform
work. Depending on how this energy is transferred and the structural design of the
machine, turbines are subject to a broad classification.

The runner, the main rotating element of a hydraulic turbine, is continuously
driven by the incoming water. It typically consists of a circular crown enclosed
between two annular discs, within which are mounted a series of curved blades.
These blades receive the working fluid from one side — in a specific direction controlled
by the inlet geometry — and discharge it on the opposite side after transferring the
kinetic energy to the rotor, to the extent that the turbine is capable of absorbing it.

The delivery of water to the runner is managed by a component known as the
distributor, which consists of a set of guide vanes or channels formed by stationary
diaphragms, also called guide blades. The position and configuration of the distributor
relative to the runner is one of the key parameters used to classify different types of
turbines. Properly directing the flow is essential not only for efficient blade design
and work transfer, but also for determining the flow velocities at the runner, which
can be conveniently analyzed using velocity triangles to compute torque, shaft power,
and the dynamic forces acting on the rotor. An important aspect that concern
turbine analysis and design is the study of velocity triangles, which break down
the flow into absolute, relative, and tangential components. These velocity vectors
are fundamental in understanding how fluid momentum interacts with the rotating

blades to produce mechanical work efficiently [14, 15, 16, 17].
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2.1 Velocity Triangles and Work in Turbomachinery

If we consider a hydraulic turbine inserted in a section of a duct between section 1
and section 2, and that it provides the fluid with a work L; per unit mass that flows
through it (the work per unit mass is a specific quantity that indicates the amount
of mechanical work produced by the turbine for every kilogram of fluid that passes
through it). Under steady one-dimensional flow conditions (a fluid motion in which
all the characteristics of the flow, such as velocity, pressure, and flow rate at each
single point of the fluid, remain constant over time), the first law of thermodynamics
written in Eulerian form and taking into account the second law of thermodynamics

allows us to state that:

2 2
— CH — C
=2 Bt g a) L

Where p represents the static pressure (static pressure is the force that a fluid

L;

exerts on the walls of the duct that contains it, regardless of its motion); p the density
of the fluid; ¢ its velocity; z the elevation of the section measured with respect to a
vertical z-axis; L,, the work of passive resistances per unit mass flowing in the duct.
In the case of turbines, the work is produced by the fluid; therefore, it is possible to

highlight the obtained work (L;)obt instead of the supplied work L;, given that:
(Li)obt = —L;
Consequently:

2 2
P1 — P2 ¢l —¢C
(Li)obt = 1p + 12 2 1 g(21 — 22) + Ly,

In the previous formula we can notice that, in addition to the term of passive

resistances, the following terms appear:

» the geodetic head difference (z3 — 21);

o the difference in piezometric heads, corresponding to the difference (p2 — p1)

of static pressures;

2 2
o the difference in velocity heads, corresponding to the difference %2 — %1 of

kinetic energies.

It is also appropriate to recall that the sum of the geodetic height and the
piezometric height is called the geodetic head H; we have:

H:z—i-£
Pg

The sum of the piezometric head and the velocity head is called the total head

Hp; thus:

2 2
C C
Ho:H+—:z+£+—
29 pg 29
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The work can then be reformulated in terms of the total head as follows:
Li=g(Ho2 — Ho1) + L

From this formulation, it follows that in the absence of supplied head and passive
resistances, the head remains constant (Bernoulli’s theorem).

The mass flow rate rh in a generic section of a duct is given by the formula:
m=pAc

Since in a liquid the density remains constant, we can state that, in the case of
steady one-dimensional flow, as the cross-sectional area of the duct increases the
velocity decreases, and vice versa [18].

In turbomachinery velocity triangles are a fundamental analytical tool for
describing the fluid behavior within the blade channels. They allow for a clear
representation and quantification of the velocity relationships that govern momentum
exchange between the fluid and the blade. For any turbomachine, it is always possible
to draw the velocity triangles at the inlet section (1) and at the outlet section (2)
18, 16, 15, 19].

The three velocities involved are:
e the absolute velocity of the fluid ¢, measured in a stationary reference frame;

o the relative velocity W, which is the velocity of the fluid relative to the rotating
blade;

o the peripheral velocity of the blade #, determined by the angular speed of the

rotor and its radial position.

These velocities are related by the fundamental vector equation:
c=u+u
The absolute velocity ¢ can be decomposed into:

o a meridian (axial or radial) component cp,, aligned with the primary flow

direction,

e a tangential component c,, responsible for angular momentum transfer.
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§ \
\ 2

Figure 2.1: Velocity triangle representation: section 0-1 corresponds to the stator,
while section 1-2 corresponds to the rotor

The Euler equation for turbomachinery is the foundation for computing the

specific work exchanged between the fluid and the machine:
L = ujcyr — ugcy2

where:

o L is the specific work (per unit mass),
e v is the blade peripheral speed,

e ¢, is the tangential component of absolute velocity,

This equation can be interpreted differently depending on the type of machine:

o In power-generating machines (e.g., turbines), the fluid transfers energy to the

rotor. The specific work is:
L = uycyr — ugcy2

and L > 0, as energy is extracted from the fluid.

o In power-absorbing machines (e.g., pumps or compressors), the rotor supplies

energy to the fluid. The equation becomes:
L = ugcyz2 — w1
with L > 0, as energy flows from the machine to the fluid.

10
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With reference to the velocity triangle, by expressing w? and w3 in terms of u
and ¢ through Carnot’s theorem, it is possible to obtain a relation that expresses the

work supplied as a function of the absolute, relative, and tangential velocities:

2 _ 2 2 2 2 _ .2
[ =2"a Ww—vW Y
’ 2 2 2

Or in the form of work obtained:

ci—c  wi—wi ui-uf

Li)obt = -
( z)obt 2 2 2

In addition to specific work, the torque acting on the rotor of a turbomachine
can also be derived from the principle of conservation of angular momentum (torque
= rate of change of angular momentum). Referring to Figure 2.2, the torque T'

exerted on the runner is given by:
T = pQ (r1c1 cos ap — raCa COS 2)

where:
e () is the volumetric flow rate,
e 71,79 are the radii at the inlet and outlet,
e 1,9 are the angles between the absolute velocity and tangential direction.

This equation expresses the torque as the net angular momentum transferred to

the runner, and it can be directly linked to the Euler equation through the relation:

P=T-w = —=1L
m

where P is the power and w the angular velocity [18, 15, 20].

Figure 2.2: Definition sketch for radial flow turbine runner [15]

11
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2.2 Classification of Turbines

Since the key lies in the efficient conversion of the power of water into rotation,
the proper selection and operation of the turbine is very important. Turbines in
hydroelectric power plants can be classified in several ways. Three major criteria for

classification are commonly adopted:
o Classification based upon the direction of flow;
e Classification based upon the pressure of water;
o Classification based upon the shape and orientation of the turbine.

These categories are described in the following sections [20].

2.3 Classification Based Upon Direction of Flow

A more detailed classification considers the geometry of flow within the turbine.
Water can pass through hydraulic turbines along different flow paths, and depending
on the predominant orientation of the water stream relative to the axis of rotation,

four main types can be distinguished:

Axial flow turbines

The water flows approxzimately parallel to the axis of the runner. The guide vanes
and rotor blades in these machines are generally shaped as helical surfaces, generated
by a straight line sweeping along the axis of rotation. Kaplan and Propeller turbines

are the most representative examples [20].

Radial flow turbines

In these turbines the water moves perpendicularly to the axis of rotation, either
toward the center (radial-inflow or centripetal) or away from it (radial-outflow or
centrifugal). The guide and blade surfaces in these configurations are typically
cylindrical, generated by a line parallel to the axis that follows a curved profile to
optimize flow guidance and energy transfer. Pelton turbines belong to this category
[20].

Mixed flow turbines

Most hydraulic turbines do not operate with a purely axial or purely radial flow.
Instead, the flow exhibits significant components of both directions. These machines
are therefore termed mized-flow turbines. The Francis turbine (see Figure 2.3) is the
most representative example, with water entering radially and discharging axially
[20].

12
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Turbine Runner Turbine System

| Generator

Guide vane
[ 1
/4
Water Water Spiral casing
: inlet
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Rotor blade
Watar Wavtler

outlet outlet

Figure 2.3: Scheme of a Francis turbine [20]

Crossflow turbines

In this configuration, the water jet passes transversely through the blade ring of a
cylindrical runner, resembling the blower wheel of an electric air heater. The fluid
interacts with the blades twice — once when entering the upper part of the runner
and again when exiting through the lower part — thereby transferring energy in
two stages. A widely used design is the Banki or Ossberger turbine (see Figure 8.1),
generally employed in the lower power range (below 1 MW). In applications with
strongly fluctuating water supply, Ossberger turbines can be built as multi-cell
machines, with small and large cells operating in parallel to achieve high efficiency

across a wide range of flows [20].

1 Part of casings

2 Guide vane

3 Runner of turbine

4 Main bearing for runner (3)
5 Part of casings

Water Inlet  //

6 Venting valve
7 Tail race
8 Inlet case

Water Outlet

Figure 2.4: Scheme of a Crossflow turbine (Ossberger GmbH) [20]
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2.4 Classification Based on Pressure Change of Water

Turbines can be broadly categorized based on the dominant type of energy at the
inlet — either kinetic or pressure energy — as well as on flow direction and the
available hydraulic head. Another fundamental method of classification is based on
the change in pressure that occurs as water passes through the rotor: according to
this criterion, hydraulic turbines are divided into two main types, impulse turbines

and reaction turbines [20, 17, 16].

e Impulse turbines: water reaches the turbine blades with pure kinetic energy
and pressure remains constant throughout the runner. The classic example is
the Pelton turbine.

¢ Reaction turbines: water retains part of its pressure energy and both pressure
and velocity contribute to energy conversion. This category includes Francis

and Kaplan turbines.

Table 2.1: Impulse and reaction turbines [9]

Turbine type Head classification
High (>50 m) | Medium (10-50 m) Low (<10 m)
Impulse Pelton Crossflow Crossflow
Turgo Turgo
Multi-jet Pelton Multi-jet Pelton
Reaction Low speed Francis High speed Francis
Propeller
Kaplan

2.5 Classification Based Upon Shape and Orientation of
Turbines

A further criterion for classification relates to the shape and orientation of the turbine,
which depends on constructional features and installation layout. Bulb turbines
are oriented nearly horizontally, with the generator located inside a bulb-shaped or
pear-shaped casing that is partially enveloped by the surrounding water before it
flows through the turbine. Propeller and Kaplan turbines are often designed
in this configuration, and an advanced version of the bulb turbine is the Straflo
turbine, in which the generator poles are mounted on the outer ring of the rotor
and the blades are fixed to a supporting ring, effectively transferring motion to
the generator. Straflo turbines are generally considered a variation of Propeller
turbines. Vertical turbines, by contrast, have shafts oriented nearly vertically,
with the generator positioned above the water passage. Many Kaplan and Francis
turbines adopt this arrangement, although Francis turbines may also be installed

horizontally, which often provides advantages in terms of spiral casing design and

14
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water distribution. Another example of turbine design is the Pelton turbine, typically
used for high-head, low-flow applications and mounted on vertical shafts. In these
machines, only a limited number of buckets interact with the water jet at any given
time, meaning the runner is partially loaded and individual buckets alternate between
periods of loading and rest, illustrating the concept of partial loading that can also

occur in other turbine types under specific operating conditions [20].

2.6 Classification based on the performance

The efficiency of a hydraulic turbine strongly depends on the water flow rate and
on the specific type of turbine. Pelton and Kaplan turbines generally maintain high
efficiency over a wide range of flow conditions, while Propeller and Crossflow turbines
exhibit a distinct optimum point. In particular, the maximum efficiency of most
turbines (except very small ones) is of the order of 90%, although this maximum is
not reached at full load. At very low discharges the efficiency decreases significantly,
and a minimum flow rate is required to guarantee turbine operation (e.g., about 30%
of the rated flow for Francis turbines). For fixed-blade propeller turbines, efficiency
drops rapidly as the discharge decreases. Moreover, the shape of the efficiency curve
is influenced by the turbine specific speed [20].

According to the experience of Sulzer Hydro Ltd. (Zurich), the application ranges
of various turbine types and pump turbines (PT) are represented in Figure 2.5,
plotted on a In Q) water flow versus In Hg head diagram. This diagram reflects the
state of the art of hydraulic turbomachinery design, showing the domains where
each turbine achieves satisfactory performance. In addition, lines of constant power

output are indicated, calculated as

P=npgQHEg,

where an efficiency of n = 0.8 is assumed throughout the chart [21].
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Figure 2.5: Application ranges for various types of hydraulic turbomachines, as a
plot of Q versus H with lines of constant power determined assuming no = 0.8 [22]

The selection of a specific turbine type thereby depends on the site’s hydraulic
conditions — such as head height and flow rate — and on performance considerations
like efficiency, cavitation resistance, and structural robustness. As we can see from
the Figure 2.5 Pelton turbines is suitable for low flow and high fall height, while,
for medium to high fall height and medium to high flow, the Francis turbines is
recommended. For low or medium flow and for medium fall height the Kaplan is
suitable. It is also notable that there’s a region where both Francis and Kaplan could
be used, this means that both types of turbines are suitable for such combination of
fall height and flow.

2.7 Impulse and Reaction Turbines

Hydraulic turbines are generally categorized into two fundamental types based on
the method of energy conversion: impulse turbines and reaction turbines. This
distinction applies across both axial and radial flow configurations and is essential
to understand the pressure and velocity dynamics at the rotor inlet. The degree of
reaction is a useful parameter for characterizing a turbine, as it defines the proportion

of the total enthalpy drop that occurs in the rotor compared to the stator.

o —A hrotor
- A hstator - A hrotor

The degree of reaction can also be expressed in terms of work. If we consider

X

the degree of reaction as the ratio between the variation AH’ of the piezometric
head in the runner and in the diffuser, and the variation AH of the piezometric head

throughout the turbine, we can express x as:

AR
X=AH

16
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Applying the first principle of thermodynamics we can express AH' and AH as:

AH = (Li)obt
, ci
AH = (Li)obt - 5

We can also express x as:

2
(Li)obt — 5
(Li)obt

If x = 0, the turbine is of the impulse type; therefore Ahotor = 0 and p; = po.

LN e )Y
— "My \ i 3.\’,.

S
Tv— 0
Cq 1; P
, wy /[ \ey we / XW 1
O

W’

-

Figure 2.6: Velocity triangles for different degree of reaction

Impulse Turbines

In an impulse turbine, the entire available head is converted into kinetic energy before
the fluid reaches the runner. This occurs via nozzles, which accelerate the flow to
high velocity, and the fluid impacts the runner blades while operating at atmospheric
pressure. Energy transfer is purely through momentum exchange.

Pelton turbines, designed for high-head, low-flow applications, consist of runners
with multiple buckets. A high-velocity jet strikes the buckets and is deflected, causing
torque on the shaft. Since no draft tube is used, all available head must be converted
in the nozzle. Any residual kinetic energy in the outflow is considered inefficient,

thus bucket design aims to minimize exit velocity.
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Figure 2.7: Schematic of an impulse (Pelton) turbine [23]

The specific speed of Pelton turbines increases proportionally to the square root
of the number of nozzles; it can also be enhanced by jet arrangement, as in Turgo
turbines, where the jet passes through the runner obliquely, engaging multiple buckets.
Typically, impulse turbines feature a high deflection angle and operate with low flow
rates [15, 16, 17, 20].

Figure 2.8: Blade of a Pelton turbine.
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Fig. 62

Figure 2.9: High deflection Impulse turbine rotor.

Reaction Turbines

In contrast, reaction turbines have their runners fully submerged, and pressure and
velocity both vary across the rotor. Only part of the head is converted into velocity
at the inlet, with the remainder present as pressure. As the water flows through the

rotating blades, additional kinetic energy is generated via pressure drop [16, 17, 20].
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Figure 2.10: Schematic of a reaction (Kaplan) turbine [15]
Typically, the inlet velocity head is less than 50% of the total. Reaction turbines

require casings and a draft tube to recover kinetic energy and allow the runner to sit

below tailwater. Flow configurations include:
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o Radial flow: water flows perpendicular to the axis,
e Mixed flow: combination of radial and axial components,
o Axial flow: flow aligned with the shaft.

The Francis turbine is a common radial/mixed flow design, with axial flow

increasing with higher specific speeds.
Both turbine types operate under the same mechanical principle captured by the

Euler turbine equation, expressing torque as the net angular momentum change:
T =1m-(ricyr —racy2)
where:
e T = torque on the shaft,
e 1 = mass flow rate,
e Cyul, Cy2 = tangential components of absolute velocity at inlet and outlet,
e 11,79 = respective radii.

This formulation shows how impulse relies on momentum exchange at the nozzle,
while reaction adds pressure-driven acceleration within the runner, yet both ultimately

depend on angular momentum change.

— @
w, Y e, o
(a) Velocity triangle of a reaction turbine (b) Blade deflection angle in rotor

and stator of a reaction turbine

Figure 2.11: Schematics related to the design of the reaction turbine.
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Chapter 3

Francis Turbine

3.1 History

The Francis turbine was developed in the mid-19th century by the Scottish-
American engineer James B. Francis (1815-1892). At that time, the challenge
in hydraulic engineering was to design machines capable of efficiently converting
medium-head water energy into mechanical energy. Earlier water wheels and primitive
turbines were limited either to low-head or high-head applications, leaving a gap
in the medium range. Francis innovated by creating a mixed-flow reaction turbine,
where water enters radially and exits axially. This concept significantly increased
efficiency, and over time the Francis turbine became the most widely used hydraulic

turbine in the world, forming the backbone of modern hydropower [20, 19].

Modem (1922) high speed runne

Figure 3.1: Evolution of the modern Francis runner blades [19]

3.2 Main Components

A 3D model of a Francis turbine is shown in Figure 3.2. The hydraulic design mainly
concerns the spiral casing, stay vanes, guide vanes, runner, draft tube, and
labyrinth seals. Other components such as the shaft, bearings, head covers,
and gate operating ring relate mostly to the mechanical design. In this section, we

will focus primarily on the hydraulic components, although some basic mechanical

21



Francis Turbine

considerations will be discussed.

The key components and their roles are summarized below:

e Spiral Casing: The spiral casing transfers water from upstream into the runner
through the stay vanes and guide vanes. Its cross-sectional area decreases
uniformly along the circumference, ensuring that the velocity of the water
remains nearly constant as it passes through the stay vanes. Since water enters
the runner blades from the very beginning of the casing, the discharge gradually
decreases along the spiral path. By reducing the cross-sectional area accordingly,
the casing maintains uniform pressure and guarantees that the momentum,
and therefore the velocity, of the water striking the runner blades is evenly
distributed [19, 14].

e Stay Vanes: The stay vanes guide the water towards the runner blades while
remaining stationary in their position. Their main purpose, unlike guide vanes,
is not to provide a hydraulic impact but to add mechanical strength to the
turbine. They provide structural support to the spiral casing, preventing it
from tearing apart, and are designed to minimally disturb the flow. To achieve
this, stay vanes are shaped according to the free vortex theory, meaning that
the flow is guided into the guide vanes along the same path that would be
made if the vanes were not present. By reducing the swirling of water caused
by radial flow, they increase the efficiency of the turbine. However, due to their
geometry, they introduce a slight increment in the tangential component of

absolute velocity ¢,, in accordance with free vortex theory [19, 14].

e Guide Vanes: After passing through the stay vanes, water glides through
the guide vanes before entering the runner blades. The guide vanes can rotate
and adjust their angle, thereby regulating both the flow rate of water and the
angle of attack at which water strikes the runner blades. This capability allows
the turbine to adapt to varying operating conditions and control its power
output according to the load demand. The guide vane opening corresponding
to the designed discharge is called the best efficiency point (BEP), at which

the turbine achieves its maximum efficiency [19, 14].

e Runner: Considered the heart of the turbine, it converts hydraulic energy into
mechanical energy. It is the only rotating hydraulic component and is directly
connected to the shaft, meaning that relative velocity concepts are valid only
inside the runner. The design of the runner blades strongly influences turbine
performance: in a mixed-flow Francis turbine, the upper part of the blades
exploits the reaction force of the water passing through, while the lower part is
shaped like a small bucket, utilizing the impulse action. The combination of
reaction and impulse effects produces the torque that drives the rotation of the
runner [19, 14].

e Labyrinth Seals: Minimize leakage losses between the runner and the cover
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and help balance axial forces. They consist of a static part connected to the

covers and a rotating part connected to the runner [19, 14].

e Draft Tube: Connects the runner outlet to the tailrace. Its main function
is to convert the remaining kinetic energy of the water leaving the runner
into pressure energy, thereby improving the overall efficiency of the turbine.
To achieve this, the draft tube has an expanding cross-sectional area along
its length: as water exits the runner at relatively low pressure, the gradual
enlargement of the draft tube allows recovery of pressure while directing the

flow smoothly towards the tailrace [19, 14].

Main Shaft Operating Ring

ki ; Vater Guidi evice
Water Inlet Water Guiding Device

4

Spiral case

Head Cover

Guide Vane

Stay Ring Guide Vane

Draft Tube

Runner

Francis Turbine
Figure 3.2: Francis turbine main components [14]

Water enters through the spiral casing and passes the stay vanes, which
provide structural support while minimally disturbing the flow. The guide vanes
then regulate the flow into the runner, which rotates and transmits mechanical
power through the shaft. Labyrinth seals minimize leakage and balance axial
forces, while the draft tube recovers kinetic energy and reduces exit velocity. This
configuration allows the Francis turbine to operate efficiently over a wide range of
flows while ensuring mechanical stability and long-term reliability.

The theoretical explanation of energy transfer, as we mentioned in the previous
chapter, is based on velocity triangles. At the inlet, water reaches the runner with
absolute velocity vector ¢, containing a tangential component c¢,; in the direction of
rotation. The runner rotates at peripheral velocity u, and from the runner’s frame
the relative velocity is wi. At the outlet, water leaves with velocity vector ¢ and
tangential component c,2, while the runner has peripheral velocity u. The torque T'
exerted on the runner arises from the change in angular momentum of the fluid and
is expressed as

T =1 (ricy1 — r2cy2)

where 71, 7o are the radii at outlet and inlet. The mechanical power P delivered by
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the turbine is then

P=T w=n(uicyr — uacy2)

with w the angular velocity of the runner. The best efficiency point is reached when
the relative velocity vectors w; and wo are parallel to the runner blades, minimizing
losses.

To increase the rotational speed of a turbine, according to certain relationships,
it is necessary to increase both the angle o1 and the angle 5;. While the outlet
velocity triangle remains right-angled with an axial component ¢y, the inlet velocity
triangle changes as the rotational speed increases. Three characteristic situations
are shown in the Figure 3.3, which are representative of a slow Francis turbine, a

standard Francis turbine, and a fast Francis turbine.

ST NT FT

Cs W,
Cs W,

Figure 3.3: Different velocity triangles for diverse rotational speeds (slow, normal,
fast)

It can also be stated, as an indicative reference, that the degree of reaction x is
around 0.3 for a slow turbine, around 0.4 for a normal turbine, and around 0.5 for a

fast turbine.

Table 3.1: Characteristic angles, degree of reaction, and wj/c; ratio for Francis
turbines [18]

Turbine type | ag (deg) | A1 (deg) | x | wi/ex

Slow turbine 15-20 60-70 0.3 | <cosaq
Normal turbine 25-30 90 04 | =~ cosay
Fast turbine 3540 120-130 | 0.5 | > cos oy

An important design parameter is the specific speed ng, a dimensionless number
used to classify turbines according to geometry and operating conditions. In metric
units, the relation between the actual rotational speed n and the specific speed ng is
given by

n=ngs HY*. QY2

Higher specific speed corresponds to lower rotational speed and larger runner
height, allowing the turbine to handle large discharges at low exit velocity, thus

avoiding cavitation [20].
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We can also find another formulation of the specific speed (2, used to compare

different turbines:

o, _ ©VPTp
(9HE)>*

where P is the power delivered to the shaft, Hg is the effective head at turbine
entry, and w is the rotational speed in radians per second [21, 15].

It is possible to characterize each class of geometrically similar turbines based
on the characteristic specific speed, n., defined such that it corresponds to the
operating point of maximum efficiency. Once the specific speed at design conditions
is determined, it provides a clear guideline for selecting the appropriate turbine type
to achieve high efficiency.

The specific speed of a turbine is a dimensionless parameter that encapsulates the
performance characteristics of a family of similar machines under unit head and unit
power conditions. In particular, it enables designers to identify the runner geometry
that typically achieves the best efficiency.

As a practical example, consider a turbine (or pump-turbine) delivering one horse-
power (standard mechanical unit) under a net head of one meter. The corresponding

characteristic specific speed, n., can be expressed as:

nv Py,
Ho*

where n is the rotational speed in rpm, P, is the power in horsepower, and H is

Ne =

the hydraulic head in meters. In this simplified scenario, with P, =1 and H =1,

the equation reduces to:

V1
RED

Ne="n =n.

Therefore, under these normalized conditions, the rotor speed n directly equals
the characteristic specific speed n.. Knowing n. at the design point allows selection of
a turbine whose geometric characteristics (such as blade angles, runner diameter, and
flow passage shape) are best suited to those specific operating conditions, ultimately

ensuring peak hydraulic efficiency.

Table 3.2: Characteristic specific speed ranges for different turbine types [18]

Turbine Type | n} [rpm]
Pelton 560
Francis (slow) 60-100
Francis (normal) | 100-200
Francis (fast) 200450
Kaplan 450-1000

The characteristic rotational speed, n., has a significant influence on the profile
of the runner blades. Denoting by D; the runner diameter at the inlet section, by
B the axial height of the distributor, and by Dy the diameter of the circular outlet
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section, the following observations can be made:

o For low values of n., since the ratio B/D; is small, the outlet diameter must
satisfy Dy < D1.

o For high values of n., as B/D; ~ 0.5, the outlet diameter Ds; must be equal to
or greater than D;.

The figure illustrates the different runner profiles according to the turbine type,

highlighting how the geometry varies with the characteristic rotational speed[18].

Rt

A u”n-yﬂ{;‘;// . ?}ﬂ

Figure 3.4: Blades profiles for different n. [18]

3.3 Efficiency

For the calculation of efficiency, we consider a hydraulic turbine installed in a system
that uses an upper reservoir from which water flows, passing through the turbine
before reaching a lower reservoir. Let point 1 denote the free surface of the upper

reservoir and point 2 the free surface of the lower reservoir.
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Figure 3.5: Schematic of the hydraulic system [24]

The available head Hp is defined as the difference between the total heads

corresponding to the free surfaces of the two reservoirs, that is:

2 2
1—p2  ¢f—cC
Hp=HO — HY = (21 — 2) + L vp n 1292

Where 7 is the specific weight of the fluid, defined as v = pg.

If we consider that the tanks communicate with the external environment and
therefore the difference between the static pressures is negligible, and the kinetic

terms are neglected, we will have that:

Hp =21 — 2

That is, the available head is reduced to only the geodetic (or elevation) level.

Not all of the available head can be used in the turbine, due to head losses in
the penstock or in the connection between the reservoir and the turbine, when there
is no penstock. The net or useful head Hy is defined as the difference between the

available head Hp and the head losses Y occurring in the penstock and connections.

H=Hp-Y

The efficiency of the penstock nc is defined as the ratio between the useful head
and the available head.

_H Hp-Y
~ Hp  Hp

Not all of the useful head is converted into work, due to passive resistances

nc

encountered by the fluid while passing through the turbine and possible losses of
kinetic energy that are not recovered at the discharge. If such losses correspond to a
head Hyy, then:

L=g(H - Hw)

The hydraulic efficiency, n,, of the turbine is defined as the ratio:
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H — Hy

W=
Reminding that L,, is the work corresponding to the losses encountered by the
fluid during its passage through the turbine, and recall that H,, represents the total
head variation between the upstream and downstream of the turbine, we can express

the work obtained as:

(Lz‘)obt + Lw = gH

So the hydraulic efficiency can be also written as:

ny — (Li)obt
(Li)obt + Ly
Moreover, not all the flow rate 7 that passes from the reservoir to the turbine can
be processed and converted into work: a fraction Ari leaks through clearances of the
penstock and does not act on the blades, thus not contributing to power production.
The volumetric efficiency 7, is therefore defined as the ratio:
m — A
N = o

The internal power is given by:
P = (m - Am)(Li)obt =T m (Li)obt =Ty mgH

Not all the internal power can be utilized because part of it is lost due to friction
and for driving the auxiliaries. The mechanical efficiency n,, is defined as the ratio

between the useful power and the internal power:

The useful work obtained, i.e. the ratio between the useful power and the flow

rate 1 passing through the turbine, is expressed as:

P, P,
(Lu)obt - 7“ :

= —NMm = MmN (Li)obt =Nm My g H
m m

The ratio between the useful work obtained and the available head is called the

total efficiency m; of the turbine; it is:

Tt = Tim Ty Mo

We can also define the Global efficiency 7, of the plant that is defined as the

ratio between the useful work obtained and the available head:

Tlg =MNC Nt = Nm T Ny TIC

Consequently, the useful power can be expressed by the following relation:
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Py =1 (Ly)obt =mmgH=nymgHp =?79m9(21 — 29)

Typically, the overall efficiency of a hydroelectric plant ranges between 0.80 and
0.90. Most of the losses are of hydraulic nature, since the volumetric and mechanical
efficiencies are on the order of 0.98-0.99 [25, 18].

The characteristic quantities that describe the behavior of a turbine are: power,
mass flow rate m or volumetric flow rate (), rotational speed, and global efficiency
[25]. Since hydraulic turbines are used at constant rotational speed and available
head, the first diagram of interest is that of the part-load curves Figure 3.6, which
show the variation of useful power and global efficiency as a function of the flow
passing through the machine. This variation is achieved by adjusting the wicket gate
opening while maintaining the design values of rotational speed and available head.
The term "available head" is used because the losses in the penstock belong to the
plant and not to the turbine itself.

From the diagram, it can be observed that useful power and efficiency drop to
zero before the flow reaches zero, due to mechanical losses and auxiliary components,
which under such conditions absorb all the internally generated power. Moreover, by
the manufacturer’s design choice, the overall efficiency at a flow rate of approximately
80% of the maximum is very close to the maximum value. Therefore, under design
conditions, the efficiency is slightly lower than the maximum available; however, as
the load decreases, the turbine maintains a wide regulation range, with an overall

efficiency that remains sufficiently high.

Part-load Curves

— Power
=-=Efficiency

Qmax

0.8 4

0.6 4

Efficiency

0.4 4

0.2 4

Q/Omax

Figure 3.6: Part-load curve

If, instead, we want to determine the behavior of a turbine as the rotational speed
varies, it is necessary to refer to a set of diagrams, each corresponding to a different
value of the distributor opening Ap. For example, it is necessary to know the 7,

diagrams for different distributor openings Ap.
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Efficiency Curves
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Figure 3.7: Efficiency curves for different guide vane openings Ap

In the Figure 3.8 we can see the different design point efficiency for different kind
of turbines. It is remarkable that the efficiency of the multistage Pelton turbine
has now reached 92.5% at €, ~ 0.2, and that the Francis turbine can achieve an

efficiency of 95%-96% at €, ~ 1.0-2.0 [21].
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Figure 3.8: Typical design point efficiencies of Pelton, Francis and Kaplan turbines

[21]

3.4 Reversible Bladed Hydraulic Machinery in Pumped
Storage Systems

The concept of reversibility in bladed hydraulic machinery is fundamental to pumped-
storage applications. A Francis turbine, when rotated in the opposite direction,
can operate as a pump. This dual functionality enables the same machine to both
generate electricity during peak demand and pump water back to the upper reservoir
during off-peak periods, thereby stabilizing the grid [25, 6, 26].

For a hydro turbine runner driven to rotate in reverse (the rotational speed
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remains unchanged), the magnitude of u is the same, but the direction is opposite.
As we can see in Fig 3.9, the blade shape provides the fluid with the same relative
velocity w in the opposite direction, and the resultant absolute velocity ¢ also has
the same magnitude but reversed direction. The components ¢, and ¢, follow the
same behavior. In this case, the fluid obtains energy H and flows to the upstream

reservoir, switching the machine to pump mode.

Figure 3.9: Velocity triangles of the blade’s runner in the turbine mode and pump
mode [6]

Under non-ideal conditions, losses occur, and the runner efficiency in turbine

mode 77; and pump mode 7, can be calculated as:

_ Tw o = pQgH
pQgH’ P Tw

The reversibility of bladed hydraulic machinery provides an effective solution

Mt

for pumped storage applications. A single design can operate in both modes, with
reverse runner rotation enabling the conversion between turbine and pump operation,
thus responding to the power grid’s demands. Economically, pumped storage units
are generally designed for heads up to 800 m, with the runner usually of the Francis
type [25]. For tidal energy, the rising and ebbing tides can be dammed to allow
forward and reverse pumping as well as power generation. Low-head, full-condition
pumped storage hydro units can also utilize tubular turbines or axial-flow pumps,

achieving efficient two-way operation [26] [6].
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Chapter 4

Main Phenomena Affecting

Turbine Performance

Hydraulic turbines are designed to ensure high efficiency, robust operation, and long
service life. Efficiency and power output are strongly influenced by blade profiles,
flow angles, multi-stage runners, and variable-speed operation.

Despite careful design, several phenomena can impair performance, reduce energy
conversion efficiency, and increase maintenance requirements. These phenomena can
be grouped into four main categories: hydraulic, mechanical, structural, and
operational.

In recent years, high-head Francis turbines and PT units have been increasingly
exposed to a high number of operational transients due to the growing integration
of non-dispatchable renewable energy sources into the electrical grid. It has been
reported that a Francis turbine can experience more than 3000 transients per year.
Startups, emergency shutdowns, load acceptance, and load rejection generate rapid
and intense variations in pressure and torque, leading to cyclic stresses and fatigue
phenomena [27].

Experimental investigations have shown that pressure and torque fluctuations are
particularly high during startup, due to the large inertia of the water mass and the
uncontrolled motion of the guide vanes. The inertia of rotating components also plays
a critical role in dynamic behavior: older massive runners provided better stability
but required long synchronization times (time interval required for the turbine to
reach the synchronous speed of the grid). To reduce startup times, lighter runners
have been introduced, although at the expense of dynamic stability, making them
more prone to vibrations, oscillations, and asymmetric loads. Flow control strategies
and the adoption of advanced materials or coatings have mitigated these issues,
though not eliminated them [27].

Guide vanes, stay vanes and rotor blades are subject to similar structural
and hydraulic issues, though in different ways. Guide vanes, responsible for flow
regulation, are particularly stressed during rapid regime changes and sudden load
variations. The stay vanes, although fixed, experience vibrations and hydraulic

pulsations that can cause crack initiation at their connections to the stator ring.

32



Main Phenomena Affecting Turbine Performance

Rotor blades are exposed to pressure fluctuations, cavitation, flow-induced vibrations,
and cyclic stresses that may cause fatigue, surface erosion, or micro-crack formation,
particularly during startup, shutdown, and load rejection events [27, 28].

In general, the loading mechanisms acting on the blade systems, fixed, movable
or rotor, can be classified into static loads and dynamic loads, with the latter

further subdivided into fatigue types of high cycle and low cycle.

4.1 Main Phenomena

Hydraulic Losses and Flow-Induced Phenomena

These include losses due to blade surface friction (along-track), localized flow sep-
aration, jet impingement, and vortex-induced recirculation. Mitigation strategies
involve optimizing flow passages, using drag-reducing materials, adjusting operational
parameters, and ensuring regular maintenance. Advanced methods combine entropy
production analysis with differential kinetic energy balances to evaluate hydraulic

losses from a thermodynamic perspective [25].

Rotor—Stator and Rotor—Rotor Interaction

These interactions occur between guide vanes and runner blades under steady opera-
tion, or between multiple rotating components during transient phases. If excitation
frequencies coincide with structural natural frequencies, resonance may occur, reduc-
ing hydraulic efficiency, increasing vibration, and accelerating fatigue damage ( see
Figure 4.1 and Figure 4.2 ) [28].

Cut-water
Stay vane

;iz§\\\\

Blade — /})
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Runner e
q
e —

b ; ~Initial crack

Figure 4.1: Picture of the broken runner [29]
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Figure 4.2: Fatigue damage on the runner with the bench marks [29]

Flow-Induced Oscillations and Vibrations

Inevitable during turbine operation, oscillations degrade both mechanical and overall
energy efficiency. Modern research couples computational fluid dynamics with
structural mechanics and experimental measurements to analyze fluid—structure

interactions [25].

Flow-Induced Noise

Noise is generated mainly by turbulence, vortex evolution, and pressure fluctuations.
Influencing factors include flow velocity, channel geometry, and fluid characteristics.
Noise modeling remains challenging, but acoustic coupling methods and structural

optimization are commonly used mitigation strategies [25].
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4.2 Loads Types

Turbine components are subjected to several types of loads that may trigger failure

mechanisms such as cavitation, vortex shedding, or resonance.

Assembly misfits

Mechanical loads

Weigth

Pressure

Internal stresses

Imballance Cavitation

Hydraulic Karman vortex
pulsations street

Load types

Inadequate Resonance
mounting

Spiral case
support

Figure 4.3: Load Types [28§]

Loads can be classified into the following categories:

Steady-State Loads

Steady-state loads are those static or quasi-static loads that can cause stresses
exceeding the material’s elastic limit. They may arise from constructional inaccuracies,

operational anomalies, or technological factors. The main steady-state loads include:

o Exceeding the elastic limit of the material.

o Assembly misfits and residual stresses due to misalignment of static guides

relative to other structural components.
e Mechanical overloads from debris or atypical operating conditions.

e Unforeseen redistribution of mass or unbalanced pressures, for example in the

stator columns.
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o Internal stresses resulting from welding or other technological processes.

This kind loads are usually detected during test of the equipment that is carried
out after first assembly or after rehabilitation. Each of these potential sources of

failures could be recognized and eliminated [28].

High-Cycle Dynamic Loads

High-cycle dynamic loads are those that induce material fatigue over a large number
of cycles. They typically arise from operational or structural factors and can lead to

crack initiation. They can be classified into:

¢ Mass imbalance: inaccuracies in the distribution of the turbine unit’s masses

can cause periodic oscillations, leading to fatigue.

e Hydraulic pulsations: rapid pressure changes (typically in less than a few
seconds) caused by hydrodynamic processes, such as cavitation, standing waves,
or sudden opening/closing of movable guide vanes. These include:

— Pulsations in the turbine wheel rotation due to cavitation.
— Pressure ripples and resonance phenomena.

— Karmén vortex shedding, which can interact with the natural frequencies

of the structure.

Figure 4.4: Hydraulic pulsation types on a stay vane [28]

o Improper installation or manufacturing defects: deviations in the nomi-
nal geometry or alignment of components can generate both static and dynamic

loads.

e Spiral case support degradation: violations in the connection between the
spiral case and the concrete casing can cause "breathing" of the metal structure,

increasing cyclic stresses.

High-cycle dynamic loads are a potential treat for stay vanes crack initiation.
Special attention should be paid on: hydraulic pulsation and spiral case support and
its rigidity [28].
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Low-Cycle Dynamic Loads

Low-cycle dynamic loads are characterized by relatively large amplitudes and can lead
to rapid fatigue failure, particularly under significant overloading. They typically arise
from transient operational events and can induce irreversible material deformation.

Key sources include:

e« Hydraulic shock: sudden increases or decreases in flow speed, or abrupt
changes in flow direction, causing peak pressure rises due to the conversion of

kinetic energy into potential pressure energy.

e« Hydraulic pulsations: rapid variations in working pressure caused by hy-
drodynamic processes, particularly during startup, shutdown, or sudden load

changes.

e Load rejection: abrupt changes in the system’s operating mode caused by
unplanned disturbances, such as power supply failures in pump mode or sudden

load drops in generator mode.

e Flow reversal: rapid changes in load or operating mode, including operation

in air during pump startup, causing significant variations in structural loads.

e Thermal shocks: sudden temperature changes leading to structural loads

from differential thermal deformations of components.

Low-cycle dynamic loads are interesting with their amplitudes rather than their
frequency. Usually, the fatigue failure mechanism of pressure equipment in PHES is
considered to be a combination of low-cycle fatigue from dynamic operational loads
and high-cycle fatigue due to hydraulic load fluctuations [28, 25].

It is also remarkable the study in which runner and distributor blockages in
pump-turbines were systematically analyzed by means of validated CFD simulations
Figure 4.5 [30]. Different obstruction scenarios were considered, varying both the

blockage size and its position within the flow passages.

Figure 4.5: Examples of pressure contours obtained for studied cases: (A) obstructed
rotor; (B) obstructed distributor [30]

The results demonstrated that runner blockages Figure 4.6agenerate strong

hydraulic unbalances that rotate at the runner frequency, amplifying vibration levels
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and leading to significant dynamic stresses. Moreover, the excitation amplitude
was found to be larger when the blockage occurred closer to the turbine axis, due
to the higher flow velocities in this region. Distributor blockages Figure 4.6b, on
the other hand, were shown to induce non-uniform pressure distributions at the
runner—distributor interface, exciting higher harmonics for partial obstructions and
lower harmonics with larger amplitudes for complete blockages. These findings
highlight how the presence of ingested bodies can alter the RSI characteristics of
the machine, causing both increased vibration and potential cavitation, and thus

represent a critical factor to consider when evaluating the dynamic reliability and

fatigue life of hydraulic turbines.
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(a) Typical runner blockage [31] (b) Stones blocked in the spiral casing at the
entrance of the stay vanes [31]

Figure 4.6: Blockage examples in different parts of the turbine

4.3 Cavitation

Cavitation occurs when local pressures in the flow drop below the vapor pressure,
leading to the formation of vapor bubbles that collapse violently near the runner
surfaces. These collapses generate shock waves and micro-jets, causing material
damage, surface erosion, and potentially accelerating fatigue of turbine components
[14, 32, 25]. In addition, cavitation can modify the flow characteristics inside the
turbine, generating pressure pulsations, stochastic loads, and vortical structures such
as inter-blade vortices or vortex ropes, which may interact with structural resonances,
particularly under off-design operating conditions such as deep part load [33, 34,
35]. Recent investigations have shown that inter-blade cavitation vortices exhibit a
distinctly stochastic rather than purely periodic behaviour, generating local pressure
oscillations particularly on the suction side of the runner blades, with peak negative
pressures near the trailing edge. Such oscillations may act as an amplification source
for fatigue stresses on the runner [36]. Complementary CFD analyses have confirmed
that these vortices originate from flow separation close to the hub region, where
a collision between high-velocity jets and separated low-velocity zones produces
intense vorticity and low-pressure cores. The simulations further showed that the

development of inter-blade vortices is closely linked to the onset of negative incidence
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angles at the hub, which explains the high probability of cavitation inception in this
area [34].

The nucleation of cavitation can be homogeneous or heterogeneous, depending on
local conditions. In hydro turbines, cavitation is largely heterogeneous, forming on
blade walls or at interfaces between water and dissolved particles. Typical cavitation
types in Francis turbines include travelling bubble cavitation, bubble cavitation
beneath shear layers, localized attached cavitation, and detached (inter-blade) vortex
cavitation [37, 32]. The leading edge and regions with adverse pressure gradients,
such as near the crown curvature, are also prone to attached or shear-layer bubble
cavitation. Bubble collapse generates intense noise, pressure pulses, and re-entrant
jets that strike the blade surfaces, representing the main mechanism of cavitation
erosion. The aggressiveness and onset of cavitation are influenced by blade design,
operating load, Thoma number (the Thoma number is a dimensionless parameter
used to assess the risk of cavitation in turbines) and water quality.

The Thoma number is calculated as:

Hatm - Hv - Hs
H

o=
where:

atm = piezometric head corresponding to atmospheric pressure,

e H, = piezometric head corresponding to the vapor pressure of water,
e H, = suction head, i.e., the submergence level of the runner,

e H = net head of the turbine.

Travelling bubble cavitation usually occurs at high load when the pressure dif-
ference along the blade is large, and the local pressure drops below vapor pressure.
Detached inter-blade vortex cavitation and cloud cavitation can occur under off-
design or deep part-load conditions, producing large inter-blade cavities that enhance
pressure pulsations and modify the effective added mass of the runner, potentially
leading to structural resonance. In the study [33], a Francis turbine that suffered
multiple trailing-edge blade fractures after just one day of deep part-load operation
was analyzed. By incorporating the cavitation volumes identified through CFD simu-
lations into the FSI model, the runner’s natural frequencies increased, approaching
the excitation frequencies from the Rotor-Stator Interaction and explaining the rapid
crack propagation. This phenomenon has been linked to rapid fractures of Francis
turbine blades, emphasizing that cavitation impacts both material wear and dynamic
structural behavior.

Cavitation also reduces turbine efficiency. The rate of cavitation, defined as the
interphase mass transfer between liquid and vapor, increases as the Thoma number
decreases. Device modifications, such as fins on the runner, can mitigate cavitation
effects at part-load by altering circumferential momentum and reducing low-pressure
zones, while having negligible impact at the Best Efficiency Point (BEP) [35, 32].
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Transient operating conditions—such as variable-speed operation, ramping, or
start-stop sequences—can significantly influence cavitation dynamics. During tran-
sient conditions, flow accelerates or decelerates, and local velocities along the blade
change continuously. This affects the formation, collapse, and aggressiveness of
cavitation bubbles [34].

As confirmed by CFD, the presence of inter-blade vortices and associated backflow
deteriorates the pressure distribution along the runner blade height, enhancing
localised load fluctuations and vibration risks. These effects can increase the likelihood
of structural resonances and accelerate material fatigue, underscoring the importance
of blade profile optimization and incidence control strategies for safe deep part-load
operation [34, 36]. Monitoring techniques have evolved to detect cavitation in real-
time, mainly through high-frequency vibration measurements. Vibrations caused by
collapsing bubble clouds are most effectively captured using acoustic emission (AE)
sensors mounted on the rotating shaft. Sensors in stationary components are less

reliable due to interference from other machine vibrations.

4.3.1 FErosive cavitation

Beyond its hydrodynamic and dynamic effects, cavitation is also associated with
erosive phenomena that can seriously affect the integrity and lifetime of hydraulic
turbine components. When vapor cavities collapse near solid surfaces, the implosion
generates localized shock waves and micro-jets, producing pits, surface roughness, and
eventually large-scale material loss. Over time, such erosion can accelerate fatigue
crack initiation and propagation, representing a major concern for the long-term
reliability of Francis turbines.

Escaler et al. [35] investigated sheet and cloud cavitation regimes in a cavitation
tunnel using piezoelectric accelerometers with sensitivity up to 200 kHz. Their
results showed that cloud cavitation is much more unstable and aggressive than sheet
cavitation, with characteristic shedding Strouhal numbers of about 0.28 and 0.16,
respectively ( dimensionless number defined as St = %, where f is the shedding
frequency of cavitation clouds, L a characteristic length such as the hydrofoil chord,
and U the reference flow velocity). Most importantly, the authors demonstrated a
direct correlation between high-frequency vibration levels induced by cavitation and
the measured erosion rate (pitting rate) on stainless-steel specimens.

More recent investigations on Francis turbines confirmed that cavitation erosion
can lead to severe material loss, with penetration rates reported up to 10 mm per
year on runner blades and casings [30]. The aggressiveness of erosive cavitation is
further exacerbated under extended off-design operation, particularly at high heads
and intermediate guide vane openings, where bubble collapse intensifies local stresses
[38]. In addition, vibration analyses have shown that the 800-1000 Hz frequency band
is a reliable indicator of bubble impact events on metallic surfaces, thus providing an
effective diagnostic tool for detecting erosive cavitation in situ [38].

These findings highlight that high-frequency vibration monitoring can be
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used as a reliable proxy for erosive potential, offering a practical tool for predicting
material damage in hydraulic machinery. From a design and operation perspective,
this underlines the importance of controlling cavitation regimes not only to maintain
efficiency and avoid pressure pulsations, but also to minimize long-term erosive

damage on runner blades and other wetted components.

4.4 Vortex rope

One of the most characteristic flow instabilities in Francis turbines at off-design
operation is the development of the draft tube vortex rope. When operating at
part-load conditions, a swirl component develops at the runner outlet due to the
mismatch between guide vane angle and runner blade incidence. This swirl induces
a central low-pressure region in the draft tube that breaks down into a rotating
cavitating vortex, commonly referred to as the vortex rope [39, 40].

The vortex rope can manifest in two main forms:

« a precessing helical vortex at part load, rotating at a frequency typically

around one third of the runner rotational speed (fr ~ % fn);

e an axisymmetric vortex at overload conditions, where the high discharge

stabilizes the cavitated core.

At part load, the helical rope produces strong rotating pressure fields across
the draft tube cross-section, causing asymmetric loads and flow plunging at the elbow.
These cyclic loads can couple with the natural frequencies of the hydraulic system,
leading to hydraulic resonance and large-scale oscillations of torque, head, and
power output [39, 38, 41].

From a structural perspective, the fluctuating pressure field acts as a periodic
excitation on the runner and shaft line. If the rope frequency or its harmonics coincide
with runner or hydraulic circuit eigenfrequencies, severe fatigue loading may occur,
accelerating crack initiation and propagation [40]. Monitoring and CFD-based studies
confirm that the vortex rope amplifies dynamic stresses in critical areas such as
the trailing edge and crown junction of runner blades, where fatigue failures have
been reported in prototypes [40, 42].

The vortex rope is also associated with strong cavitation phenomena. Cavita-
tion bubbles develop in the low-pressure vortex core and collapse violently downstream,
adding broadband pressure fluctuations and noise to the system. This combination
of cavitation and vortex-induced pulsations reduces efficiency and increases the risk

of erosion and structural resonance [39, 38, 41].
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Chapter 5

Rotor—Stator Interaction

Rotor—stator interaction (RSI) is one of the most critical hydraulic and structural
phenomena in pump-turbines and Francis turbines, as it strongly affects both efficiency
and mechanical integrity. RSI arises from the periodic interaction between the
stationary guide vanes and the rotating runner blades, both of which are cyclic—
symmetric structures. As the runner rotates, the wakes shed from the guide vanes
periodically impinge on the runner blades, generating fluctuating forces that excite
the structure at specific frequencies and nodal diameters (ND). These pressure
fluctuations propagate through the vaneless space (VS), the guide vane cascade,
and further upstream into the spiral casing and inlet conduit, affecting not only the

runner but also external components of the powerhouse [43, 29].

5.1 Origin and Mechanisms
The excitation mechanism of RSI can be divided into two main contributions:

e Potential flow effect: The rotating runner blades periodically disturb the
inviscid flow field in the VS, leading to pressure fluctuations that propagate
upstream and downstream. These disturbances decay quickly, but can still

trigger structural vibrations when they coincide with natural frequencies.

e Viscous flow effect: Wakes generated by the guide vanes create a non-uniform
velocity distribution at the vane outlet. Flow separations, secondary flows, and
non-ideal flow angles in the distributor amplify this effect, resulting in strong

hydrodynamic excitation when the runner blades pass through these wakes.

In stationary conditions, the wake effect produces a non-uniform periodic flow at
the guide vane outlet (Figure 5.1a). In rotating conditions, the runner blades introduce
additional periodic distortions in the flow field (Figure 5.1b). The combination of

both effects gives rise to complex flow patterns (Figure 5.1c).
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(a) Flow field distortion due to  (b) Flow field distortion due to (¢} Combination of
guide vanes wakes rotating runner blades both distortions

Figure 5.1: Schematic representation of rotor—stator interaction (RSI): (a) stationary
reference frame, non-uniform wake at guide vane outlet; (b) rotating reference frame,
periodic distortion introduced by runner blades; (c¢) combined effect leading to
complex flow patterns. [44]

5.2 Frequency Characteristics

The dominant frequencies associated with RSI are the blade passing frequency (BPF)

and its harmonics:

fepr = Z, - fn (stationary frame), frsi = Zs - fn  (rotating frame),

where Z, and Z; are the number of runner blades and guide vanes, respectively,
and f, is the rotational frequency of the runner. The phase of pressure pulsation
depends on the number of runner blades and guide vanes, while the excitation fre-
quency depends on the shaft rotational speed. The superposition of these excitations
generates a spectrum of harmonic frequencies, some of which may coincide with

natural structural frequencies, thus inducing resonance [45, 37, 46, 38].

Nodal Diameter Modes

Experimental investigations have been conducted to determine the natural frequencies
and nodal diameter modes of pump-turbine runners. Egusquiza et al. [47] performed
impact hammer tests with accelerometers mounted on the runner, allowing the

identification of modal parameters and the validation of FEM simulations.

Figure 5.2: Runner used for the test [48]
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More recently, Egusquiza et al. [48] demonstrated the feasibility of detecting runner
vibrations with stationary sensors installed on the casing, by exciting the runner with
piezoelectric patches and comparing the measured response in both rotating and
stationary frames. These experimental studies also revealed the significant influence
of the surrounding fluid on the modal response. While tests in air provide a first
estimate of the natural frequencies, the presence of water leads to a substantial
frequency reduction due to added mass effects. Reported differences are typically in
the range of 30-40%, and in some cases can reach up to 50% depending on the mode

shape and the specific geometry of the runner [47, 49].
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Figure 5.3: Frequency responses and nodal diameters for a model Francis runner in
air and water [50]. The runner has the following properties: specific speed (v = 0.56),

material density 8300 kg/m?, runner mass 55 kg, Young’s modulus 110 GPa, Poisson’s
ratio 0.34, reference diameter 0.4 m, and 17 blades.
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The dynamic response of runners is usually described in terms of nodal diameters,
where a vibrational mode with k& nodal diameters is characterized by k& diametrical
lines crossing at the runner center, dividing the periphery into 2k sectors oscillating in
opposite phase. The 2-ND and 3-ND modes are the most relevant from an engineering
point of view, as they are the ones most easily excited by the RSI. The next Figure 5.4
illustrates the frequency response obtained from accelerometer for the 2-ND and the
3-ND traveling waves mode, highlighting the difference between forward (red) and

backward (blue) propagation with respect to the runner rotation.
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(a) Frequency response from accelerometer (b) Frequency response from accelerometer
to 2-ND traveling wave in same (red) and to 3-ND traveling wave in same (red) and
opposite (blue) direction of runner rotation opposite (blue) direction of runner rotation
[48] [48]

Figure 5.4: Representation of frequency response for different nodal diameter

In parallel with these experimental investigations, numerical simulations were also
conducted to support and complement those measurements. Finite element models,
see Figure 5.5, often coupled with fluid-structure interaction (FSI) analyses, were
employed to predict natural frequencies, mode shapes, and deformation patterns of
the runner [51]. The numerical results generally showed good agreement with the
experimental observations, and provided additional insights into the added mass
effect, the influence of fluid forces, and the relative deformation between crown and
band [52, 47, 50].

Fixed support

Water

FSl layer

Runner  Pressure distribution

Figure 5.5: FEM model of the turbine runner and surrounding fluid domain [52]
In the 2-ND mode, as shown in Figure 5.6, the crown and the band deform mainly

in the axial direction, moving in phase, while the eye region exhibits a marked radial

displacement.

45



Rotor—Stator Interaction

Axial deformation in
_ crown and band

Radial deformation
ininner band

(a) 2-ND mode shape for a pump-turbine (b) 2-ND mode for pump-turbine impeller
runner (left) and a disc (right) [48] [47]

Figure 5.6: Representation of the typical deformation of the rotor

In the 3-ND mode, the deformation pattern shows three nodal diameters: crown
and band again move in phase, although the crown generally experiences larger
displacements than the band. Because of the geometry of pump-turbine runners,
typically with an odd number of blades and wide span angles, the modal response is
not perfectly symmetric. For the same ND value, different variants may appear, such

as in-phase, counter-phase, crown dominant or band-dominant deformations [47, 49].

5.3 Diametrical Vibration Modes

Through both theoretical and experimental studies, Tanaka [53] developed a model
to determine the diametrical vibration modes in high-head pump-turbines. Due
to the large thickness of the guide vanes, a significant hydraulic excitation force is
generated when the runner blades pass through the wakes shed by the vanes. This
interference induces vibrations in the runner at characteristic frequencies, which, as
introduced in Sec. 5.2, correspond to multiples of the RSI in the rotating frame and
multiples of the BPF in the stationary frame.

The vibration mode with k diametrical nodes can be identified using:
nZytk=mZ, n,méeZzr.

This relation expresses that a vibration mode with k£ nodes can only be excited
when the interference between runner and guide vanes satisfies a structural resonance
condition. Tanaka interpreted this in terms of progressive and retrogressive waves
travelling along the runner periphery. In his formulation, the amplitudes of these
waves vanish unless the denominator of the response function becomes zero, which
happens exactly when the condition above is satisfied. In other words, as represented
in Figure 5.7, only specific combinations of guide vane number, runner blade number,
and node number lead to physically realizable diametrical modes. Moreover, Tanaka
showed that in real machines the observed mode shapes often result from the
superposition of two elementary counter-phase modes, which satisfies the structural

boundary conditions imposed by the blades.

46



Rotor—Stator Interaction

1y (MPa)

+ (7

40

r | jﬁ\\
20 Z=20, 2 =1 /"?L
> ]

Amplitude of vibration stress

2718, 2,76
- P i N
—l - -
B ey

3000 A0y 50040 000

Rotational speed N (rpm)

Figure 5.7: Experimental results of the resonance curves for different combination
of number of rotor and stator blade [53]

The same resonance condition can also be found in the earlier model of Kubota

et al. [54], who expressed it as:
hZy+ N = qZ,

where Z;, and Z, are the numbers of moving and stationary blades, respectively,
N is the excited diametrical mode, and h and ¢ are integers related to harmonic
orders. In this approach, the excitation frequencies are restricted to harmonics of
the BPF, and each harmonic can excite a specific diametrical mode in forward or
backward direction depending on the sign. An example of the predicted combinations
for Z, = 7 and Z, = 16 is given in Table 5.1. Although Kubota’s method generates
a large number of possible excited modes, it is generally the lower-order modes that

dominate the vibration spectrum [45] [54].
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Table 5.1: Expected frequencies and diametrical modes [45]. N: excited diametrical
mode; h: harmonic order of the stator excitation; ¢: harmonic order of the rotor
excitation; (+) / (-) indicates forward/backward propagation of the mode.

N h
1 2 3 4 5
1 — — — (-)g=9 —
2| ()g=2 — — — —
3 — (+) ¢=5 — — (f)g=11
4 — (-)g=4 — — (+) ¢=12
51 (+)a=3 — — — —
6 — — (-)g=6 — —
7 — — — (+)g=10 —
8 — () g=4 — (-)g=38 —
91 ()g=1 — — — —

Tanaka’s model provided a theoretical framework that explained why only certain
diametrical modes could exist, linking the excitation directly to the structural response
of the runner. Kubota’s formulation, although simpler, offered a practical way to
enumerate the possible harmonics and excited modes.

Egusquiza et al. [46] conducted a study on RSI, and Figure 5.8 depicts the
sequence of blade—vane interactions for a machine with Z; = 20 guide vanes and
Z, = 6 runner blades. In the first interaction, blade 1 of the runner faces guide
vane 1 (Figure 5.8a); as the runner rotates slightly clockwise, blade 4 meets vane 8
(Figure 5.8b), blade 2 faces vane 15 (Figure 5.8¢), and so forth.

Each runner blade experiences the same pressure pulsation, but with a phase
shift relative to the other blades. For instance, when the pulsation on blade 1 reaches
its maximum, other blades may experience a minimum or a different value depending
on their relative position. This phase distribution generates the overall diametrical
pattern of the excitation.

For the 2ND mode shown in Figure 5.8, there are two positive and two negative
pressure pulses around the runner at any instant. The rotational direction of these

diametrical modes can be opposite to the runner rotation.
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Figure 5.8: Rotor-stator interaction sequence for a 7-blade runner, 16 guide vanes
machine [46]

The shape of the pressure pulsation generated by the RSI around the whole

runner can be determined with the Kubota et al. model [54]:
th —k= qu

For this combination of blades and vanes (Z, = 7, Z, = 16), the main diametrical
mode of the excitation is k = 2, rotating opposite the runner rotation. This means
that at any instant there are two positive and two negative pressure pulses around
the runner. This is a two-nodal diameter (2ND) excitation.

Table 5.2 shows the complete sequence of interactions, indicating which blades
interact with which vanes. When these excitations occur in phase, they generate a
vibration mode with two diametrical nodes (2ND) [46].

Table 5.2: RSI characteristics: rotor-stator interaction sequence [46].

Iteration, n 1 2 3 4 5 6 7 8
Runner blade number |1 4 7 3 6 2 5 1
Stator vane number 1 8 15 6 13 4 11 2

Another relevant study led by Rodriguez et al. [37] demonstrated that RSI can
be effectively monitored not only through pressure measurements distributed along
the perimeter of the impeller-runner, but also via vibrations measured directly on
the rotating shaft.

5.4 Impact on Operation

RSI manifests differently depending on turbine operating conditions:

o Low load (small GVO): The vaneless space is relatively large, reducing

RSI intensity. The amplitude of BPF is significant, but strong low-frequency
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fluctuations may dominate due to operation far from the best efficiency point
(BEP).

o Medium load (critical GVO): The vaneless space decreases, leading to higher
RSI intensity. Low-frequency stochastic fluctuations appear with amplitudes
comparable to the BPF.

e High load (near BEP /overload): The vaneless space shrinks drastically,
producing a sharp increase in RSI intensity. The BPF becomes dominant, while

low-frequency components diminish.

5.5 Transient Effects

During start-up and shutdown sequences, the runner accelerates or decelerates,
producing a frequency sweep of RSI excitations. If this sweeping frequency coincides
with structural eigen frequencies, transient resonance may occur, leading to high
stress levels in the runner [46]. RSI may also interact with upstream penstock
waves, intensifying the excitation and potential for resonance. Several numerical and
experimental investigations have been carried out to better understand these transient
phenomena in Francis turbines. In particular, unsteady CFD analyses of rotor—stator
interaction and vortex rope formation have shown how pressure fluctuations evolve
during off-design and time-dependent operating conditions. These studies highlighted
the strong coupling between hydraulic instabilities and transient loads, confirming
that resonance effects and flow-induced vibrations are critical aspects to consider
when assessing the dynamic behavior and structural reliability of hydraulic turbines
[55].

5.6 Consequences for Powerhouse Structures

The pressure waves generated by RSI propagate throughout the hydraulic machine
and may excite external components such as columns, foundations, and floors. On-site
studies report intense vibrations of local components linked to RSI-induced pressure
fluctuations, emphasizing the critical importance of this phenomenon for both turbine

safety and structural integrity [19].
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Chapter 6

Objective of the Study

The main objective of this thesis within the framework of the STOR-HY European
project is to design and validate a data processing and validation tool. This tool is
essential to establish the robust baseline and predefined thresholds required by the
project’s future Artificial Neural Network (ANN) virtual sensor. Once developed,
the ANN sensor will be capable of monitoring critical operating parameters in real
time, providing an early-warning signal to the control interface or triggering an
automatic shutdown when the monitored variables approach the critical thresholds.
This strategy is intended to enhance turbine safety and reliability, reducing the risk
of damage due to fatigue, cavitation, or rotor—stator interaction (RSI) phenomena.

To achieve this goal, the work focuses on four main aspects:

e« Data preprocessing and validation. A dataset containing measured op-
erational signals was analyzed and validated at a qualitative level. Several
candidate databases were compared by examining the quality of the raw data,
the sampling frequencies, and the spectral contents of the signals. In particular,
Fourier analysis was employed to identify dominant frequency components and
to compare them with analytical estimations of RSI excitations, which depend

on the number of runner blades and guide vanes.

e Analytical vs Experimental comparison. By combining analytical formulas
for RSI frequencies with FFT analysis of the measured signals, discrepancies
between theory and measurements were quantified. This step allowed for the
assessment of data consistency and the identification of the most representative

operating conditions for training purposes.

¢ Optimization of sampling requirements.

A primary objective of this study was to define the minimum sampling frequency
necessary to preserve spectral integrity while reducing computational overhead.
The developed tool implements a physics-informed approach that automatically
identifies the dominant spectral peak (fmaz) and recommends an optimized
sampling rate, typically set at five times fy,4, to ensure a robust safety margin

above the theoretical Nyquist-Shannon limit. The methodology validates this
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data reduction through a professional decimation pipeline that applies a low-
pass anti-aliasing filter before subsampling. This process ensures that the

signal’s original characteristics are preserved.

e Preparation for machine learning models. Preparation for machine
learning models. Once the dataset was validated, it was structured to serve
as input for neural network models in the training phase. In particular, the
preprocessing pipeline was designed to extract physically meaningful features
from the signals, primarily through spectral analysis and normalization in the
order domain. The quality and suitability of the training data were ensured by
systematically validating the spectral consistency of the signals and by defining
appropriate analysis windows for feature extraction. This approach allows the
dataset to retain the key information related to hydrodynamic phenomena while
reducing redundancy and noise. As a result, the processed dataset is not only
optimized in terms of size and consistency, but also formatted in a generalized
and scalable manner, making it suitable for the development of robust and

transferable machine learning models for virtual sensing applications.

The purpose of this work lies in the integration of traditional hydraulic turbine
monitoring with modern data-driven approaches. While previous studies have shown
how numerical simulations and experimental measurements can characterize unsteady
hydrodynamic effects such as RSI or vortex rope formation, this study aims to develop
a practical tool for real-time diagnosis. The final Al virtual sensor will therefore be
able to reproduce the expected physical behavior of the machine and also to provide

actionable information for preventive maintenance and control strategies.
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Chapter 7

Francis-99 Case Study

7.1 Background and Motivation

The Francis-99 initiative was created to address limitations in the analysis and
design of hydraulic turbines, particularly Francis turbines, due to the scarcity of
publicly available experimental data and the complexity of the fluid dynamics
involved. Key challenges include restricted access to modern turbine designs because
of industrial confidentiality, difficulties in validating numerical models due to complex
flows characterized by high Reynolds numbers, flow separation, secondary vortices,
cavitation, and hydraulic losses, as well as the high cost of performing rigorously
verified CFD simulations.

Francis-99 provides open-access experimental data and reference designs, offering
benchmark cases for the verification and validation of computational fluid dynamics
(CFD) and fluid-structure interaction (FSI) models. To date, three workshops have
been held: the first focused on steady-state operating conditions, the second on
transient events such as load variations and start-stop sequences, and the third on

fluid-structure interactions in Francis turbines and hydrofoils.

7.2 Experimental Facility

The Francis-99 experiments were carried out at the Waterpower Laboratory of NTNU,
which has been active in turbine research and development since 1917. The laboratory
is equipped with state-of-the-art infrastructure that allows the operation of test rigs
in a variety of prototype-like configurations. Among its facilities are two major test
rigs dedicated to Francis/pump-turbines and Pelton turbines, capable of conducting
experiments in compliance with TEC 60193 standards. The maximum hydraulic
efficiency achieved with the Francis-99 model turbine is 93.4%. In addition, the
laboratory hosts smaller rigs for basic research, including hydrofoil rigs in three
configurations: single hydrofoil, a linear cascade of three hydrofoils, and a radial
cascade of eight hydrofoils. The conduit system can be pressurized up to 100 m head,
with 700 kW pumping power available and a maximum discharge of 1.1 m3/s. The

infrastructure is regularly upgraded, with major improvements completed in 2003,
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2007, and most recently in 2023, including the turbine generator, conduit system,
and flow measurement instruments.

The Francis-99 turbine is a scaled model (1:5.1) of the turbines operating at the
Tokke power plant in Norway. It is a splitter-blade type runner with 15 full blades
and 15 splitters, with leading edge profiles designed to be similar. The blades are
twisted up to 180° along their chord length, from inlet to outlet, and the trailing edge
thickness is approximately 3 mm. The runner inlet and outlet diameters are 0.630 m
and 0.349 m, respectively. During model tests conducted in 2012, the best efficiency
point (BEP) efficiency was measured at 93.4% with an uncertainty of +0.16%. The
Francis-99 facility is extensively used for studies on rotor-stator interaction (RSI),
vortex rope formation, rotating stall in pump-turbine runners, water hammer, and
cavitation. The open-loop hydraulic system is particularly suited for transient tests,

including load variations, start-stop conditions, and total load rejection experiments.

7.3 Test Case Description

The Francis-99 turbine test rig consists of a closed hydraulic loop. Water from the
basement reservoir (9) is pumped to an overhead tank (2), from where it flows down
through the turbine (7). A feed pump (1) is operated at a constant speed to maintain
a fixed head. The draft tube outlet connects to a downstream vessel (8), where the
head is maintained at atmospheric pressure, and excess water is returned to the
basement reservoir (9). The test rig can generate up to 16 m of head in open-loop

operation and up to 100 m (for flow rates < 0.5 m?/s) in closed-loop operation.

Figure 7.1: Open-loop hydraulic system of the model Francis turbine at the
Waterpower Laboratory, NTNU. 1 — feed pump, 2 — overhead tank-primary, 3 —
overhead tank-secondary, 4 — pressure tank, 5 — magnetic flowmeter, 6 — generator, 7
— Francis turbine, 8 — downstream tank and 9 — basement. [56]

The Francis-99 model turbine includes 14 stay vanes integrated in the spiral

casing, 28 guide vanes, a runner with 15 blades and 15 splitters arranged alternately,

54



Francis-99 Case Study

Figure 7.2: Locations of pressure sensors in the Francis-99 runner [56]

and an elbow-shaped draft tube. The runner inlet and outlet diameters are 0.63 m
and 0.347 m, respectively. The runner is directly coupled to a DC generator, which
can also function as a motor in pump mode. The facility is often used for industrial
model tests in closed loop configurations (30 m head, Re = 4 x 10%) and is equipped
with standard instruments to measure head, discharge, torque, water temperature,

and rotational speed.

7.4 Measurements and Data Acquisition

Pressure measurements were carried out on the Francis-99 runner, with sensor
locations shown in Figure 7.2 and coordinates listed in Table 7.1. The sensors allow
determination of the guide vane passing frequency (fy,) and its harmonics at different
runner positions. Measurements were conducted at five operating points with fixed
guide vane opening, but varying runner speeds and heads (summarized in Table 7.2).
The results showed significant variations in RSI amplitudes, with relatively high
values observed at certain conditions. These high amplitudes suggest the presence of
resonance phenomena under those operating points, which are of interest for further

numerical analysis.

R1 180.50 158.81 21.73 Entran 7bar | Flush
R2 84.30 132.85 -9.50 Entran 7bar | Flush
R3 25.75 118.88 -31.61 | TE XP5 Flush
R4 -17.40 85.19 -59.59 | TE XP5 Flush

Table 7.1: Pressure sensor locations [56]

95



Francis-99 Case Study

.. Flow rate
Description : ngp QED
(m3s~1)
BEP-1 0.134 0.179 | 0.154 5.2 10 219.8
BEP-2 0.160 0.176 | 0.156 7.2 10 254.3
BEP-3 0.183 0.178 | 0.154 9.6 10 297.8
BEP-4 0.209 0.178 | 0.155 12.6 10 340.5
BEP-5 0.232 0.180 | 0.154 15.55 10 381.7

Table 7.2: Operating parameters and range [56]

A number of challenges are associated with blade loading measurements in the
Francis-99 runner. First, the runner blades are bolted to the crown and band, creating
the possibility of rotational asymmetry due to assembly conditions. Moreover, the
trailing edges of the blades near the band are free over a length of about 94 mm
(Figure 7.3), resulting in variations in the gap between blade and band. Impact
hammer tests indicated differences in blade preloading (likely due to pretension).
A second challenge lies in the crown design, which includes several holes and cable
channels (Figure 7.4) for pressure measurements. These openings introduce asym-
metrical stiffness, meaning the crown’s bending stiffness depends on the direction
of bending. Consequently, uncertainties in strain measurements at these locations
must be carefully considered. For this reason, the test case is mainly limited to FSI

studies based on pressure measurements.

Figure 7.3: Francis-99 runner with free end trailing edge joined to band (marked in
red color) [56]
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Figure 7.4: Francis-99 runner with holes on the crown for the pressure sensors and
the instrumentation [56]

The pressure sensors were statically calibrated using a dead-weight tester as the
primary reference. All components in the pressure measurement chain, from sensors
to the data acquisition system, have resonance frequencies above 10 kHz. Therefore,
dynamic uncertainty is considered negligible, and only repeatability and hysteresis
contribute to the overall uncertainty. A repeatability test at 1 Hz with alternating
pressures of 100 kPa and 90 kPa absolute confirmed the calibration. The uncertainty
budget for RSI amplitudes is summarized in Table 7.3. Additionally, vibration tests
with the runner in air were conducted to check for vibration sensitivity of the pressure

sensors, and no additional uncertainty was observed.

Location BEP-1 BEP-2 BEP-3

R1 0.979 £0.034 | 1.053 £ 0.024 | 1.077 £0.021 | 1.074 £0.019 | 1.082 4+ 0.018
R2 0.714 £0.036 | 0.775+0.027 | 0.802 £+ 0.020 | 0.803 + 0.015 | 0.818 +0.014
R3 0.550 £0.025 | 0.591 £ 0.018 | 0.605 £+ 0.015 | 0.611 + 0.013 | 0.623 + 0.011
R4 0.295 £0.024 | 0.337 £0.023 | 0.348 £0.023 | 0.348 + 0.015 | 0.359 + 0.013

Table 7.3: Amplitudes pertained to rotor—stator interaction (fgy ). The amplitudes
are in percentage of head value at the corresponding operating point. [56]
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Figure 7.5: Rotor stator interaction fundamental frequency (fgv). Amplitudes are
normalized by the head value of the corresponding operating point [56].
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RSI amplitudes were normalized with respect to head at each operating point.
The uncertainty includes the 95% measurement confidence interval and the 95%
probability of amplitude variations, obtained using short-time Fourier transform
(STEFT). The analysis used a window length of 100 RSI signal periods with 50%
overlap. Results showed that the second harmonic of the guide vane passing frequency
increased toward measurements at 280 Hz (Figure 7.6), suggesting resonance with the
nodal diameter 4 (ND4) mode. The main objective of the third Francis-99 workshop
was therefore to perform FSI simulations to analyze pressure distributions in the
runner channels under resonance. Although a single CFD analysis could reproduce
the excitation pressures, alternative excitation methods could also be used to impose
an ND4-type pressure field. The aim was not to match the exact resonance frequency,
given uncertainties in runner assembly, but rather to replicate the spatial pressure

distribution observed in experiments. Exact amplitude matching with measurements

was not considered essential.

Location BEP-1 BEP-2 BEP-3 BEP-4

R1 0.086 +0.034 | 0.109 +0.029 | 0.152 +0.024 | 0.091 £ 0.020 | 0.076 £ 0.017
R2 0.072+£0.033 | 0.097 £ 0.028 | 0.167 = 0.024 | 0.091 £ 0.021 | 0.059 £ 0.017
R3 0.056 £ 0.020 | 0.080 £0.019 | 0.154 +£0.019 | 0.072 £ 0.016 | 0.041 £0.011
R4 0.042 £ 0.031 | 0.050 £ 0.026 | 0.124 +0.023 | 0.045 £ 0.019 | 0.025 £ 0.016

Table 7.4: Amplitudes pertained to rotor—stator interaction (harmonic 2fgy ). The
amplitudes are in percentage of head value at the corresponding operating point [56].
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Figure 7.6: Rotor stator interaction harmonic frequency (2fgv). Amplitudes are
normalized by the head value of the corresponding operating point [56].
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Chapter 8
Implementation

In order to achieve the objectives defined in chapter 6, a specific computational tool
was developed. The implementation of this code represents the core contribution
of the present thesis, as it enables the processing of experimental data and the
identification of dynamic phenomena affecting turbine performance. The following
sections describe the methodology adopted, the structure of the implemented code,

and the main results obtained from its application.

8.1 Dataset Selection and Validation

At the beginning of the research, several publicly available datasets were examined.
However, these datasets proved unsuitable for the purposes of the present work,
mainly due to limitations such as insufficient sampling frequency or the absence of
variables of direct interest for the analysis. The process of identifying an appropriate
dataset was therefore particularly time-consuming, requiring a careful evaluation of
the available information and its quality.

To guide this process, specific requirements were established, including;:

e a minimum sampling frequency sufficient to resolve pressure pulsations and

rotor—stator interaction phenomena;

e constant sampling intervals, in order to avoid interpolation procedures that

could compromise data accuracy;

e the availability of synchronized operating parameters, such as rotational speed

and guide vane opening;
e a measurement duration long enough to ensure robust spectral analysis.

Datasets not meeting these requirements were excluded from consideration.

For this study the dataset provided by the Norwegian University of Science
and Technology (NTNU) for academic purposes was selected [56]. This dataset,
belonging to the Francis-99 initiative, is widely recognized as a benchmark case for
the validation of computational models in hydraulic turbomachinery. Its adoption

enabled the development of a robust and generalizable code and also allowed for
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the validation of the obtained results through comparison with the analyses already
supplied by the dataset authors. In this way, the research outcomes could be based
in reliable experimental data and connected more solidly to the existing scientific
literature.

It should be noted that, although the NTNU dataset originates from a scaled
laboratory model rather than from a full-scale industrial unit, it provides high-quality,
well-documented signals that are particularly suitable for methodological development
and validation. As such, it represents an optimal compromise between experimental

reliability and research accessibility.

8.1.1 Dataset Characteristics

The selected dataset consists of 25,000 uniformly sampled data points and includes
a total of nine variables, both dynamic signals and operating parameters. The
dataset used in this thesis was acquired under steady-state operating conditions,
specifically at the best efficiency point (BEP) of the Francis-99 turbine. This
ensures that the recorded signals are not affected by transient phenomena such
as startup, shutdown, or load changes, thus providing a reliable basis for spectral
analysis and methodological development. In addition to the BEP, the Francis-99
dataset also includes measurements at part load (PL) and high load (HL), which
represent alternative steady-state operating conditions. The structure of the dataset

is summarized in Table 8.1:

Table 8.1: Summary of the variables included in the NTNU dataset.

Variable Unit Description

t S Time vector of the acquisition

VL2 kPa Pressure measurement at location VL2
DT5 kPa Pressure measurement at location DTH
DT6 kPa Pressure measurement at location DT6
P, kPa Inlet pressure

H m Net head

Q m3/s  Volumetric flow rate

Q rad/s Angular velocity of the runner

« deg Guide vane opening angle

For the pressure measurements, a pressure sensor VL2 was mounted at the
vaneless space, and two pressure sensors DT5 and DT6 were mounted at the draft
tube cone. Exact locations of the sensors and observed uncertainties are provided in
Table 8.2.
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Figure 8.1: Global coordinates for the measurement locations and geometry [56]

Table 8.2: Locations of pressure sensors in the turbine.

Sensor x [mm] y [mm] z [mm] Uncertainty [%)]

VL2 -320.0 62.2 -29.4 +0.01
DT5 -149.1 -100.6 -305.8 +0.10
DT6 149.1 100.6 -305.8 +0.10

The dataset therefore provides both local pressure measurements, necessary to
analyze unsteady hydrodynamic phenomena (RSI and pressure pulsations) and global
operating parameters (head, discharge, speed, and guide vane angle) that allow the
characterization of the turbine operating condition. Table 8.3 reports the first five

rows of the dataset as an illustrative example.

Table 8.3: First five rows of the NTNU dataset.

t[s] VL2[kPa] DT5[kPa] DT6[kPa] Pin[kPal Him] Q[m?3/s] Omegafrad/s] Alpha[deg]

0.0004  173.0300 0.3360 0.1210 216.8740 11.9620 0.2030 34.8290 9.8400
0.0006  173.2940 0.3010 0.0700 217.0490 11.9740 0.2030 34.8290 9.8400
0.0008  173.2120 0.2370 0.0190 216.8730 11.9510 0.2040 34.8290 9.8400
0.0010  173.7970 0.1740 -0.0340 216.8850 11.9450 0.2050 34.8290 9.8400
0.0012  174.0960 0.1140 -0.0710 217.0480 11.9430 0.2030 34.8290 9.8400

8.2 Code Structure and Preprocessing

The initial part of the Python script provided in Appendix A is dedicated to reading
the raw data from Excel files and performing an automated cleaning process. This
includes the handling of European decimal formats by replacing commas with dots
and the conversion of object-type columns into numeric values.

Beyond simple data cleaning, the script now integrates an analytical calculation
block where the user provides the number of runner blades and guide vanes. This
allows the system to determine the rotational frequency (f,) and the theoretical
pressure pulsation frequency (f,) directly from the selected rotational speed signal.

Furthermore, the preprocessing has been enhanced with a sampling optimization
step: based on the identified peak frequency, the code suggests a target sampling

rate and performs a decimation.
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This step ensures that the input data are consistent and properly formatted but
also allows to make the code as flexible as possible so that it can also be used with
other types of datasets, which is essential for the reliable execution of the subsequent

analytical and experimental analysis.

8.3 Analytical vs Experimental Comparison

As anticipated in chapter 6, the developed code was designed to enable a direct
comparison between analytical predictions of RSI frequencies and the results obtained
through Fast Fourier Transform (FFT) of the measured pressure signals.

In the first step, the analytical RSI frequency was computed by combining the
shaft rotational speed with the number of runner blades and guide vanes, following
the classical blade passing frequency formulation reported in [46]. This relationship

can be expressed as:

frst =n- 2 - fr, (8.1)

where n is the harmonic number (n = 1,2,...), z, is the number of rotor blades,
and fr = N/60 is the shaft rotational frequency in Hz, with N being the rotational
speed in revolutions per minute (rpm).

To this end, the script prompts the user to provide the main turbine parameters,
namely the number of runner blades, the number of guide vanes, and the column
corresponding to the runner angular velocity. Based on these inputs, the analytical
frequency is determined, representing the expected dominant pulsation due to the

RSI. For the nodal diameter formulations detailed in the section 5.3 was used.

Table 8.4: Analytical rotor-stator interaction (RSI) frequencies and corresponding
harmonics.

Harmonic number n  Frequency [Hz] Nodal Diameter Description
1 83.148 2-ND Fundamental RSI frequency (blade passing)
2 166.296 4-ND Second harmonic
3 249.444 6-ND Third harmonic
4 332.592 7-ND Fourth harmonic

Subsequently, the FFT was applied to the experimental dataset provided by
NTNU. By comparing the spectral peak identified in the pressure measurements with
the analytical prediction, it was possible to quantify discrepancies between theory
and experiments. This procedure allowed for the assessment of the data consistency
and for the identification of the operating condition BEP as the most representative
case to be used for further development and training purposes.

Figure 8.3 reports an example of the results obtained from the implemented
code. The upper panel shows the time series of the pressure signal measured at
location VL2, while the lower panel presents the corresponding FFT spectrum. A

clear spectral peak can be observed around the analytically predicted RSI frequency,
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confirming the consistency between the theoretical formulation and the experimental
data.

Time Series Plot of VL2[kPa]

FFT Spectrum of VL2[kPa] (All 25000 values)
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Figure 8.2: Time series and FFT spectrum of the VL2 pressure signal from the
NTNU dataset.
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Figure 8.3: Zoom of the FFT of the VL2 pressure signal

The lower panel illustrates the FFT spectrum computed from the entire dataset
(25,000 samples). The spectral content is dominated by a pronounced peak at approx-
imately 166 Hz, which corresponds to the analytically predicted second harmonic of
the rotor—stator interaction (4st ND). This indicates that the VL2 pressure sensor,
located in the vaneless space, is primarily sensitive to the second blade-passing
frequency. Additional peaks are visible at higher frequencies, including the fourth
harmonic (around 330 Hz), although their amplitude is significantly lower. The strong
correspondence between the analytical prediction and the dominant experimental
peak indicates that the dataset is consistent with the analytical calculation done in
the previous steps.

The same type of plots, including both the time series and the FFT spectra, are
reported below for the DT5 and DT6 pressure signals.
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Time Series Plot of DT5[kpa]
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Figure 8.4: Time series and FFT spectrum of the DT5 pressure signal from the
NTNU dataset.
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Figure 8.5: Time series and FFT spectrum of the DT6 pressure signal from the
NTNU dataset.
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Figure 8.6: Zoom of the FFT of the DT5 pressure signal

Figure 8.4 shows the time-domain signal and the corresponding FFT spectrum
of the pressure measurement at DT5. In the upper panel, the time series highlights
pronounced low-frequency oscillations superimposed on the local mean pressure,
reflecting the unsteady flow conditions in the draft tube cone.

The lower panel illustrates the spectral content, where the dominant peak is
clearly located at approximately 330 Hz. This frequency corresponds to the fourth
harmonic of the analytically predicted rotor—stator interaction frequency. The second
harmonic (166 Hz, 4th ND) is also present in the spectrum, but with a considerably
lower amplitude. The prevalence of the 7th ND component indicates that the DT5
sensor is primarily sensitive to a four-per-revolution modulation of the blade-passing
phenomenon, which is consistent with the flow features developing in the draft tube
region. Similar behavior was observed for DT6, confirming that both draft tube

sensors are more strongly associated with the fourth harmonic of the RSI.

8.3.1 Extension to Part Load Conditions

The same analytical vs experimental analysis was also applied to the Part Load (PL)
operating condition. Unlike the BEP, where the pressure signals are characterized by
a dominant contribution at the second RSI frequency (VL2) and by a clear prevalence
of the fourth harmonic in the draft tube sensors (DT5 and DT6), the PL condition
exhibited a markedly different spectral behaviour.

At PL, the velocity distribution within the runner passages and the draft tube
is less uniform, and the flow is strongly affected by instabilities such as vortex rope
formation and enhanced turbulence levels. As a consequence, the FFT spectra of the
pressure signals tend to show a broader distribution of energy, with the RSI-related
peaks being less sharp and sometimes partially masked by low-frequency fluctuations.
This behaviour is consistent with the literature, which reports that part-load operation
of Francis turbines is often dominated by hydrodynamic instabilities that can lead to
pronounced vibrations and pressure pulsations not directly linked to the fundamental

RSI mechanism.
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Figure 8.7: PL condition — time series and FFT spectrum of the VL2 pressure
signal.
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Figure 8.8: PL condition — time series and FFT spectrum of the DT5 pressure
signal.
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Time Series Plot of DT6[kPa]
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Figure 8.9: PL condition — time series and FFT spectrum of the DT6 pressure
signal.

The results obtained in this work confirm these considerations. For the VL2
sensor, the FFT spectrum still displays a clear dominant peak around 165 Hz, which
corresponds to the second RSI harmonic (4st ND), indicating that the second RSI
frequency remains detectable at PL in the vaneless space. Conversely, the draft-
tube sensors (DT5 and DT6) exhibit spectra dominated by strong low-frequency
contributions below 50 Hz, which overshadow the RSI tones. These low-frequency
components are consistent with the typical signature of cavitating vortex rope
dynamics, whose precession frequency is known to occur in the range of 0.20-0.35 of
the runner rotational frequency. Such structures generate pressure pulsations that
propagate through the draft tube and can strongly affect the dynamic stability of
the machine.

Although the fourth harmonic (7th ND, around 330 Hz) is still detectable at PL, it
no longer constitutes the leading component as observed at BEP. Instead, the spectral
energy distribution highlights the predominance of vortex-induced fluctuations in the
draft tube, confirming that part-load operation is characterized by hydrodynamic
instabilities rather than by the classical RSI mechanism.

Overall, the comparison between BEP and PL highlights the strong dependence
of the spectral content on the operating condition: RSI-dominated at BEP, and
instability-dominated at PL.
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8.4 Optimization of Sampling Requirements

A further component of the developed code is devoted to the optimization of sampling
requirements, with the objective of determining the minimum number of data points
necessary to accurately capture the spectral content of the signals. This aspect is
of practical relevance, since recording and storing very large datasets can be com-
putationally demanding, whereas undersampling may lead to the loss of essential
information. To address this, the methodology focuses on two key aspects: determin-
ing the optimal sampling frequency to accurately capture the spectral content while
minimizing computational and storage costs and formatting the extracted features
into a generalized, dataset suitable for the Virtual Sensor approach.

The implemented procedure operates through a physics-informed analytical step
followed by an interactive validation loop. Initially, the code computes the Fast
Fourier Transform (FFT) of the original high-resolution signal and identifies the
dominant frequency peak (fmaz). Based on this physical feature, the algorithm
automatically calculates a recommended optimal sampling rate—typically set to five
times finae, ensuring a robust margin above the Nyquist-Shannon sampling limit.

At this stage, the software informs the user of the detected peak and the recom-
mended sampling frequency, offering the immediate option to generate and save an
optimized, downsampled version of the entire dataset in XLSX format.

In the second step, an interactive mode is introduced, allowing the user to
manually select the percentage of data points to retain and directly compare the
reduced FFT spectrum with the full-resolution reference. This functionality enables
a visual validation of the automatic sampling optimization procedure and highlights
the trade-off between data reduction and spectral accuracy.

More specifically, during the “Sampling Validation” phase, the code suggests
an optimal data retention percentage (e.g., retaining 16% of the original samples)
and prompts the user to test alternative values. For each selected percentage, the

algorithm evaluates two distinct downsampling strategies:

1. A professional decimation process incorporating a low-pass anti-aliasing filter

(scipy.signal.decimate).

2. A naive subsampling approach based on simple array slicing without prior

filtering.

The resulting spectra are then plotted alongside the full-resolution reference, pro-
viding a direct visual comparison. This analysis clearly demonstrates the effectiveness
of proper anti-aliasing filtering and highlights the severe spectral distortions that
arise when it is neglected, thereby validating the robustness and reliability of the
proposed data reduction approach.

The use of an anti-aliasing filter during the downsampling process is essential to
ensure the physical consistency of the signal. When a signal is resampled at a lower
frequency, frequency components above the new Nyquist limit (half of the target

sampling frequency) cannot be correctly represented and are folded back into the
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lower frequency range, generating aliasing. This phenomenon introduces non-physical
spectral components that can severely distort the frequency content of the signal.

This filter removes all frequency components above the admissible limit, ensuring
that only the information that can be correctly captured at the reduced sampling rate
is retained. In the implemented workflow, this operation is automatically handled
by the scipy.signal.decimate function, which combines low-pass filtering with
subsampling in a single step.

As a result, the downsampled signal preserves the original spectral characteristics
within the valid frequency range, enabling a reliable reduction of the dataset size

without introducing artificial distortions.

FFT Comparison: Anti-aliasing Filter vs Aliasing Effect

Original Spectrum
—— Anti-alias filter
025 -~ Alias Error (No anti-alias filter)
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Figure 8.10: FFT spectrum comparison of the VL2 signal.

In the Figure 8.10 a comprehensive spectral comparison is presented, highlighting
the critical impact of anti-aliasing filtering during data reduction. The figure is
structured with the original, full-resolution FFT spectrum displayed in blue at the
top. The red and green plots display the decimated signal at the same optimized
target frequency. In the green plot the signal processed through an appropriate
anti-aliasing filter is shown, while in red, the signal subjected to naive subsampling
(array slicing) is presented.

Notably, the horizontal axis of these spectral plots is no longer expressed in
absolute frequencies (Hz), but is instead normalized as multiples of the machine’s
fundamental rotational frequency (f,), referred to as Orders. This shift from a
linear frequency scale to an Order-based domain is a strategic choice for the Virtual
Sensor development: it ensures that the identified spectral features, such as the Blade
Passing Frequency, remain anchored to their respective physical origins regardless of
the specific turbine’s rotational speed. This normalization effectively decouples the
signal’s information from the machine’s operational scale, providing a generalized
and consistent input for the neural network.

The fundamental difference between proper decimation and naive subsampling
is clearly demonstrated by the contrast between the green and red plots. In the
green plot, the anti-aliasing filter has effectively suppressed all frequency components
above the new Nyquist limit (which is half the target sampling frequency). This
results in a clean, physically consistent spectrum that fully preserves the original
peaks within the admissible frequency range, ensuring they retain their position and

relative magnitude.
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Conversely, the red plot exhibits a severe spectral distortion. Due to the absence
of prior filtering, the high-frequency component that should have been removed
has been "folded back" into the lower frequency range, creating a false peak. This
phenomenon, known as aliasing error, introduces a non-physical artifact into the
spectrum, masking real features and making the dataset unreliable for Machine
Learning applications. This direct comparison visually validates the necessity of the
proposed anti-aliasing pipeline, demonstrating that it is the only viable approach
for generating a physically coherent and optimized dataset for the training phase of
Artificial Intelligence models.

This comparison highlights the importance of incorporating an anti-aliasing
filtering stage within the proposed downsampling procedure. By removing frequency
components above the admissible limit, the approach ensures that the reduced dataset
remains physically consistent and suitable for subsequent data-driven applications.

The analysis also indicates that the NTNU dataset, originally sampled at 5 kHz,
is significantly oversampled with respect to the dominant spectral content. As a
result, a substantial reduction in the number of samples can be achieved without
compromising the accuracy of the relevant frequency information.

For the draft tube sensors (DT5 and DT6), the dominant spectral contribution is
associated with the second harmonic (2ND, approximately 310 Hz). In this case, the
Nyquist—Shannon criterion still governs the minimum sampling requirement, implying
a higher threshold compared to signals dominated by the fundamental frequency.
However, the original sampling frequency remains well above this limit, confirming
that data reduction can be consistently applied while preserving the essential spectral

characteristics of the signals.

8.5 Preparation for Machine Learning Models

The final step in the data processing pipeline was to structure the validated and
optimized dataset for its potential use in machine learning applications. In particular,
the goal was to ensure that the spectral features of the pressure signals could serve
as a generalized and reliable input for neural network models aimed at monitoring
and predicting turbine behavior across different operating scales and machines.

To this end, the following actions were undertaken:

o Feature Extraction via Sliding Windows: The optimized signals were
segmented into temporal windows of a user-defined duration (e.g., 1.0 sec-
ond). To maintain temporal continuity and increase the number of training
samples, a sliding window approach with a configurable overlap (e.g., 50%)
was implemented. For each window, the Fast Fourier Transform (FFT) was
computed, focusing on the positive frequency range to extract the spectral

intensity associated with each Order.
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¢ Regime-Specific Normalization Strategies: To ensure the generalizabil-
ity of the Virtual Sensor, the normalization method adapts to the turbine’s

operating state:

— Stationary Regime (Peak Scaling [0, 1]): In steady-state conditions, where
the Rotor-Stator Interaction (RSI) presents a clear and stable maximum
amplitude, a Peak Scaling method was preferred, mapping the intensities
strictly within the range [0, 1]. Unlike the Z-score standardization, this
approach does not depend on the global variance of the dataset, thus
preserving the relative ratios between different spectral peaks. By mapping
the maximum observed amplitude within each window to 1, the network
is trained to recognize the "reference" spectral signature for a specific
operating point. This setup is particularly effective for fault diagnosis:
since the model learns that the dominant RSI harmonic should reach a
normalized value of 1, any future deviation, such as an amplitude drop or
an unexpected surge due to mechanical degradation, will shift the feature
away from this reference, allowing, for example, the system to trigger an
anomaly alarm. Furthermore, restricting the input space to a bounded
[0, 1] range significantly accelerates the convergence speed of the training
process, helping the gradient descent algorithm find the optimal weights

in fewer steps.

— Transient Regime (Z-score Standardization): During non-stationary events
such as start-ups or shutdowns, spectral frequencies and amplitudes shift
rapidly, making fixed-range scaling less effective. In these cases, Z-score
Standardization is applied by transforming each spectral feature x

according to the formula:
T—p
o

Zz =

(8.2)

where p represents the mean amplitude and o is the standard deviation
of the frequency bin across the dataset. This process centers the data

around a mean of 0 and scales it in terms of standard deviation units.

The physical advantage of this approach in transient analysis is twofold:

* Identification of Statistical Outliers: Rather than observing
absolute values, the neural network observes how many standard de-
viations a peak deviates from the average behavior. This is crucial for
detecting impulsive events (like water hammers) or sudden structural
resonances that emerge abruptly from the background noise.

*+ Energy Independent Scaling: During a startup, the overall en-
ergy of the signal increases drastically. The Z-score "filters out" this
global trend, allowing the model to focus on the shape of the spectral
evolution and on which specific frequencies are growing faster than

others relative to their own historical variance.
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By highlighting these statistical "shocks," the Z-score facilitates the de-
tection of rapid dynamic changes that would otherwise be masked by the

shifting scales of a transient operation.

e Input Feature Vectorization and Matrix Structuring: The final pro-
cessed data is organized into a numerical matrix designed for high-performance
training. In this structure, each row represents a single temporal window,
providing a snapshot of the turbine’s dynamic state at a specific time interval.
Conversely, each column corresponds to a specific frequency bin, expressed in
dimensionless Orders. The value contained at the intersection of a row and
a column represents the normalized spectral amplitude at that precise Order
and time. This systematic arrangement allows the neural network to treat each
column as a consistent input feature, facilitating the recognition of spectral

patterns across the entire dataset.

Upon completion of the processing, the software generates a report. This report
provides critical metadata for the subsequent training phase, including the selected
operating regime, the final matrix shape (representing the number of temporal
windows versus the number of frequency bins), and the spectral resolution expressed
in Orders.

Finally, the processed data is exported as a structured CSV file. Each row of this
file represents a single temporal window, while the columns contain the normalized

spectral amplitudes labeled by their respective Order.
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Chapter 9

Application of Neural Networks
to Turbine Condition Monitoring

Artificial Neural Networks (ANNs) have become increasingly relevant in the context
of condition monitoring and predictive maintenance for hydraulic turbines. Their
ability to model complex nonlinear relationships between input and output variables
makes them well suited for detecting anomalies, identifying early-stage faults, and
providing robust diagnostic indicators in systems where conventional linear models
are insufficient [57, 58]. In particular, ANNs are able to handle large datasets and
extract hidden patterns across multiple operating conditions, providing significant

advantages over classical signal-based methods.

9.1 State of the Art

Condition monitoring in hydropower plants traditionally lean on spectral analysis
of vibration and pressure signals. Approaches such as root mean square (RMS)
evaluation of frequency bands and alarm thresholds are widely applied [46, 59]. These
robust methods, often fail to capture subtle nonlinear interactions between operating
conditions (head, guide vane opening, discharge) and the resulting dynamic response.

In recent years, the integration of data-driven models, and in particular ANNs,
has been proposed to complement or replace classical alarm-band approaches [60, 61].
ANNSs are capable of learning complex relationships from historical datasets, thus
enabling the creation of “normal behavior models” against which deviations can be
identified. Compared to regression or interpolation methods, neural networks provide

better generalization, adaptability to different regimes, and robustness to noisy data.
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9.2 Case Study: Zhao et al. (2020)

A detailed study on the application of ANNs to hydraulic turbines was presented
by Zhao et al. [38], focusing on pump-turbines operating across an extended range
of conditions. Their work compared different modeling techniques for vibration

prediction, including:
o Multivariate Linear Regression (MLR);
o Locally Weighted Scatterplot Smoothing (LOWESS);
o Scattered Data Interpolation (SDI);

o Artificial Neural Networks (ANN), specifically a feed-forward Multi-Layer
Perceptron (MLP).

The evaluation was performed through 10-fold cross validation, using the predicted
determination coefficient (preR?) as the main performance metric. The results showed
that the ANN model achieved the highest prediction accuracy (preR? = 0.8445),
significantly outperforming LOWESS (0.8063), SDI (0.7755) and MLR (0.4180).
This confirmed the superior capacity of ANNs to capture non-linear relationships in

turbine dynamics.

9.2.1 Data Preprocessing and Training

Before training, raw monitoring data underwent preprocessing steps such as validity
checks, removal of outliers, and normalization of variables into the range [—1,1]. The
dataset, consisting of 521 valid samples, was partitioned into 80% for training, 10%
for validation (to avoid overfitting via early stopping), and 10% for testing. This
strategy ensured both accuracy and applicability of the trained model.

9.2.2 Network Configuration

The chosen architecture was a Multi-Layer Perceptron (MLP), consisting of an input
layer, a hidden layer, and an output layer. The number of neurons was optimized by
trial and error to minimize the mean squared error (MSE). For example, to predict
the overall vibration level in the turbine bearing, the best performance was obtained
with a single hidden layer of 8 neurons.

Training was performed with the Levenberg-Marquardt (LM) backpropagation
algorithm, which balances the stability of gradient descent with the accuracy of the
Gauss—Newton method. Multiple runs with different random initializations were
conducted to mitigate local minima, and the configuration with the lowest MSE was

selected.
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9.2.3 Results and Implications

The ANN-based model successfully mapped operating parameters (head, guide vane
opening, flow rate) to vibration levels across the full operating range of the turbine.
This enabled the definition of a “normal behavior model,” which represents the
expected system response under healthy conditions. This type of model would change
only in case of structural damage, making it a valuable tool for early fault detection.

Furthermore, Zhao et al. showed that vibration levels peaked at low head and
partial guide vane openings (30-40%), often exceeding recommended limits for
continuous operation. These findings suggest that alarm thresholds should be

adapted to specific operating conditions rather than applied uniformly.

9.3 Neural Networks as Virtual Sensors

Beyond predictive modeling, neural networks can be interpreted as virtual sensors.
By integrating signals from multiple sources simultaneously (e.g. pressure pulsations,
vibration indicators, head, flow rate, and guide vane angle), ANNs can detect nonlinear
combinations of variables that may indicate abnormal behavior.

This approach enhances monitoring capabilities, since abnormal operating condi-
tions often emerge not from the variation of a single parameter, but from specific
multi-variable interactions. For instance, a moderate rise in vibration might be benign
when occurring alone, but combined with specific low and guide vane conditions
it may signal the onset of a dangerous instability. Neural networks are capable of
identifying these subtle interactions and issuing early warnings, thereby acting as

intelligent synthetic sensors [60, 59].
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Chapter 10

Conclusions

The work presented in this thesis contributed to the initial design phase of an Al-
based virtual sensor for reversible pump-turbines, specifically focusing on the data
processing pipeline. With the overarching goal of improving the monitoring and
diagnosis of unsteady hydrodynamic phenomena, the study leveraged analytical
formulations and spectral analysis. By establishing a robust methodology for feature
extraction and thresholding, this work provides the essential data-driven groundwork
required for subsequent machine learning implementations, aiming to enhance turbine

reliability, efficiency, and sustainability

10.1 Summary of the Main Contributions

A first key result lies in the validation of the dataset and the development of a
general-purpose dataset processing tool. The Francis-99 benchmark dataset proved
to be an invaluable resource, enabling robust analysis of turbine dynamics under
different steady-state conditions (BEP, PL, HL). The implemented Python script
ensured flexible preprocessing and spectral analysis of signals, allowing for consistent
and reproducible results across datasets.

The analytical and experimental comparison of rotor-stator interaction (RSI)
frequencies confirmed that the methodology was able to distinguish between different
hydrodynamic regimes. At BEP, VL2 captured the fundamental RSI harmonic, while
DT5 and DT6 highlighted the second harmonic, evidencing spatial variability. At
part load, spectra revealed vortex rope phenomena at low frequencies, consistent
with the literature.

The optimization of sampling requirements further strengthened the contribution
of this work. Rather than relying on a fixed data reduction ratio, the developed
methodology adopts a physics-informed approach based on the identification of the
dominant spectral content. In particular, the maximum significant frequency is
extracted from the signal through FFT analysis, and an optimal sampling rate is
automatically determined to ensure a safe margin above the Nyquist—Shannon limit.

This procedure is complemented by an interactive validation step, allowing the

user to assess the impact of different downsampling levels and to directly compare
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the resulting spectra with the full-resolution reference. The analysis demonstrated
that, when combined with proper anti-aliasing filtering, significant data reduction
can be achieved while preserving the physically relevant spectral features.

These results highlight that future monitoring systems can adaptively optimize
acquisition rates based on the actual signal content, reducing data storage and
computational costs without compromising the reliability of the extracted information

Finally, the exploration of artificial neural networks highlighted their potential to
act as virtual sensors: adaptive tools capable of simultaneously processing multiple
heterogeneous signals and identifying abnormal conditions before they manifest into
failures. Neural networks therefore represent a step toward the implementation of

predictive maintenance and intelligent monitoring in hydropower plants.

10.2 Limitations and Challenges

Some limitations remain. The reliance on a laboratory-scale dataset does not fully
capture the complexity of industrial turbines, where scaling effects, structural reso-
nances, and environmental variability can be more pronounced. Moreover, the ANN
models used were relatively simple; more advanced architectures and larger, more
diverse datasets could provide even stronger predictive capabilities.

Some limitations remain. The reliance on a laboratory-scale dataset does not
fully capture the complexity of industrial turbines, where scaling effects, structural
resonances, and environmental variability can be more pronounced.

Furthermore, a significant constraint was the inability to validate the prepro-
cessing pipeline and the resulting models with a dataset containing real transient
operations. Although the developed computational tool is already equipped with a
specific logic for transient regimes—utilizing Z-score standardization and order-based
tracking—the current analysis was limited to steady-state conditions (BEP, PL, and
HL) provided by the Francis-99 benchmark. Consequently, the transition between
different operating points, characterized by rapidly varying loads and non-stationary
hydraulic phenomena, remains a critical area for future experimental validation.

Moreover, the ANN architectures explored in this preliminary phase were rela-
tively simple. The integration of more advanced deep learning structures, trained
on larger and more diverse datasets that include startup, shutdown, and load rejec-
tion sequences, could provide even stronger predictive capabilities and enhance the

robustness of the Virtual Sensor in real-world industrial scenarios.
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10.3 Future Developments

Based on these findings, future research should focus on:

1. Validation on full-scale hydropower units to ensure scalability of the proposed

methodology.

2. Incorporating reliable transient datasets into the training phase, encompassing
startup, shutdown, and load acceptance conditions, which are essential for

improving the robustness and reliability of the model.

3. Adoption of deep learning architectures (e.g., LSTMs, CNNs) to capture tem-

poral dependencies and spatial features more effectively.

4. Deployment in real-time monitoring frameworks, with embedded code within

turbine control systems to provide early-warning alerts.

5. Multi-sensor data fusion, combining pressure, vibration, and electrical measure-

ments for more robust and comprehensive diagnostics.

10.4 Economic Impact

From an industrial perspective, the adoption of virtual sensors and intelligent monitor-
ing systems directly aligns with the primary economic objectives of the STOR-HY
European project: the reduction of Capital Expenditures (CAPEX) and Operational
Expenditures (OPEX) for pumped storage plants.

By reducing the reliance on dense physical instrumentation, the initial costs
associated with hardware purchasing, cabling, and installation (CAPEX) can be
significantly lowered. Moreover, the implementation of predictive maintenance
strategies minimizes unexpected plant shutdowns, extends the service life of critical
components, and optimizes resource allocation, leading to a drastic reduction in
ongoing maintenance costs (OPEX).

Furthermore, the specific results obtained in this thesis—such as the demonstrated
possibility of reducing sampling rates without information loss—directly translate
into lower computational, data-transmission, and cloud-storage requirements. This
technical optimization further reduces the daily operational costs of the monitoring I'T
infrastructure, fully supporting the economic viability and scalability of the proposed

data-driven approach within the European energy framework.
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10.5 Environmental and Sustainability Implications

Hydropower is one of the most powerful renewable energy, but its sustainability
depends on the long-term safety and efficiency of turbine operation. By enabling
early detection of damaging instabilities and optimizing operation, the proposed

methodology contributes to:
e Reducing energy losses, improving the overall efficiency of electricity generation.

e Preventing catastrophic failures, which could have severe environmental and

social consequences.

e Supporting sustainable operation, by enabling turbines to operate closer to

their optimal efficiency points while avoiding damaging regimes.

Thus, the integration of virtual sensors and neural networks into hydropower
monitoring systems aligns with the broader goals of sustainable energy production

and environmental stewardship.

10.6 Final Remarks

In conclusion, this thesis has shown that combining analytical models, signal pro-
cessing, and artificial intelligence enables the development of intelligent monitoring
systems for hydraulic turbines. The methodology proved effective in identifying
rotor—stator interaction, detecting vortex rope instabilities, and optimizing data
acquisition strategies. By opening new opportunities for predictive maintenance
and cost reduction, the integration of artificial neural networks as virtual sensors
directly supports the STOR-HY project’s goal of extending component lifespans,
thereby actively promoting the United Nations’ SDG 9 (Industry, Innovation and
Infrastructure) and SDG 12 (Responsible Consumption and Production).
Furthermore, by bridging traditional hydraulic analysis with modern machine
learning approaches, this research contributes both to the academic understanding
of turbine dynamics and to the practical advancement of hydropower monitoring
technologies. With further validation on full-scale units and integration into real-
time frameworks, these data-driven virtual sensors will become a cornerstone of
future pumped storage plants. Ultimately, by ensuring grid reliability and economic
efficiency, this methodology enables a more flexible integration of renewable sources,
driving forward SDG 7 (Affordable and Clean Energy) and SDG 13 (Climate Action)

in the global energy sector.
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Appendix A

Python Code for Data Analysis

The following Python script was developed to process the NTNU dataset, perform
the Fast Fourier Transform (FFT), and compare the results with the analytical

rotor—stator interaction frequency.

Listing A.1: Full Python script for dataset analysis.

import pandas as pd

import matplotlib.pyplot as plt
import numpy as np

from scipy.signal import decimate

from scipy. fft import fft , fftfreq

i| from sklearn.preprocessing import StandardScaler

import math

import os

def prepare_ml dataset(df, target_col, fs_original, fs_target,

window_sec, fn, overlap=0.5, regime=’stationary’):

# 1. SAMPLING OPTIMIZATION (Downsampling with Anti—aliasing)

decimation_factor = int(fs_original / fs_target)

if decimation_ factor < 1: decimation_ factor = 1

y_resampled = decimate(df[target col].values, decimation_ factor)
new_fs = fs_original / decimation_ factor

# 2. OPTIMIZED SAMPLING WINDOWS
samples_per_window = int(window_sec * new_fs)

step = int (samples_per_window * (1 — overlap))
if len(y_resampled) < samples_per_window:
raise ValueError('Dataset too short for the selected window

size.")

fft__dataset_raw = []
fft__dataset__processed = |[]

# 8. SLIDING WINDOW LOOP
for i in range(0, len(y_resampled) — samples_per_window, step):
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def

window__data = y_resampled[i : i + samples_per__window|

# Local detrending (subtracting mean)

window__data = window_data — np.mean(window_ data)

# 4. SPECTRAL TRANSFORMATION (FFT)

yf = fft (window_data)

amplitudes = 2.0/samples_per_ window = np.abs(yf[:
samples_ per__window //2])

fft _dataset_raw.append(amplitudes.copy())

# —— REGIMF-BASED PREPROCESSING (Inside the window loop) ——
if regime =— ’stationary ’:
# Peak Scaling (0—1) for stable, sharp peaks
max_amp = np.max(amplitudes)
if max_amp > O0:
amplitudes_scaled = amplitudes / max amp
else:
amplitudes_scaled = amplitudes

fft_dataset__processed.append(amplitudes_scaled)
elif regime = ’transient ’:

fft_dataset__processed.append(amplitudes)

fft__array_raw = np.array (f{ft_dataset_raw)
fft__matrix__processed = np.array (fft__dataset_processed)
# —— REGIMFE-BASED PREPROCESSING (Matriz level) —

if regime =— ’stationary ’:

# Matriz is already mormalized 0—1 window by window
fft__final = fft_matrix_processed
elif regime = ’transient ’:
# Apply Z—score standardization across the whole dataset (
column—wise)
scaler = StandardScaler ()
fft_final = scaler.fit_transform ({ft_matrix_processed)

# 6. FREQUENCY TO ORDERS CONVERSION
xf = fftfreq (samples_per_window, 1/new_fs) [:samples_per_window //2]
safe _fn = fn if fn > 0 else 1.0

x_orders = xf / safe_fn
return fft_final , x_orders, fft_array_raw

plot__ai_comparison(x_orders, original_ fft_ matrix,
normalized_ fft__matrix , col_name, regime):

Plots the comparison between raw FFT amplitudes and fully
normalized FFT for Al.

nonon

fig, (axl, ax2) = plt.subplots(2, 1, figsize=(12, 10))
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82 mean_raw = np.mean(original_fft__matrix, axis=0)

83 mean_norm = np.mean(normalized_fft_matrix, axis=0)

84

85 axl.plot (x_orders, mean_raw, color=’blue’)

86 axl.set_title (f’Mean Raw FFT Spectrum — {col name}’)

87 axl.set__ylabel (’Absolute Amplitude’)

88 axl.set_xlabel (’Orders (Multiples of Rotational Frequency)’)
89 axl.grid (True)

91 ax2.plot (x_orders, mean_norm, color=’orange’)

92 if regime = ’stationary ’:
93 ax2.set_title(f’Peak Scaling (0—1) Standardizationfor
Stationary Regime — {col name}’)

94 ax2.set_ylabel(’Normalized Intensity (0 — 1))

95 else:

96 ax2.set_title (f’Z—Score Standardization for Transient Regime —
{col_name}’)

97 ax2.set_ylabel(’Standardized Intensity (Z—Score)’)

98
99 ax2.set__xlabel (’Orders (Multiples of Rotational Frequency)’)
100 ax2.grid (True)

101

102 plt.tight_layout ()

103 plt.show ()

104

05| def save_optimized_xlsx(df, time_col, target_fs, original_ fs, file_ path
E

106 q = int(original_fs / target_fs)

107 if q <= 1:

108 print ("\n[Optimization] Target frequency is too high. No
reduction needed.")

109 return

110 print (f"\n[Optimization] Reducing frequency from {original fs:.1f}
Hz to {original_fs/q:.1f}Hz")

111 optimized data = {}

112 optimized_data[time_col] = df[time_col]. values [::q]

113 for col in df.columns:

114 if col =— time col:

115 continue

116 try:

117 optimized data[col] = decimate(df[col]. values, q)

118 except Exception as e:

119 optimized__data[col] = df[col]. values[::q]

120 min_len = min(len(v) for v in optimized_data.values())

121 opt_df = pd.DataFrame({k: v[:min_len] for k, v in optimized_data.
items () })

122 base, _ = os.path.splitext (file_path)

123 new_ filename = f"{base}_optimized_{int (original_fs/q)}Hz.xlsx"

124 try:

125 opt_df.to_excel (new_filename, index=False, engine=’openpyxl’)

126 print (f"Optimized Excel file saved: {new_ filename}")

127 print (f"Rows reduced: {len(df)} —> {len(opt_df)}")
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128 except Exception as e:

129 print(f" Error saving Excel file: {e}")
130

131 # —— MAIN EXECUTION ——

133| file__path = input(’Enter the path to the XLSX file: 7)

135 try:

136 df = pd.read_excel(file_path)

137 for col in df.columns:

138 if df[col].dtype = object:

139 df[col] = df[col].astype(str).str.replace(’,’, 7.7)
140

141 print (’Column names: ’)

142 print (list (df.columns))

143

144 fn = 1.0

145

146 try:

147 runner__blades = int (input(’Enter the number of runner blades: ’

))

148 guide__vanes = int (input(’Enter the number of guide vanes (
stator blades): 7))

149

150 print (’\nAvailable columns for rotational speed:’)

151 for i, col in enumerate(df.columns):

152 print (f’{i}: {col}’)

153 omega_col idx = int (input(’Enter the column number containing
rotational speed (omega in rad/s): 7))

154 omega_col_name = df.columns|[omega_ col_idx]

155 omega_ value = pd.to_numeric(df[omega_col_name], errors=’coerce’
) .dropna().iloc [0]

156 fn = omega_ value / (2 * np.pi)

157

158 print (f "Rotational speed (omega): {omega value:.4f} rad/s’)

159 print (f’Rotational frequency (fn): {fn:.4f} Hz’)

160

161 n_input = input(’Enter the harmonic number n (press Enter for n
=1): 7)

162 n = int(n_input) if n_input.strip() else 1

163 fp = n % runner_blades * fn

164 print (f’Analytical pressure pulsation frequency: fp = {fp:.4f}
Hz’)

165 except Exception as e:

166 print (f’Could not compute analytical frequency: {e}’)

167

168 fs = float (input(’Enter the sampling frequency (Hz): 7))

169

170 while True:

171 print (’\nAvailable columns:’)

172 for i, col in enumerate(df.columns):

173 print (f’{i}: {col}”)

174
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175 col_input = input(’\nEnter the column number to plot (or type "
exit" to quit): )

176 if col_input.lower () =— ’exit ’:

177 break

179 if col_input.isdigit ():

180 col idx = int(col input)

181 if 0 <= col_idx < len(df.columns):

182 col_name = df.columns[col_idx]

183 df[col_name] = pd.to_numeric(df[col_name]|, errors=’
coerce’)

184

185 clean_data = df[col _name].dropna()

186 time_col = df.columns[0]

187 time__data = pd.to_numeric(df[time_col], errors=’coerce’
) .dropna ()

188

189 if len(clean_data) > 0 and len(time_ data) > 1:

190 fft data = clean data

191 N = len(fft__data)

192 fft _result = np. fft.{ft (fft__data.values)

193 freqs = np. fft. fftfreq (N, 1/fs)

194

195 positive_freq__indices = freqs > 0

196 positive_freqs = freqs|[positive_ freq_indices]

197 magnitude = 2/N % np.abs(fft_result|
positive_freq_indices])

198

199 fig, (axl, ax2) = plt.subplots(2, 1, figsize=(12,
10))

200 axl.plot (time_ data, clean_ data, marker=’o0’,
linestyle="—’, markersize=2)

201 axl.set_title(f’Time Series Plot of {col name}’)

202 axl.grid (True)

203

204 ax2.plot (positive_freqs, magnitude)

205 ax2.set_title (f ’FFT Spectrum of {col name} (
Original)’)

206 ax2.grid (True)

207 plt.tight_layout ()

208 plt .show ()

209

210 peak_idx = np.argmax(magnitude)

211 peak_ freq = positive_freqs[peak_idx]

212 peak _mag = magnitude [peak_idx]

213 fmax = peak_ freq

214

215 print (f '\nFFT Analysis for {col_name}: Peak at {
fmax:.6f} Hz’)

216

217 print (f"\nRecommendation: Significant content found
at {fmax:.2f} Hz.")

218 opt_choice = input("Generate optimized Xlsx for
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this dataset? (yes/mo): ").strip().lower()
final__target = fs
if opt_choice in [’yes’, 'y’]:
suggested fs = fmax * 5
target__input = input(f'Target sampling Hz |
Default {suggested_fs:.0f}]: ").strip ()
final_target = float (target_input) if
target_input else suggested_fs
save_optimized_xlsx(df, time_col, final_target ,

fs, file_path)

suggested__percentage = min(100, int (((fmax x 5) /
fs) * 100))
print (f"\n—— Sampling Validation for Virtual

Sensor ")
print ({"Recommended Sampling: {fmaxx5:.0f} Hz (~{

suggested__percentage}%)")

while True:
perc_input = input(f’\nEnter percentage to test
(Recommended: {suggested__percentage}% or "done" to stop): ’).strip

0

if perc_input.lower () = ’done’:
break
perc = suggested_ percentage if not perc_input

else int(perc_input)

if 1 <= perc <= 100:
q = int (100 / perc)

y_opt = decimate ({ft__data.values, q)
y_alias = fft_data.values[::q]

t_opt = time_data.values [::q]

N_opt = len(y_opt)
fft_opt_filtered = np. fft.{ft (y_opt)
fft_opt_alias = np. fft. fft (y_alias)

freq_opt = np. fft. fftfreq (N_opt, 1/(fs/q))
pos_idx_opt = freq_opt > 0

mag_opt = 2/N_opt x np.abs(f{ft_opt_filtered
[pos_idx_opt])

mag__alias = 2/N_opt * np.abs(fft_opt_alias]|
pos_idx_opt])

fig , (ax_time, ax_freq) = plt.subplots(2,
1, figsize=(12, 10))

limit = 500

ax_time. plot (time_data.values [: limit],
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fft data.values [:limit], alpha=0.3, label=’Original (5kHz)’)
ax_time.plot (t_opt[:limit//q], y opt[:limit
//a]l, ’'g’, label="Optimized (Filtered)’)
ax_time.set_title ("Time Domain: Signal
Integrity (Zoomed View)")

ax__time.legend ()

ax_freq.plot(positive_freqs , magnitude,
alpha=0.2, label="Original Spectrum’)

ax_freq.plot(freq_opt[pos_idx_opt], mag opt
, 'g’, label=’Anti—alias filter’)

ax_freq.plot (freq_opt[pos_idx_opt],
mag_alias, ’r—’, alpha=0.6, label="Alias Error (No anti—alias
filter)”)

ax_ freq.set_xlim (0, fmax * 4)

ax_freq.set_title ("FFT Comparison: Anti—
aliasing Filter vs Aliasing Effect")

ax_freq.legend ()

plt.tight_layout ()

plt .show ()
ai_choice = input("\nGenerate a normalized
dataset for AI? (yes/no): ").strip().lower()
if ai_choice in [’yes’, ’y’]:
try:
# —— NEW SECTION: REGIME SELECTION

print("\nSelect the physical regime
of the turbine for this dataset:")

print("1: Stationary (Constant
speed/load —> uses Peak Scaling 0-1)")

print("2: Transient (Start—up,

shutdown, varying load —> uses Z—Score)")

regime_choice = input("Enter 1 or 2
[Default 1]: ").strip ()

regime_type = ’transient’ if
regime_ choice = ’2’ else ’stationary’

window__input = input("Enter window

size in seconds [Default 1.0]: ").strip()
window_sec = float (window_input) if

window__input else 1.0

overlap_input = input("Enter
overlap percentage (0 to 99) [Default 50]: ").strip ()

overlap_val = float (overlap_input)
/ 100.0 if overlap_input else 0.5

print (f"Processing {col name} in {

regime_ type.upper ()} regime for AI readiness...")
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ml_ready_data, x_orders_ai,
raw_ fft__matrix = prepare_ml_dataset(
df , col_name, fs, final_ target,
window_sec, fn, overlap=overlap_val, regime=regime_ type

)

print (f"\n—— AI Readiness Report
—")

print (f"Regime: {regime_type.
capitalize () }")

print (f"Matrix Shape: {
ml_ ready_data.shape} (Windows x Frequency Bins)")

print (f"Order Resolution: {
x_orders_ai[l] — x_orders_ai[0]:.4f} Orders")

plot__ai__comparison(x_orders_ai,

raw_ fft__matrix, ml_ready_data, col_name, regime_type)

save_name = f"{col_name}
_ai_dataset_{regime_type} {int(final_target)}Hz.csv"
header cols = [f"Order {order:.3f}"
for order in x_orders_ai]
pd.DataFrame (ml_ready_data, columns
=header__cols).to_csv(save_name, index=False)
print (f"AI dataset saved as: {

save_name}")

except Exception as e:

print (f"Error preparing Al dataset:

fer")

break
else:
print ("Please enter a valid percentage.")
else:
print(’Invalid column number. Try again.’)

except Exception as e:
print (f’Error: {e}’)
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